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A B S T R A C T

Agricultural soils play a crucial role in the global carbon cycle, and the assessment of their carbon sequestration 
potential is essential for achieving carbon neutrality targets. While studies on the spatial distribution of carbon 
sequestration potential are emerging, limited research has focused on the linkage between carbon potential and 
human activities. This study focuses on assessing the carbon sequestration potential in a cropland of Jiangsu 
Province, China. Based on the mineral-associated organic carbon (MAOC) concentration of 84 surface soil 
samples, a frontier line method was employed to construct the curve of maximum MAOC concentration. A 
quantile random forest (QRF) model was employed to predict the spatial distribution of MAOC concentration 
across croplands. Then for each cropland grid, the maximum MAOC stock (MAOCS), the MAOCS deficit, and the 
carbon sequestration potential were calculated based on the predicted MAOC and the frontier line curve. Results 
indicate that northern regions of the Yangtze River (regions with intensive agricultural activities) tend to exhibit 
larger carbon deficit and higher carbon sequestration potential than southern regions of the Yangtze River 
(urban-dense regions). The correlation analysis of 11 human activity indicators shows that, indicators such as 
Main Crops (Grains) Sown Area and Total Power of Agricultural Machinery are negatively correlated with 
MAOCS, but positively correlated with both the MAOCS deficit and carbon sequestration potential. On the 
contrary, indicators such as Total Consumption of Electricity of the Year have an inverse relationship. This study 
provides a theoretical basis and practical reference for regional agricultural carbon management and sustainable 
agricultural development.

1. Introduction

Soil carbon is a key component of the global carbon cycle, ac
counting for over 60% of terrestrial carbon storage and playing a vital 
role in ecosystem function and climate regulation (Lal, 2004a). It ac
cumulates through photosynthesis, microbial activity, and organic 
matter inputs, influencing energy flow and material cycling in ecosys
tems (Schlesinger and Andrews, 2000). Soil carbon sequestration po
tential refers to the soil's capacity to capture and stabilize atmospheric 
CO₂ under specific environmental and land use conditions, often 
measured by the amount and stability of soil organic carbon (SOC) 
(Batjes, 2014; Georgiou et al., 2022; Wiesmeier et al., 2014). This po
tential reflects both the soil's carbon sink capacity and its response to 
environmental and anthropogenic factors (Gregorich et al., 2009; Post 

et al., 2001; Wenzel et al., 2022). Regions with high carbon sequestra
tion potential exhibit greater carbon accumulation rates, providing 
valuable insights for soil carbon storage strategies, also indicating 
greater carbon deficit and historical losses (Amelung et al., 2020; Bossio 
et al., 2020; Nolan et al., 2021). Soil carbon and its sequestration po
tential influence not only the soil's capacity to act as a carbon sink, but 
also the trajectory of climate change and the accuracy of long-term Earth 
system model projections (Georgiou et al., 2022). Thus understanding 
soil carbon potential is crucial for mitigating climate change, main
taining soil fertility, and enhancing ecosystem resilience (Arias et al., 
2021), providing a scientific basis for optimizing land management 
and formulating climate adaptation strategies.

Agricultural ecosystems are among the most intensively human- 
managed systems globally, with agricultural land accounting for 
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approximately 38% of the Earth's terrestrial surface (Pu et al., 2024; 
Zomer et al., 2017). These systems are vital for ensuring food security 
and supporting economic development. Evaluating the carbon seques
tration potential of soils is thus critical for agriculture, as it not only 
influences soil fertility and crop productivity but also directly contrib
utes to climate change mitigation. Human activities in agricultural 
systems strongly influence SOC storage dynamics. For example, certain 
fertilizers enhance SOC content by supplying stable organic materials 
(Cotrufo, 2019). Conversely, the advancement of agricultural mecha
nization, while improving production efficiency, has also promoted 
practices such as deep tillage and frequent soil disturbance, which 
degrade soil structure and accelerate the oxidation and loss of particu
late organic carbon (POC), leading to overall SOC decline (Breure et al., 
2025). As De Rosa et al. (2024) observed, SOC content in European 
agricultural soils changed significantly between 2009 and 2018 due to 
management practices, with mechanized tillage particularly exacer
bating carbon loss in cold and humid regions. In contrast, conservation 
practices such as reduced tillage or no-till farming can help preserve soil 
aggregates and enhance the stability of SOC (Stewart et al., 2007).

Various methods have been proposed in previous studies to estimate 
carbon sequestration potential. Hassink (1997) introduced the concept 
of “protection capacity” by establishing a linear relationship between 
the proportion of fine particles and organic carbon content, using the 
slope of the regression to represent the carbon concentration at the 
theoretical protective capacity (Six et al., 2002). While many studies 
have relied on SOC to calculate carbon sequestration potential (Chen 
et al., 2019; Wenzel et al., 2022), the growing focus on mineral- 
associated organic carbon (MAOC) has led to increasing interest in 
MAOC-based estimation methods (Six et al., 2024). MAOC, bound to 
fine particles via physico-chemical interactions, exhibits high stability 
and resistance to external disturbances such as tillage and climate 
change. Compared with POC, MAOC is less susceptible to loss and can be 
preserved long-term in agricultural soils (Cotrufo, 2019; Lavallee et al., 
2020). According to Breure et al. (2025), MAOC is constrained by soil- 
climate conditions and reflects the upper limit of soil carbon storage 
according to its saturable nature. In summary, MAOC is not only a stable 
carbon pool but also a primary contributor to soil carbon accumulation 
in agricultural systems (Prairie et al., 2023), and is thus considered a key 
variable for evaluating carbon storage dynamics.

When calculating carbon sequestration potential via MAOC, the 
maximum MAOC stock (MAOCS) was used to represent the maximum 
theoretical carbon storage. The boundary line methods were commonly 
used to estimate maximum MAOCS (Feng et al., 2013; Beare et al., 2014; 
Georgiou et al., 2022). In the traditional boundary line method, the 
relationship of MOC (y-axis) was a function of clay and silt (x-axis), 
where the 95th quantile was a conservative approximation of the 
boundary line. While a limitation is that the upper boundary is deter
mined manually using quantiles, which can result in some samples 
appearing above the theoretical maximum line. To overcome the limi
tation, Viscarra Rossel et al. (2024) used the frontier line method to 
estimate maximum MAOCS in Australia. This method is mathematically 
defined as a high conditional quantile function and approximates the 
upper envelope of the response variable distribution (Chen and 
Swanson, 2013). It captures the maximum achievable level under 
given environmental conditions, rather than the average trend, thereby 
providing a more reasonable representation of the upper limit, allevi
ating the impact of extreme values (McKenzie, 2018).

Although many studies have developed different methods for 
calculating sequestration potential and the focused on the impact of 
agricultural activities on soil carbon, few have directly explored the 
spatial relations between agricultural activities and carbon sequestra
tion potential. Identifying which specific agricultural practices posi
tively or negatively influence the potential can provide valuable insights 
for planning sustainable agricultural development and soil carbon con
servation. To identify the potential correlation between agricultural 
activities and carbon sequestration potential, we selected Jiangsu 

Province as the study area because Jiangsu Province is one of China's 
major grain-producing regions. Since the 1980s, the trajectories of ur
banization and agricultural modernization have varied significantly 
across different cities within the province (Yang et al., 2021; Zhang 
et al., 2026), likely resulting in spatial heterogeneity in soil organic 
carbon content and carbon sequestration potential.

Our study aims: (1) to calculate the theoretical maximum MAOC by 
frontier line method and quantify the MAOCS deficit and the corre
sponding carbon sequestration potential, (2) to assess relationship be
tween carbon sequestration potential and agricultural human activities.

The innovation of this study is linking spatially human activity in
dicators to MAOC with quantile regression, thereby revealing how 
human activities drive carbon sequestration gaps in croplands.

2. Study area and dataset

2.1. Study area

Jiangsu Province is located in the central coastal region of China, in 
the lower reaches of the Yangtze River and Huaihe River, covering an 
area of 107,200 km2. It is an important part of the Yangtze River Delta. 
The province spans from 30◦45′ to 35◦08′ N latitude and 116◦21′ to 
121◦56′ E longitude. The plain area accounts for 86.90%, while the hilly 
area accounts for 11.54%, and mountainous area accounts for 1.56%. 
The plains of Jiangsu Province generally exhibit medium to high soil 
fertility and relatively flat terrain, which is favorable for large-scale 
mechanized agriculture. The province spans both the warm temperate 
and subtropical climate zones, with an annual average temperature 
ranging from 13 ◦C to 16 ◦C and annual rainfall between 800 and 1200 
mm. In addition, the dense river network and numerous lakes provide 
favorable irrigation conditions that support crop water requirements 
and the cultivation of diverse agricultural crops. Jiangsu Province has 
favorable agricultural production conditions and is the largest japonica 
rice production province in southern China, as well as a key area for 
high-quality soft wheat production (https://www.zgjssw.gov.cn/sheng 
qingbeilan/general/). In 2023, the total grain production of the prov
ince reached 37.977 million tons, an increase of 4.1 times over the past 
75 years. The degree of agricultural mechanization in the province has 
continued to improve, further enhancing agricultural productivity (http 
://www.jiangsu.gov.cn/art/2024/10/4/art_88960_11377384.html). 
The study area and main water systems (the Yangtze River, Taihu Lake, 
Gaoyou Lake, Hongze Lake, and Luoma Lake) are shown in Fig. 1.

2.2. Dataset

2.2.1. Soil sample data
A total of 84 surface samples (0–20 cm) were collected from cropland 

areas within the study region, including the eastern plains, western 
mountainous areas, rural areas, and suburbs. The sampling was con
ducted throughout 2023, using a stainless-steel hand auger (inner 
diameter of 5 cm). Sample locations were determined by the conditioned 
Latin hypercube sampling method (Minasny and McBratney, 2006; 
Wang et al., 2024) and for each sample we used the five-point sampling 
method (Mao et al., 2020). Soil samples were collected separately, air- 
dried and passed through a 2 mm sieve and 150 mL 5‰ sodium hex
ametaphosphate (Marriott and Wander, 2006). The bottle filled with 
soils was then shaken for 18 h at 200 rpm to ensure thorough mixing. 
Subsequently, deionized water was continuously passed through a 53 
μm sieve, ensuring the dispersion of the organic matter. All samples 
were dried at 50 ◦C and weighed, then sieved through 100 mesh (0.15 
mm) prior to the measurement of MAOC concentration (g/kg) (See 
Table 1).

Based on the MAOC concentration, MAOCS (t/ha) were calculated 
using Eq. (1): 

MAOCS = MAOC⋅BD⋅depth⋅0.1⋅(1 − frag) (1) 
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where MAOC is the MAOC concentration (g/kg), BD is the bulk density 
(g/cm3), and frag is the coarse fragment proportion. Data on bulk den
sity and coarse fragment proportion were obtained from Shi et al. 
(2025). Soil clay content and soil silt content data were also sourced 
from Shi et al. (2025). All the above datasets were resampled to a res
olution of 90 m.

2.2.2. Environmental covariate data
In our study, the quantile random forest (QRF) method was used to 

predict the MAOC concentration in cropland grids. The original covar
iate set includes Digital Elevation Model (DEM), Topographic Wetness 
Index (TWI), slope, mean annual temperature (MAT), mean annual 
precipitation (MAP), mean annual evaporation (MAE), summer 
normalized difference vegetation index (NDVI), winter NDVI, soil sand 
content (sand), soil silt content (silt), soil clay content (clay), total ni
trogen (TN), total potassium (TK), total phosphorus (TP), pH, cation 
exchange capacity (CEC), and soil organic carbon concentration (SOC). 
The DEM data were obtained from the Advanced Spaceborne Thermal 
Emission and Reflection Radiometer Global Digital Elevation Model 
(ASTER GDEM) with a resolution of 30 m. TWI and slope were calcu
lated from the DEM data using ArcGIS, with a resolution of 30 m. 
Climate data, including mean annual temperature, precipitation, and 
evaporation (all at a 1 km resolution), were obtained from the National 
Tibetan Plateau / Third Pole Environment Data Center (Peng, 2022, 
2020, 2019). NDVI data were retrieved from Sentinel-2 via Google Earth 
Engine and resampled to 90 m. The remaining soil property datasets 
were obtained from Shi et al. (2025), with a resolution of 90 m. DEM, 
TWI, slope and climate data were resampled to 90 m to ensure consis
tency in resolution. The resampling and data extraction of the grid layers 
were performed using the terra package in R.

2.2.3. Human activity data
Human activity data were obtained from the 2023 Statistical 

Yearbooks published by various cities in Jiangsu Province, which report 
statistics for the entire year of 2022. The used human activity indicators 
include Total Sown Area (1000 ha), Main Crops (Grains) Sown Area 
(1000 ha), Grain Production (10,000 t), Grain Yield per Unit Area (kg/ 
ha), Consumption of Chemical Fertilizer (t), Total Power of Agricultural 
Machinery (10,000 kW), Total Consumption of Electricity of the Year 
(100 million kW⋅h), Total Consumption of Industrial Electricity of the 
Year (100 million kW⋅h), Employed Persons in the Primary Industry 
(10,000 persons), Employed Persons in the Secondary Industry (10,000 
persons), and Employed Persons in the Tertiary Industry (10,000 per
sons),which were used to analyze the impact of human activities on the 
carbon sequestration potential of cropland.

2.2.4. Soil order, land use and administrative unit
Soil order classification data were acquired from the National Earth 

System Science Data Center (https://www.geodata.cn). According to 
the Second National Soil Survey of China (Office for the Second National 
Soil Survey of China, 1993), there are eight major soil orders in the study 
area: Luvisols, Saline Soils, Semi-luvisols, Dark Semi-hydromorphic 
Soils, Skeletol Primitive Soils, Ferralisols, Anthrosols, and Urban 
Lands. Other soil orders with small coverage are recorded as “Others” 
(Fig. 2a). As shown in the figure, in the northern and eastern regions of 
Jiangsu Province, Dark Semi-hydromorphic Soils are widely distributed, 
while in the central-western and southern regions, Anthrosols are more 
common. Saline Soils are distributed along the coastal areas in the 
eastern and northeastern parts. Luvisols are found in the northern and 
southwestern mountainous areas (elevation shown in Fig. 1), and are 
also distributed around Hongze Lake and Taihu Lake. Semi-Luvisols are 
found in the northwestern region, but cover a smaller area.

Land use data were obtained from Yang and Huang (2023) and were 
used to identify grids classified as cropland within the study region, with 
an original spatial resolution of 30 m, resampled to a resolution of 90 m. 
In terms of land use types (Fig. 2b), Jiangsu Province, as a typical 
agricultural province in China, has a widespread distribution of crop
land, particularly in the northern and central regions where it dominates 
the landscape. In contrast, in the southern part of the province, espe
cially along the Yangtze River, urban areas are dense and occupy a larger 
area (such as Changzhou City, Wuxi City, Suzhou City, Kunshan City, 
etc.), where Impervious land use is more common. Forest areas are 
located in the southwestern and central-western mountainous regions, 

Fig. 1. Study area and the spatial distribution of samples.

Table 1 
Statistical description of MAOC concentration (g/kg) based on the samples.

Minimum Maximum Mean Standard Deviation

Value 0.101 18.987 8.835 3.674
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but cover a smaller area.
Jiangsu Province contains 13 prefecture-level cities, which include 

19 counties, 21 county-level cities and 55 districts in prefecture-level 
city in total. In this study, districts in prefecture-level cities were 
merged and referred to by the name of the corresponding prefecture- 
level city (e.g., Nanjing City), while counties (e.g., Suining County) 
and county-level cities (e.g., Jiangyin City) were treated as independent 
analysis units, resulting in a total of 53 administrative units (Fig. 2b).

3. Methodology

3.1. The overall framework of this study

Samples' MAOC concentration data was used to construct the 
maximum MAOC concentration curve by frontier line method, and 
predict all cropland grids' MAOC concentration with QRF. For each 
cropland grid, the MAOCS, the maximum MAOCS, the MAOCS deficit 
and the carbon sequestration potential were then calculated. The 
resulting grid data were subsequently classified by soil order and 
administrative units within Jiangsu Province to examine spatial distri
bution patterns and the relationships between carbon sequestration 
potential and human activities.

3.2. Construction of the maximum MAOC concentration frontier line

In this study, to ensure that the measured MAOC concentration re
mains below the theoretical maximum values, we used the frontier line 
method to represent the maximum achievable MAOC as proposed by 
Viscarra Rossel et al. (2024). Model was set up with 100 bootstrap trials, 
using concave fitting and 95% confidence interval, allowing the curve to 
envelop the entire set of samples and thus alleviating the issue of sample 
values appearing above the fitted line (Fig. 3). For all samples, a frontier 
line representing the maximum MAOC concentration was constructed 
using their observed MAOC concentration and corresponding clay + silt 
content. As the clay + silt content increases, the maximum MAOC 
gradually levels off. This aligns with the theory proposed by Hassink and 
Whitmore (1997), which suggests that as soil carbon nears its total ca
pacity, the rate of further accumulation diminishes. The frontier line was 
constructed using the snfa package in R, based on the smooth non- 
parametric analysis method proposed by McKenzie (2018) with 100 
bootstrap attempts (method = “mc”).

3.3. Prediction of cropland's MAOC for the study area based on machine 
learning

Random Forest (RF) is one of the most widely used machine learning 
(ML) algorithms in digital soil mapping (DSM) due to its ability to 
effectively capture nonlinear relationships, handle high-dimensional 
and multi-source data, and reduce the risk of overfitting through its 
ensemble learning framework (Bogaert et al., 2023; Khaledian and 
Miller, 2020). Conventional RF primarily provides estimates of the 
conditional mean response and does not directly quantify prediction 
uncertainty. To address this, Quantile Regression Forest (QRF), an 
extension of RF, enables the estimation of conditional quantiles and 
prediction intervals, thereby providing a practical framework for un
certainty quantification by retaining the full distribution of observations 
within terminal nodes (Nikou et al., 2022; Vaysse and Lagacherie, 
2017). In this study, a QRF model was adopted to predict conditional 
mean MAOC concentration for cropland grids that derived based on land 
use. When predicting MAOC, Georgiou et al. (2022) used covariates 
including MAP, MAT, SOC, clay + silt, primary mineral type and land 
cover type, while Viscarra Rossel et al. (2024) incorporated multiple 
covariates spanning four domains: climate, vegetation, terrain, and 

Fig. 2. Distribution of soil orders (a), administrative units and land use types (b) in Jiangsu Province.

Fig. 3. The relationship between clay + silt content and maximum MAOC 
concentration represented by the frontier line (Georgiou et al., 2022; Viscarra 
Rossel et al., 2024). MAOCi is the observed MAOC concentration of sample i; 
MAOCmax,i is the maximum MAOC concentration of sample i, calculated by the 
frontier line.
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mineralogy. In our study, the Recursive Feature Elimination (RFE) 
approach combined with cross-validation was employed to select an 
optimal combination of covariates with the caret package in R (Kuhn, 
2008, 2007) from the original covariate set mentioned in Section 2.2.2.

A ten-fold cross-validation was performed using the existing samples, 
and the trained model was then used to predict MAOC concentration 
across all cropland grids. Grids missing any environmental covariate 
data are excluded and will not be calculated. In the model, the number of 
trees was set as 500, node size was 5, mtry was sqrt(p) where p is the 
number of covariates. We used R2, root mean squared error (RMSE) and 
mean error (ME) to evaluate QRF model accuracy (mean value of ten- 
fold cross-validation). Eq. (2), (3) and (4) show how R2, RMSE and 
ME are calculated in each fold. 

R2 = 1 −

∑n

i=1

(
ypre,i − yobs,i

)2

∑n

i=1

(
ypre,i − yobs

)2 (2) 

RMSE =
1̅
̅̅
n

√

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
∑n

i=1

(
ypre,i − yobs,i

)2
√

(3) 

ME =
1
n
∑n

i=1
ypre,i − yobs,i (4) 

where n is the total number of validation samples; ypre,i is the predicted 
value for the i-th validation sample; yobs,i is the observed value for the i- 
th validation sample; yobs is the mean of the observed values for the 
validation sample set.

In addition, we used 90% interval width to assess the uncertainty of 
the QRF model predictions. The QRF model was implemented using the 
quantregForest package in R.

3.4. Calculation of cropland's MAOCS deficit and carbon sequestration 
potential

For each cropland grid, the value of clay + silt was input into this 
frontier line to derive the corresponding maximum MAOC concentra
tion. Both the predicted MAOC concentration and the estimated 
maximum MAOC concentration were then used to calculate MAOCS and 
maximum MAOCS as mentioned by Eq. (1). Subsequently, for each 
cropland grid, the MAOCS deficit was obtained using Eq. (5): 

MAOCSdef ,i = MAOCSmax,i − MAOCSi (5) 

where MAOCSdef ,i is the MAOCS deficit of grid i; MAOCSmax,i is the 
maximum MAOCS of grid i estimated using the frontier line; and 
MAOCSi is the MAOCS value of grid i. After obtaining the MAOCS deficit 
for each cropland grid, the carbon sequestration potential of grid i 
(Carbonpot,i) is calculated using Eq. (6): 

Carbonpot,i =
MAOCSdef ,i

MAOCSmax,i
×100% (6) 

3.5. Statistical analysis based on soil order and administrative unit with 
human activity

In this study, two types of statistical analyses were conducted on 
cropland's MAOCS, maximum MAOCS, MAOCS deficit, and carbon 
sequestration potential. The first analysis involved examining these 
across different soil orders. Cropland grids were classified based on the 
spatial distribution of each soil order, which means analysis was per
formed on the grids that fell within each soil order. MAOCS, maximum 
MAOCS, MAOCS deficit, and carbon sequestration potential was visu
alized using quartile-based statistics using Eq. (7) and (8). 

Qj
k

(
Unitp

)
= Quantilek

({
Valuej

i

⃒
⃒gi ∈ Unitp

})
, k ∈ {0.25,0.5, 0.75} (7) 

Dj
p =

{
x
⃒
⃒
⃒x ∈

[
Qj

0.25
(
Unitp

)
,Qj

0.75
(
Unitp

) ]}
(8) 

Where Unitp is the soil order p; Qj
k

(
Unitp

)
is the k-th quantile for the 

calculated content j (including MAOCS, maximum MAOCS, MAOCS 
deficit, and carbon sequestration potential) in the soil order p; gi is i-th 
grid located in soil order p; Valuej

i is the i-th grid's value for content j; Dj
p 

is the distribution of content j of soil order p.
The second analysis investigated the correlation between human 

activities and MAOCS, maximum MAOCS, MAOCS deficit, and carbon 
sequestration potential across different administrative units. After 
classified grids with MAOCS, maximum MAOCS, MAOCS deficit, and 
carbon sequestration potential into each administrative unit (the same 
as calculated for each soil order using Eq. (7) and (8), where Unitp is 
administrative unit p here) respectively, correlations between the 
human activity indicators and the median values of MAOCS, maximum 
MAOCS, MAOCS deficit, and carbon sequestration potential (Qj

0.5) were 
calculated, and regression lines were fitted accordingly using Eq. (9). 

yq
p,j = βq

p,j⋅Q
j
0.5
(
Unitp

)
+ αq

p,j (9) 

where yq
p,j is the regression line between the human activity indicator q 

and the calculated content j of the administrative unit p; βq
p,j and αq

p,j are 
the regression coefficient in the corresponding regression line.

4. Results

4.1. Fitted frontier line based on observed samples

The frontier line derived from the observed samples is shown in 
Fig. 4. During the construction of the frontier line, non-parametric 
bootstrap resampling for 100 times were conducted on the existing 
sample set to estimate the 95% confidence interval, which is also 
displayed.

4.2. Predicted MAOC concentration and uncertainty of Jiangsu cropland

With the caret package, finally selected covariates included two 

Fig. 4. The frontier line based on observed samples and the 95% confidence 
interval. Blue dots represent the soil samples, the purple line represents the 
fitted frontier line, and the purple shaded area represents the 95% confidence 
interval. (For interpretation of the references to colour in this figure legend, the 
reader is referred to the web version of this article.)

W. Cui et al.                                                                                                                                                                                                                                     Catena 272 (2026) 110383 

5 



topographic covariates (DEM, TWI), three climatic covariates (MAT, 
MAP, MAE), two vegetation covariates (summer NDVI, winter NDVI) 
and four soil property covariates (sand, silt, TN, SOC), 11 in total. The 
QRF model was trained with the selected environmental covariates 
using the MAOC concentration of 84 samples as training data. The 
model's average accuracy based on a ten-fold cross validation was shown 
in Table 2.

Applying this model, MAOC concentration for all cropland grids 
were predicted, and the results are shown in Fig. 5(a). The prediction 
uncertainty results are shown in Fig. 5(b), where higher values indicate 
that the corresponding area may have sparse data or weak relationships 
between environmental covariates and the target variable, implying 
higher uncertainty.

In Fig. 5(a), the MAOC concentration in the northern part of Jiangsu 
Province is relatively low, while the central region has higher values, 
with higher MAOC concentration around water systems compared to 
other areas. In the northern and central parts of Jiangsu Province, the 
MAOC concentration is lower near urban areas (the gray radial regions 
in the figure), while rural areas farther from cities show significantly 
higher MAOC concentration. This is particularly noticeable in the 
densely urbanized areas to the south of the Yangtze River. In Fig. 5(b), 
the uncertainty in the eastern coastal areas and areas around the Hongze 
Lake is higher. In contrast, the uncertainty is lower in the northwestern 
areas and densely urbanized areas south of the Yangtze River.

4.3. Maximum MAOCS, MAOCS deficit, and carbon sequestration 
potential of cropland grids

According to the method described in Section 3, the cropland grids' 
MAOCS (Fig. 6a), maximum MAOCS (Fig. 6b), MAOCS deficit (Fig. 6c), 
and carbon sequestration potential (Fig. 6d) were then obtained 
respectively. Non-cropland areas, including urban regions, water bodies, 
and mountainous areas, are displayed separately in these figures.

After converting the predicted MAOC concentration to MAOCS, it 
was found that the MAOCS were relatively low in the northern and 
eastern coastal regions of Jiangsu Province. In contrast, the inland areas 
in the northwest exhibited slightly higher MAOCS than those in the east. 
Notably, the urban-dense regions in the south, areas surrounding Taihu 
Lake, and the Yangtze River showed significantly higher MAOCS than 
other parts of the study area. For the maximum MAOCS, the highest 
values were observed in the western part of Jiangsu Province, particu
larly around Nanjing City and the areas surrounding Hongze Lake. 
Additionally, high maximum MAOCS values were also found in the 
northern parts of Dongtai City, Hai'an City, Rudong County, and Nan
tong City. The MAOCS deficit and carbon sequestration potential 
showed similarly high values around Nanjing City and Hongze Lake, as 
well as in the central region of Jiangsu Province and the eastern areas 
north of the Yangtze River. In Qidong City, which is surrounded by the 
Yangtze River estuary and the sea, both the MAOCS deficit and carbon 
sequestration potential were higher than those in Nantong 
City—opposite to the spatial pattern of maximum MAOCS. However, in 
the urban-dense regions south of the Yangtze River—such as Changzhou 
City, Wuxi City, and Suzhou City—both the MAOCS deficit and carbon 
sequestration potential were significantly lower.

4.4. Statistical analyses by soil orders and administrative units

After classifying the MAOCS, maximum MAOCS, MAOCS deficit, and 
carbon sequestration potential by soil orders, the statistical results were 
presented in the form of quartiles, as shown in Fig. 7. For the predicted 

MAOCS, the median values for Luvisols, Saline Soils, Skeletol Primitive 
Soils, and Dark Semi-hydromorphic Soils are relatively 
low—approximately 32.0 t/ha—with narrow interquartile ranges, 
indicating compact distributions. Semi-Luvisols also show a compact 
distribution but with a higher median compared to the aforementioned 
soil orders. Anthrosols and Urban Lands have slightly higher medians 
and somewhat wider interquartile ranges, suggesting greater variability. 
In contrast, for the maximum MAOCS, the medians of most soil orders 
fall within the range of 68–70 t/ha. Luvisols, Saline Soils, Skeletol 
Primitive Soils, and Dark Semi-hydromorphic Soils exhibit relatively 
high values, which markedly differ from their predicted MAOCS distri
butions. Among them, Skeletol Primitive Soils have the highest median, 
while Luvisols show the widest interquartile range, indicating the 
greatest variability. The distributions of MAOCS deficit and carbon 
sequestration potential are similar. Luvisols, Saline Soils, Skeletol 
Primitive Soils, and Dark Semi-hydromorphic Soils show higher median 
values, whereas Anthrosols, Urban Lands, Semi-Luvisols, and Ferralsols 
have lower distributions. The large variability in the maximum MAOCS 
for Luvisols contributes to their greater variability in MAOCS deficit as 
well.

After categorized by administrative units, quantiles were calculated 
for each category, and integrated rankings were performed based on 
different human activity indicators. The calculated coefficient of 
determination (R2), significance probability (p-value), and correlation 
coefficient (r) were shown in Fig. 8. Given the high similarity in results 
of the above statistical indicators between the MAOCS deficit and car
bon sequestration potential and the significance level of maximum 
MAOCS is poor (all 11 selected human activity indicators demonstrated 
weak linear relationships, with R2 values below 0.1, p values greater 
than 0.1, and absolute r values around 0.1), this study presented only the 
results of MAOCS and carbon sequestration potential in the Fig. 8 for 
clarity and conciseness.

For MAOCS, indicators such as Main Crops (Grains) Sown Area, 
Grain Production, Consumption of Chemical Fertilizer, and Employed 
Persons for Primary Industry showed relatively strong negative corre
lations, all with p values less than 0.01. Among them, Main Crops 
(Grains) Sown Area and Grain Production exhibited R2 values around 
0.4, indicating significant negative relationships with MAOCS. In 
contrast, Total Consumption of Electricity of the Year, Total Consump
tion of Industrial Electricity of the Year, and Employed Persons for 
Secondary Industry showed relatively strong positive correlations, with 
r values exceeding 0.5 and p values below 0.01. As for carbon seques
tration potential, indicators such as Main Crops (Grains) Sown Area and 
Grain Production showed relatively strong positive correlations. 
Conversely, Total Consumption of Electricity of the Year and Total 
Consumption of Industrial Electricity of the Year demonstrated rela
tively strong negative correlations.

In Fig. 8, each subgraph represents the quantile regression result of 
one human activity indicator with MAOCS or carbon sequestration po
tential. In each subgraph, the dashed line represents the fitted regression 
line, each gray dot represents an administrative unit's median (Q2) 
value, while the upper and lower whiskers represent the third (Q3) and 
first (Q1) quartiles, respectively.

5. Discussion

5.1. Carbon sequestration potential of different soil types

Our study found that carbon sequestration potential exhibited 
distinct distribution patterns across different soil orders, which might be 
attributed to their inherent pedogenic processes as well as varying de
grees of anthropogenic influence. The northern and eastern regions of 
Jiangsu Province are dominated by large areas of Dark Semi- 
hydromorphic Soils. These soils have formed under the combined in
fluence of intermittent water saturation, low-lying topography, partial 
clay formation from sandy parent materials, and vegetation succession, 

Table 2 
Accuracy evaluation results.

Index R2 RMSE ME

Value 0.75 2.19 0.05
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making their carbon sequestration potential closely related to local 
moisture regimes and vegetation development (Likhanova et al., 2022). 

Once water availability becomes limiting, the rate of organic carbon 
storage declines (Likhanova et al., 2022; Xu et al., 2019), resulting in a 

Fig. 5. Predicted MAOC concentration (a) and the prediction 90% interval width of quantile random forest model (b) for cropland grids.

Fig. 6. Cropland grids' MAOCS (a), maximum MAOCS (b), MAOCS deficit (c), and carbon sequestration potential (d).
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less stable carbon storage capacity than that of Anthrosols. Conse
quently, Dark Semi-hydromorphic Soils exhibit lower MAOCS, but 
higher MAOCS deficit and carbon sequestration potential.

In southern Jiangsu Province, where most major cities are located, 
Anthrosols predominate in cropland areas. Anthrosols are soils that have 
been altered due to human activities, with agricultural practices being 
the most dominant cause of their formation (Holliday, 2022). Persistent 
tillage and irrigation have altered soil physicochemical properties, such 
as pH and clay content, thereby affecting the adsorption capacity of 
minerals for organic carbon and promoting the accumulation of MAOC 
(Cotrufo, 2019). In addition, long-term fertilization has been shown to 
enhance the activity of certain microbial communities (Woolf and 
Lehmann, 2019). The metabolic by-products and microbial residues 
generated in these systems have also contributed to the accumulation of 
MAOC. Anthrosols currently exhibit relatively high MAOCS levels, 
which, in turn, results in lower MAOCS deficit and carbon sequestration 
potential. Detailed human activities in agriculture will be further dis
cussed in Section 5.2.

For Luvisols, the topsoil has undergone long-term leaching, leading 
to the loss of organic matter and nutrients through water runoff, which 
results in relatively low organic carbon accumulation (Pikuła et al., 
2025). Additionally in Jiangsu Province, Luvisols are mainly distrib
uted in mountainous areas and surrounding regions, where the topo
graphical relief further complicates the accumulation of organic carbon.

For Saline Soils, particularly those located along the coast, the high 
salinity and alkalinity negatively affect plant health, reducing the 
amount of organic carbon transferred into the soil and lowering the 
organic carbon pool content (Wong et al., 2010). Moreover, excess salt 
inhibits microbial biomass (Ghollarata and Raiesi, 2007; Wichern et al., 
2006), the mineralization of carbon and nitrogen, and soil enzyme ac
tivity (Pathak and Rao, 1998; Tripathi et al., 2007), further impacting 
the organic carbon storage in the soil (Dendooven et al., 2010). In the 
eastern and northeastern parts of Jiangsu Province, Saline Soils have 
been partially reclaimed for agricultural use. However, due to the high 

salinity and alkalinity of the soil, the MAOCS are relatively low, while 
the MAOCS deficit and carbon sequestration potential are high.

5.2. The impact of human activities to cropland's soil carbon 
sequestration potential

In agricultural ecosystems, agricultural development through activ
ities such as tillage, planting, fertilization, and irrigation directly or 
indirectly affects the input, decomposition, and storage of SOC. There
fore, the assessment of carbon sequestration potential may provide a 
useful reference for evaluating agricultural management practices and 
offer insights for policy adjustments aimed at enhancing the sustain
ability of both agriculture and soil systems. Key management practices 
such as tillage, fertilization, and crop rotation may influence MAOC 
dynamics by altering soil structure, microbial activity, and the balance 
between carbon inputs and outputs, thereby potentially influencing both 
SOC storage and carbon sequestration potential (Lal, 2004b; Ludwig 
et al., 2011; Meng et al., 2024). Previous studies have reported that 
China's cropland carbon stocks increased from the 1980s to the 2000s 
under land management practices such as the incorporation of crop 
residues and organic manure, increased application of synthetic fertil
izers with optimized nutrient combinations, and the adoption of no- 
tillage methods. However, substantial carbon sequestration potential 
still remains (Lu, 2015; Song et al., 2014; Tao et al., 2019). The Yangtze 
River region in China has a long history of agricultural development and 
other anthropogenic activities, which have intensified significantly since 
the 1950s (Cui et al., 2022; Yin et al., 2022). By the year 2000, more 
than 10,000 km2 of land had been reclaimed for agriculture over the 
previous five decades (Du et al., 2011). These human activities are 
widely considered to be closely linked with changes in local soil 
morphology. For example, some practices in land development and 
farmland reclamation have been reported to be associated with organic 
carbon loss from cropland soils at different rates, resulting in relatively 
low organic carbon content in agricultural soils (Lal, 2004b; Poeplau 

Fig. 7. The MAOCS, maximum MAOCS, MAOCS deficit, and carbon sequestration potential for each soil order category. The upper and lower whiskers represent the 
third quartile (Q3) and the first quartile (Q1), respectively, while the black dots indicate the median (Q2).
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and Don, 2015).
Both the Main Crops (Grains) Sown Area and Grain Production 

exhibit a strong negative correlation with MAOCS in our results, sug
gesting that regions with larger areas of grain crop cultivation may be 
associated with lower levels of SOC. For instance, Huaian City has the 
largest values for both Main Crops (Grains) Sown Area (318,200 ha) and 

Grain Production (2,337,500 t). At the same time, its Total Sown Area is 
392,360 ha, suggesting a high proportion of grain crops, and its MAOCS 
is lower than those of other administrative units. Correspondingly, 
administrative units with lower MAOC levels tend to exhibit higher 
carbon sequestration potential. One possible explanation is that inten
sive crop cultivation may be linked to greater depletion of soil carbon, 

Fig. 8. The distributions of MAOCS and carbon sequestration potential across different administrative units, categorized based on various human activity indicators.
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thereby creating a larger gap from the theoretical maximum carbon 
storage and, consequently, a higher theoretical carbon sequestration 
potential. However, it should be noted that a larger carbon deficit does 
not necessarily indicatea higher feasible sequestration potential, as 
actual carbon accumulation is constrained by factors such as soil prop
erties, climate conditions, and management practices. This association 
may be partly explained by several underlying mechanisms, including 
enhanced soil disturbance from frequent tillage, increased biomass 
removal during harvest, and reduced return of organic residues to the 
soil.

In addition, Total Power of Agricultural Machinery shows a moder
ate negative correlation with MAOCS, and a slightly positive correlation 
with carbon sequestration potential. As an indicator of the level of 
agricultural mechanization, the increase in Total Power of Agricultural 
Machinery promotes the development of agricultural mechanization 
and realizing agricultural modernization to some extent (Ju et al., 2016; 
Meng et al., 2024), reflecting the degree of agricultural exploitation in 
each administrative unit. Similar to Main Crops (Grains) Sown Area and 
Grain Production, higher values are associated with lower MAOCS and 
higher carbon sequestration potential. This pattern may suggest that 
regions with more intensive cultivation are associated with greater soil 
carbon loss related to crop growth and harvesting processes, thereby 
exhibiting larger carbon deficits and higher carbon sequestration po
tential. In addition, higher levels of mechanization may be associated 
with more intensive land use practices, such as deeper or more frequent 
tillage and shorter fallow periods (Ju et al., 2016; Kim et al., 2025), 
which could accelerate soil organic matter decomposition and limit 
carbon retention.

The impact of fertilization on soil carbon is complex and typically 
requires long-term observation to fully understand (Ludwig et al., 2011). 
Numerous studies have shown that the combined application of organic 
and inorganic fertilizers can contribute to SOC accumulation, whereas 
inappropriate fertilization practices may adversely affect various soil 
properties (Chen et al., 2011; Yang et al., 2015). Zhou et al. (2026) also 
found short-term co-application of nitrogen and organic amendments 
enhances MAOC. In Jiangsu Province, fertilization is dominated by 
nitrogen-based fertilizers. Consumption of Chemical Fertilizer exhibits a 
relatively negative correlation with MAOCS, which may be related to the 
high proportion of nitrogen fertilizers applied. This is broadly consistent 
with the findings of Cai and Qin (2006), who noted that although 
balanced application of nitrogen, phosphorus, and potassium fertilizers 
supports crop production, it may also be associated with reduced soil 
carbon sequestration under certain conditions. Furthermore, Pu et al. 
(2024) reported that the relationship between nitrogen fertilizer appli
cation and SOC is positively correlated over time but negatively corre
lated spatially. This may indicate that, spatially, higher levels of 
fertilization are often applied in relatively infertile areas to improve soil 
fertility. Such an interpretation is consistent with our findings, which 
show a spatially negative correlation between nitrogen-dominated 
fertilization and carbon stock, yet higher SOC levels in Anthrosols that 
have experienced long-term fertilization and cultivation.

Total Consumption of Electricity of the Year and Total Consumption 
of Industrial Electricity of the Year both exhibit a positive correlation 
with MAOCS, and a negative correlation with MAOCS deficit and carbon 
sequestration potential. Similarly, the number of Employed Persons for 
Secondary Industry shows the same trend. Since this study focuses 
specifically on cropland areas, industrial land is not within the scope of 
analysis. Therefore, it is not appropriate to directly infer a causal rela
tionship between industrial development and soil carbon dynamics. 
Instead, one possible explanation is that, during economic development 
and urbanization, the transition from primary to secondary and tertiary 
industries may be associated with constraints on regional agricultural 
expansion. This reduction in land reclamation and cultivation activities 
may be associated with lower levels of soil carbon depletion, thereby 
resulting in lower carbon sequestration potential. In Jiangsu Province, 
cities with relatively well-developed industries are primarily located in 

the southern Yangtze River region. The rapid development of industry 
began after China's Reform and Opening-up in 1978 (http://www.jia 
ngsu.gov.cn/art/2024/10/3/art_91230_11377248.html), which is rela
tively recent compared to the long-term influence of agricultural activ
ities on soil carbon. Moreover, existing literature suggests that the 
development of industrial parks and related industrial expansion can 
also be associated with the loss of surface soil organic carbon (Kim et al., 
2025). Therefore, the influence of industrial development in 
Jiangsu—such as an increase in Employed Persons for Secondary In
dustry and a decline in Employed Persons for Primary Industry—on soil 
carbon stock requires further investigation and discussion.

5.3. Implications, limitation, and future perspectives

In recent years, the estimation of carbon sequestration potential has 
shown a shift from traditional experimental stations and field trials to
ward broader regional-scale studies, including national and global as
sessments. (Georgiou et al., 2022; Lessmann et al., 2022; Qin et al., 
2013). In our study, we conducted statistical analyses at finer adminis
trative scales using 90 m resolution grids, aiming to achieve more 
detailed and precise results. Compared with traditional approaches 
based on total organic carbon (TOC) or bulk SOC measurements, this 
study focused on MAOC because it represents the mineral-associated 
and more persistent fraction of soil organic carbon. Bulk SOC contains 
substantial labile carbon pools with relatively rapid turnover, which 
may overestimate the stability of stored carbon. In contrast, MAOC is 
protected through interactions with mineral surfaces and generally ex
hibits longer residence times, making it more closely linked to long-term 
carbon stabilization and sequestration capacity (Georgiou et al., 2022; 
Kleber et al., 2021; Lavallee et al., 2020). Therefore, MAOC serves as a 
more robust indicator for evaluating the long-term potential of soil 
carbon storage.

In addition, whereas previous studies mainly emphasized the effects 
of climate, soil properties, and topographic factors on soil carbon stor
age, this study explicitly linked human activity indicators with MAOC 
deficits and carbon sequestration potential. By integrating anthropo
genic factors into the analysis, the study provided a more comprehensive 
understanding of the spatial variability in soil carbon stabilization ca
pacity and the potential influence of human activities on long-term 
carbon sequestration.

To ensure the sustainable development of agriculture, practices such 
as crop rotation, intercropping, or cover cropping can be further intro
duced, in combination with straw return and reduced soil disturbance, 
to mitigate the excessive depletion of soil carbon. In addition to 
enhancing agricultural sustainability, protecting soil carbon and 
increasing its sequestration contributes to expanding carbon sinks, 
mitigating climate change, and restoring soil biodiversity. These efforts, 
in turn, help to strengthen ecosystem resilience and support the 
achievement of global biodiversity goals.

This study estimated the carbon sequestration potential of cropland 
in Jiangsu Province based on the MAOC concentration of soil samples 
using a frontier line approach, and further integrated spatial Quantile 
Random Forest predictions to characterize its spatial distribution at the 
provincial scale. In addition, human activity indicators were incorpo
rated to explore their potential associations with spatial variability in 
carbon sequestration potential, thereby providing a more comprehen
sive framework that combines upper-bound estimation, spatial predic
tion, and anthropogenic context, quantifying carbon potential and its 
relationship with human activities.

However, since the soil sample data were limited to a single year, the 
study cannot fully capture the temporal dynamics of how human ac
tivities affect soil carbon and carbon sequestration potential. In partic
ular, the use of human activity indicators from one year may not fully 
represent long-term or interannual variations in anthropogenic in
fluences on soil carbon processes. Therefore, the relationships observed 
in this study should be interpreted as reflecting mainly short-term 

W. Cui et al.                                                                                                                                                                                                                                     Catena 272 (2026) 110383 

10 

http://www.jiangsu.gov.cn/art/2024/10/3/art_91230_11377248.html
http://www.jiangsu.gov.cn/art/2024/10/3/art_91230_11377248.html


spatial associations. In addition, human activity indicators were 
analyzed at the city or county level, which, to some extent, limits the 
spatial resolution of the analysis.

Although the number of soil samples (84 samples) was relatively 
limited for province-scale mapping, the conditioned Latin hypercube 
sampling (cLHS) strategy helped reduce sampling bias. However, 
limited sample density and randomness of cLHS may still introduce 
uncertainty when extrapolating model predictions to environmentally 
heterogeneous or sparsely represented areas (Yang et al., 2020), which 
could influence the accuracy of provincial-scale estimates of MAOC 
sequestration potential. Future study could use more samples or other 
sampling methods to further enhance representativeness (Yang et al., 
2013). In addition, although QRF is generally considered robust to 
overfitting due to its ensemble structure, it can still exhibit overfitting, 
particularly when trees are grown deeply or when the sample size is 
limited. Since the estimates of MAOCS deficit and carbon sequestration 
potential were derived from QRF predictions, uncertainties in the QRF 
model may propagate into subsequent calculations and affect the reli
ability of the estimated sequestration potential. That occurs because 
QRF prediction errors are transferred directly into derived variables 
through arithmetic operations, and such errors may be further amplified 
when multiple derived indicators are computed sequentially. In addi
tion, as carbon sequestration potential is calculated based on MAOCS 
deficit, uncertainties in the initial QRF predictions may accumulate 
through this chain of derivations, potentially influencing both the 
magnitude and spatial distribution of the final estimates (Barreñada 
et al., 2024; Fox et al., 2017; Szatmári and Pásztor, 2019; Vaysse and 
Lagacherie, 2017).

As for the frontier line, the estimated boundary may be influenced by 
measurement errors or extreme values, and this method hardly distin
guish random noise from true inefficiency, which also potentially 
biasing the results (McKenzie, 2018). In practical applications, the 
frontier line approach may perform differently under varying environ
mental and management conditions, particularly in heterogeneous 
landscapes where soil properties and management practices vary sub
stantially across space. Under such conditions, the estimated frontier 
may be sensitive to data sparsity and uneven sampling across environ
mental gradients, which may affect the robustness of the inferred 
boundary. Therefore, while the frontier line approach provides a useful 
tool for estimating potential upper limits of MAOC, its interpretation 
should consider underlying environmental variability and management 
heterogeneity, and the results should be treated with caution when 
extrapolating across regions with differing conditions.

Future research could benefit from multi-year soil samples to enable 
temporal analyses of long-term human impacts, tracking year-to-year 
changes in human activity intensity would help assess the sensitivity 
of soil carbon and sequestration potential to such changes. Future 
research could also explore the impact of different crop types on soil 
carbon sequestration potential, further providing insights for crop se
lection and management strategies. In addition, incorporating uncer
tainty quantification approaches could help further constrain these 
uncertainties. Meanwhile, the study area could be expanded to include 
forests, wetlands, and other ecosystems, incorporating natural envi
ronmental covariates for a more comprehensive analysis.

6. Conclusion

This study integrated a frontier line approach and quantile random 
forest to assess the spatial distribution of MAOCS deficit and carbon 
sequestration potential of cropland area in Jiangsu Province, explored 
the influences from human activities in soil orders and administrative 
units. The results indicate that carbon sequestration potential across 
Jiangsu is influenced by a combination of soil type, topography, climate 
conditions, and the intensity of human activities. The central-western 
regions and areas surrounding lakes exhibit higher carbon sequestra
tion potential, whereas regions with higher levels of urbanization tend 

to show lower carbon sequestration potential. This study improves the 
understanding of the spatial patterns of carbon sequestration potential 
in agricultural areas through spatially explicit analysis, and provides a 
scientific basis for developing location-specific strategies to promote 
sustainable agricultural development. In the future, optimizing tillage 
practices, promoting the substitution of chemical fertilizers with organic 
alternatives, and advancing conservation tillage could enhance soil 
organic carbon stability. These strategies will provide strong support for 
regional sustainable agricultural development and climate change 
mitigation.
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