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ABSTRACT

Soil organic carbon (SOC) underpins agricultural sustainability and the terrestrial carbon cycle, yet its vertical distribution and
stabilization across soil depth remain poorly constrained at large spatial scales. Here, we present a nationwide, depth-resolved
dataset of SOC and mineral-associated organic carbon (MAOC)—the more persistent SOC fraction—from 365 dryland cropland
sites across China, sampled to 2m depth. Contrary to the classic model of exponential SOC decline, 46% of profiles exhibited
uniform or increasing SOC and MAOC with depth, highlighting a substantial role of subsoil carbon. MAOC accounted for more
than half of total SOC in most layers, but its relative contribution declined below 1 m, challenging the assumption that subsoil
carbon is inherently more stable. Clay + silt content was the strongest predictor for SOC, MAOC, and MAOC/SOC across depths,
while vegetation productivity, a proxy for carbon inputs, was positively associated with all three. The influence of clay + silt on
MAOC accumulation weakened with depth, and the positive interaction between vegetation productivity and clay + silt weak-
ened or diminished from surface soils to deeper layers. These patterns indicate a transition from joint regulation by carbon inputs
and mineral surfaces in surface soils toward an increasingly input-limited regime in deeper layers, as inferred from the depth-
dependent changes in the relative importance of vegetation productivity and fine particle content. National mapping estimated
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~19.9Pg SOC stored within the 0-2m layer in China's dryland croplands, with 75% below 0.3 m and 60% stabilized as MAOC.
These results provide a benchmark for depth-explicit SOC accounting and highlight the importance of aligning carbon inputs

with soil mineralogy to enhance whole-profile carbon stabilization and climate mitigation.

1 | Introduction

Soil organic carbon (SOC) is a cornerstone of soil health, agricul-
tural productivity, and the global terrestrial carbon cycle. However,
intensive agricultural land use has led to widespread SOC deple-
tion, contributing to atmospheric CO, accumulation and under-
mining long-term soil fertility—threatening both climate and
food security (Lal 2004; Luo et al. 2010; Sanderman et al. 2017). In
response, a range of SOC-enhancing management practices, such
as crop rotation, intercropping, residue retention, and no-tillage,
have been promoted (Garland et al. 2021; Wang et al. 2025; Weng
et al. 2017). Yet, these interventions overwhelmingly target the
topsoil (0-0.3m), leaving the subsoil largely understudied (Button
et al. 2022). Given the marked contrasts in physiochemical con-
ditions, root distributions, and microbial processes along the soil
profile, subsoil carbon dynamics cannot be reliably inferred from
topsoil behaviors (Button et al. 2022). This vertical complexity un-
derscores a critical need for high-resolution, whole-profile datasets
to inform depth-explicit carbon sequestration strategies.

Efforts to enhance SOC sequestration are more effective when they
target persistent carbon fractions with long residence times, like
mineral-associated organic carbon (MAOC; Lavallee et al. 2020).
MAOC is often the dominant SOC fraction in arable soils and con-
tributes to improved soil structure, nutrient retention, and water-
holding capacity—all essential for sustaining crop production
(Six et al. 2002). Despite its importance, the vertical distribution
of MAOC across depths remains poorly characterized. This gap
limits our understanding of subsoil carbon persistence and im-
pedes the design of management strategies aimed at whole-profile
carbon stabilization (Jobbagy and Jackson 2000; Pries et al. 2023).

Furthermore, MAOC formation and stabilization arise from a
combination of microbial processing and mineral protection,
but the relative importance of these processes changes with
depth (Lavallee et al. 2020). In surface soils, where fresh plant
inputs and nutrient availability are high, it is well recognized
that MAOC is primarily formed through microbial transforma-
tion of plant residues into necromass that becomes adsorbed
to mineral surfaces or occluded within aggregates (Cotrufo
et al. 2019; Lavallee et al. 2020). In contrast, subsoil MAOC for-
mation depends more on the downward transport of dissolved
or particulate organic matter and its subsequent stabilization by
abundant mineral sorption sites, often under conditions of low
microbial biomass and activity, limited energy availability, and
nutrient constraints (Luo et al. 2025; Sierra et al. 2024). While
these depth-dependent processes are recognized conceptually,
they remain poorly quantified in large-scale, intensively man-
aged agricultural systems. In particular, the depth-specific roles
and interactions of mineral conditions (e.g., represented by clay
+ silt content) with other environmental factors (e.g., climate
and vegetative dynamics) in controlling MAOC, as well as SOC,
remain unresolved. Whole-profile datasets offer a rare oppor-
tunity to address these gaps by quantifying SOC and MAOC

stocks across diverse soils and climates, and by disentangling
the main and interactive effects of environmental conditions
and soil mineralogy on carbon stabilization across depths.

To address these gaps, we established a comprehensive national
dataset of SOC and MAOC profiles across China’s dryland crop-
lands (excluding paddy fields, Figure 1a). Between 2022 and 2023,
we sampled soils at 365 sites spanning all nine agro-ecological
zones in China (Figure 1a), measuring SOC and MAOC in up to
seven depth layers down to 2m (0-0.1, 0.1-0.2, 0.2-0.3, 0.3-0.5,
0.5-1.0, 1.0-1.5, 1.5-2.0m). This resulted in 2234 site-depth mea-
surements (Figure 1a). The ratio of MAOC to SOC (MAOC/SOC)
was also calculated to indicate the overall stability and persistence
of the total SOC pool (Torn et al. 1997). In parallel, we compiled
site-level data on agricultural management (via farmer surveys,
Table S1), soil properties, time-series remote sensing data, and
climate attributes to identify key predictors of SOC and MAOC
variability across the region and depth (Table S2). Leveraging
this unique dataset, we also developed machine learning models
to predict and map SOC and MAOC stocks across three common
depth layers (0-0.3, 0.3-1, and 1-2m), and compared our results
with existing national and global carbon datasets. Our study pro-
vides the most spatially explicit and vertically resolved SOC and
MAOC assessment to date across dryland croplands of China (if
not globally), benchmarking national-scale whole-profile carbon
stocks and promoting whole-profile soil carbon management.

2 | Materials and Methods
2.1 | Soil Sampling and Farmer Survey

China's dryland cropping areas (excluding paddy rice fields)
cover more than 50% of the nation's total croplands and 6.7%
of the nation's land surface (Leading Group Office of the State
Council for the Third National Land Survey et al. 2023). These
regions exhibit a wide range of climatic conditions, with mean
annual temperatures (MAT) ranging from —8.4°C to 26.0°C and
mean annual precipitation (MAP) ranging from 13 to 2826 mm.
Soil sampling was conducted at 365 sites across this expansive
region, encompassing diverse climatic conditions, cropping sys-
tems, and soil types (Figure 1a). These sites were visually pre-
screened using Google Earth to ensure that they are croplands.
At the sampling sites, MAT ranged from —2.6°C to 25.2°C, while
MAP varied from 43 to 2148 mm, effectively capturing the cli-
matic variability of the region.

In 2022 and 2023, a 10X 10m quadrat at each site was estab-
lished in a field (managed by the same farmer), within which
three soil cores were randomly excavated to a depth of 2m (n=3)
using a soil core sampler with a diameter of 7cm. Soil cores
were extracted in 0.1 m depth increments. In cases where the
full 2m depth could not be reached for all three replicates, the
maximum depth achieved was recorded for each core. The soil
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FIGURE1 | Locations of sampled soil profiles and depth distributions of soil carbon variables. (a) The location of sampled soil profiles and four

example profiles. (b-d) Depth distributions of total (SOC, b) and mineral-associated organic carbon (MAOC, c), and their ratio MAOC/SOC (d) across
the sampled sites. Squares show the average in each soil depth layer, with different letters indicating significant differences among depth layers at
p<0.05. Each line connecting the dots represents one soil profile, with grey, red and green lines representing neutral changes, significant decrease,
and significant increase, respectively, identified by fitting linear and exponential regression against depth. Agro-ecological zones are shown as: HP,
Huang-Huai-Hai Plain; LP, Loess Plateau; MYP, Middle-lower Yangtze Plain; NAS, Northern arid and Semi-arid region; NCP, Northeast China

Plain; QTP, Qinghai-Tibet Plateau; SB, Sichuan Basin and surrounding regions; SC, Southern China; YGP, Yunnan-Guizhou Plateau.

cores were then grouped into seven standardized depth layers:
0-0.1, 0.1-0.2, 0.2-0.3, 0.3-0.5, 0.5-1.0, 1.0-1.5, and 1.5-2.0m.
Samples from the same depth layer within each quadrat were
thoroughly mixed and transported to the laboratory for fur-
ther analysis. At the same time, samples for measuring soil
bulk density (BD) were collected at each sampling point to a

depth of 0.3m, divided into three layers (i.e., 0-0.1, 0.1-0.2, and
0.2-0.3m), with three replicates per layer. Additionally, a repre-
sentative subset of 20% of sites (n =72) were excavated to a depth
of 2m (Figure 1) to collect samples for measuring BD for the
seven standard layers. At the middle of each depth layer, a core
ring sampler with a diameter of 5cm and a volume of 100cm?
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was used to collect the sample, and brought to the laboratory.
We estimated the BD of unsampled deep layers by constructing
a random forest (RF) model (R>=0.77, root mean square error
[RMSE] =0.12) using the measured BD data and their depths as
predictors.

A detailed farmer survey by questionnaire was also conducted
by asking the owner farmers of the sampling field to obtain in-
formation about management practices (e.g., cropping system,
yield, stubble retention, and fertilizer application). The question-
naire is presented in Table S1 with relevant statistics.

2.2 | Measurement of MAOC and Other Soil
Properties

The SOC and total nitrogen (TN) contents (gkg™) were ana-
lyzed in triplicate using an EA 3000 elemental analyzer (Euro
Vector, Italy). Specifically, air-dried, 2-mm-sieved soil samples
were first acid-treated to remove carbonates prior to SOC anal-
ysis. Hydrochloric acid (HCI) was added gradually to the soil
samples until visible effervescence ceased, and the samples
were then left to react overnight for at least 12h to ensure com-
plete carbonate removal. The acid-treated samples were subse-
quently rinsed with deionized water, dried, and sieved through
a 0.149mm mesh to meet the sample preparation requirements
for using the elemental analyzer. Soil texture was determined
using a laser particle size analyzer (LS-CWM, OMEC, China).
Prior to analysis, soil samples were fully dispersed by sequential
treatments with HCI and then hydrogen peroxide (H,0,) to re-
move carbonates and organic matter, respectively. Soil BD was
determined using the 100 cm? soil core ring samples. These sam-
ples were dried at 105°C for 48 h, weighed, and corrected for the
presence of gravel (>2mm).

MAOC was determined by size fractionation following aggre-
gate dispersion, as described in Lugato et al. (2021). Briefly, 5g
of oven-dried, 2-mm sieved soil was treated with HCI to remove
carbonates and then agitated with beads for 18h in a 5gL~! so-
dium hexametaphosphate solution. Then the dispersed samples
were rinsed with deionized water and passed through a 53um
sieve. The fraction passing through (<0.053 mm) was collected
for measuring SOC which was treated as MAOC. The collected
samples were dried at 60°C and analyzed for carbon content in
triplicate using the EA 3000 elemental analyzer (Euro Vector,
Ttaly). Because this study focused on the MAOC fraction, which
generally represents the more persistent component of SOC, we
did not separately quantify the coarse particulate organic car-
bon (>53um). Accordingly, MAOC content and its proportion
of total SOC (MAOC/SOC ratio) were used as indicators of the
relative contribution of mineral-associated carbon to the SOC
pool, rather than as direct measures of SOC stability (Torn
et al. 1997).

The vertical trends of SOC, MAOC, and MAOC/SOC within each
soil profile were investigated by fitting both linear and exponen-
tial regressions of each variable against depth. The regression
coefficients for the depth were then used to classify profiles into
three categories: significant increase, significant decrease, and
neutral (i.e., no significant change) with depth (Figure 1b-d).
A profile was classified as showing a significant increase (or

decrease) if either regression yielded a depth coefficient signifi-
cantly greater (or smaller) than 0 (p <0.05). If both regressions
produced coefficients not significantly different from 0, the pro-
file was classified as neutral. The same assessment was applied
to the average of each variable across the profiles.

2.3 | Environmental Factors

We collected a set of environmental covariates to explore poten-
tial regulators of SOC and MAOC. Table S2 details the covariates
and the relevant data sources. Briefly, at each soil profile loca-
tion, soil clay + silt content was directly measured by this study.
For each soil profile, we retrieved the percentage of four min-
eral types (vermiculite, smectite, kaolinite, and chlorite) from a
global dataset of clay-size minerals from Ito and Wagai (2017),
mean soil moisture data (i.e., 0.1-1m depth by 0.1 m intervals)
from Li et al. (2022), and soil temperature (i.e., 0-0.2m depth
by 0.05m intervals) from Wang et al. (2023). At each sampling
site, eight topographic predictors (e.g., elevation, slope, aspect)
were derived from digital elevation dataset of China (https://
data.tpdc.ac.cn/zh-hans/data/12e91073-0181-44bf-8308-
c50e5bd9a734), using the System for Automated Geoscientific
Analyses Geographic Information System (Conrad et al. 2015;
Tang 2019).

Another set of covariates derived from fine-resolution remote
sensing images was obtained, including gross primary produc-
tivity, vegetation transpiration, soil evaporation, and vapor-
ization of intercepted rainfall products across China during
2000-2020 obtained from Zhang et al. (2019). Additionally,
we leveraged Continuous Change Detection and Classification
(CCDC) algorithm on all available Landsat 5/7/8/9 Collection
2 surface reflectance data (1984-2024, an average of 1485
images per point) to characterize the temporal dynamics of
cropland (Zhu and Woodcock 2014). Normalized Difference
Vegetation Index (NDVI) along with seven original Landsat
bands were considered. For each 30-m pixel, we applied a har-
monic regression on each temporal segment determined by the
CCDC algorithm, which decomposed time series of satellite
observations into Fourier components including cosine/sine
coefficients for the annual cycle (C,, S;) and the semi-annual
cycle (C,, S,; Wilson et al. 2018). Then, we extracted a series
of vegetation-related covariates for the temporal segment
during which our field visit occurred: (1) NDVI change at the
breakpoint (NDVI_ChgMag), which represents the magnitude
of vegetation change associated with the most recent natural
or anthropogenic intervention; (2) the long-term NDVT slope
(NDVI_Trend), reflecting the overall vegetation trend; (3)
the amplitude (NDVI_Amp_Annual) of annual cycle, calcu-
lated as ,/c? + s?, representing the intensity of annual vegeta-
tion changes; (4) the amplitude (NDVI_Amp_SemiAnnual)
of semi-annual cycle, calculated as 1/C?+ 52, measuring the
intensity of semi-annual vegetation changes which is often re-
lated to double cropping cycles; (5) the mean NDVT to indicate
the baseline leaf area index intensity; (6) the goodness-of-fit of
CCDC (NDVI_RMSE), which are the residuals from harmonic
modeling (i.e., non-seasonal signals) and are often associated
with human management; (7) the general disturbance fre-
quency, i.e., the total number of breakpoints detected within
the time series (NDVI_Break_count).
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Climate variables, represented by the average climatic conditions
over the period 1970-2000, were obtained from WorldClim version
2 (Fick and Hijmans 2017; Hijmans et al. 2005). In addition, 33 cli-
mate extreme indices (CEIs) defined by the expert team on Climate
Change Detection and Indices were extracted from a set of map-
ping products (at a spatial resolution of 0.25°x0.25°) quantifying
the intensity and frequency of climate extremes such as heatwave,
cold wave, drought, and heavy precipitation (Alexander 2016).
The average CEIs were derived based on sub-daily records of tem-
perature and precipitation at more than 12,000 climate stations
across the globe during the period from 1970 to 2016 managed by
the Global Land Data Assimilation System (Mistry 2019; Rodell
et al. 2004). For all covariate layers, the values at the location of soil
profiles were extracted and used in the assessment. Depending on
the data format (e.g., grid and polygon) and spatial resolution (e.g.,
1km and 500m) of covariate layers, different soil profiles in the
same grid or polygon share the same value.

Agricultural management variables were obtained directly from
farmer questionnaires at each sampling site (Table S1), includ-
ing fertilizer application rate (kg acre™), crop yield (kg acre™),
and the proportion of crop residue returned to the field (%), each
reported by the owner farmer of the sampled field. Categorical
information, such as cropping system and tillage practice, was
used to characterize the study system rather than as predictor
variables.

2.4 | Predictor Analysis

SOC dynamics are influenced by a variety of factors such
as climate, vegetation, edaphic properties, topography, and
management practices. To capture potential complex, non-
linear interactions between these factors, we applied machine
learning-based statistical models, specifically RF, to identify
potential environmental predictors for spatial variances in SOC
and MAOC contents, as well as the fraction of MAOC in SOC
(i.e., MAOC/SOC) across the region and three depth layers. SOC
and MAOC concentrations (g C kg™1), originally measured in
seven soil layers, were aggregated into three standard depth lay-
ers (0-0.3m, 0.3-1m, 1-2m) and an integrated profile (0-2m).
For each standard layer, we fitted a mass-preserving spline
function to each soil profile using the ea_spline() function in the
ithir package in R v4.2.2 (Malone et al. 2009; R Core Team 2013).
This mass-preserving approach generates a continuous function
for the vertical distribution of the soil property throughout the
profile, enabling an unbiased estimation of the mean value for
any pre-defined depth layer (Luo et al. 2021). Table S2 lists the
78 environmental predictors considered in the analysis. These
factors are grouped into six categories: soil properties, terrain
attributes, remote sensing variables, agricultural management,
climatic variables, and climate extremes. The RF algorithm was
implemented with the train() function in the caret package,
using the ranger engine (Kuhn 2008; Wright and Ziegler 2017).
In brief, RF uses bootstrap sampling to create subsets of the
training data via random sampling with replacement, with each
subset training an individual decision tree. At each splitin a tree,
arandom subset of features is selected, and the best split is deter-
mined from this subset, introducing diversity among trees and
reducing overfitting. The model aggregates predictions from all
trees by averaging their outputs. To address multicollinearity,

we computed variance inflation factors (VIFs) to check for po-
tential collinearity using the vif() function in the ‘car’ package
(Fox and Weisberg 2019). Predictors with a VIF of > 5 were ex-
cluded from the model. This screening process reduced the set
to 37 predictors used in model training. Model performance was
evaluated using the determination coefficient (R?), which quan-
tifies the model's explanatory performance.

The relative importance of each predictor was assessed using
permutation variable importance (Breiman 2001). This ap-
proach measures the decrease in model accuracy when the
values of a predictor are randomly permuted, thereby disrupt-
ing its relationship with the target variable. Larger declines in
performance indicate greater importance. Importance scores
were averaged across permutations and normalized relative to
the top predictor (set to 100%) for cross-variable comparison. To
further interpret the models, partial dependence analysis was
used to quantify the marginal effects of individual predictors
on predicted SOC, MAOC, and MAOC/SOC values. This tech-
nique isolates the relationship between a given predictor and the
model output by varying the predictor across its observed range
while holding all others constant (at their mean). The resulting
partial dependence plots illustrate non-linear trends and thresh-
olds, offering insight into how specific variables influence soil
carbon dynamics.

A primary purpose of this study is to inform management in-
terventions for whole-profile carbon sequestration and stabili-
zation in agricultural soils. Given the critical role of plant inputs
in driving soil carbon dynamics and their responsiveness to ag-
ricultural management, we synthesized multiple remote sensing
vegetation variables (including gross primary productivity [GPP],
mean NDVI, NDVI amplitude and change magnitude) to repre-
sent plant productivity and its temporal dynamics. Specifically,
to reduce dimensionality and integrate these variables into a
single indicator, we performed a Principal Component Analysis
(PCA) using the base stats package in R v4.2.2. The first prin-
cipal component (PC1), which explained 33.29% of the total
variance (Table S3), was extracted and defined as the Vegetation
Productivity Index (VPI). VPI is a composite indicator of long-
term vegetation productivity and phenology and is interpreted
as a proxy for the potential magnitude of plant-derived carbon
inputs rather than a direct measure of soil carbon sequestration.
We further examined the individual and interactive effects of
VPI and clay + silt (c+s), which emerged as dominant controls
in the relative importance analysis. Linear mixed-effects models
(LMMs) were fitted for SOC, MAOC, and the MAOC/SOC ratio
using standardized predictors (z-scores of VPI and c+s), with
soil profile (site) included as a random effect factor. These mod-
els were implemented using the ImerTest package in R v4.2.2,
enabling inference on both depth-specific main effects and in-
teractions (Kuznetsova et al. 2017).

2.5 | National Mapping of Soil Carbon Stocks

The fitted RF models were used to predict the spatial distri-
bution of SOC and MAOC stocks across Chinese croplands at
a 1km resolution, for three depth layers: 0-0.3m, 0.3-1m, and
1-2m. Straw return was excluded from the final mapping mod-
els due to the lack of spatially explicit data and its low variable
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TABLE1 | Observed depth-specific SOC, MAOC, and the MAOC/SOC ratio across seven depth layers in Chinese croplands.
SOC (g Ckg™) MAOC (g Ckg™) MAOC/SOC (%)
Depth (mm) Mean SD Min. Max. Mean SD Min. Max. Mean SD Min. Max.
0-0.1 15.72 9.3 1.6 59.7 9.5 7.2 0.6 47.6 65.7% 23.7 7.5 98.8
0.1-0.2 14.12 7.7 0.5 47.3 8.6 6.1 0.4 44.4 65.02b 23.8 6.0 99.2
0.2-0.3 12.1° 7.8 0.3 51.2 7.7%¢ 6.4 0.2 45.3 70.0%0 24.7 5.8 97.5
0.3-0.5 10.1¢ 6.4 0.5 40.3 6.4¢%d 5.8 0.2 35.7 70.520 26.0 3.5 97.3
0.5-1.0 8.6%4 7.1 0.2 52.8 5.3de 5.3 0.2 41.0 73.82b 28,6 3.6 99.7
1.0-1.5 8.14 7.0 0.1 41.1 4.5¢ 4.9 0.2 29.5 72.220 28.9 2.5 95.2
1.5-2.0 8.3¢d 6.7 0.2 28.8 4.3¢ 5.2 0.1 23.7 60.1° 27.8 2.8 99.6

Note: Different letter superscripts (a—e) indicate significant differences among depth layers at p <0.05.
Abbreviations: MAOC, mineral-associated organic carbon; MAOC/SOC, the percentage fraction of MAOC in total SOC; SOC, soil organic carbon.

importance. Within the remote sensing (CCDC) group, only
baseline NDVI and the dominant seasonal predictor NDVI_
Amp_SemiAnnual were retained to improve computational
efficiency. Model performance was evaluated using fivefold
cross-validation, assessed by the coefficient of determination
(R?) and root mean squared error (RMSE; Figure S5). Prediction
uncertainty was estimated from the standard error of the 500
individual trees in the RF model (Figure S6).

Spatially explicit predictors were derived from multiple na-
tional datasets. Soil texture (c+s) was obtained from a harmo-
nized dataset developed for land surface modeling, based on the
1:1,000,000 scale soil map and 8595 profiles from the second
national soil survey (Shangguan et al. 2013). Fertilization rates
were sourced from a national dataset of nitrogen fertilizer use
spanning 1952-2018 (Yu et al. 2022). Grain yield per hectare was
calculated at the county level using 2023 data from Department
of Rural Social and Economic Survey of the National Bureau
of Statistics of China (2023), by dividing total grain produc-
tion by sown area. All other spatial predictors were consistent
with those described in the “Environmental Predictors” section
(Table S2).

SOC and MAOC stocks were aggregated and summarized for
China's nine major agro-ecological zones (AEZs) across the
three depth layers. These zones reflect differences in climate,
land resources, and agricultural systems, and include: Huang-
Huai-Hai Plain, Loess Plateau, Qinghai-Tibet Plateau, Middle-
lower Yangtze Plain, Sichuan Basin and surrounding regions,
Yunnan-Guizhou Plateau, Southern China, Northeast China
Plain, and Northern arid and semi-arid region. The AEZ shape-
file was obtained from the Data Center for Resources and
Environmental Sciences, Chinese Academy of Sciences (http://
www.resdc.cn/).

To evaluate the spatial accuracy of our SOC stock estimates, we
compared our predictions with three widely used global SOC
datasets: the WISE Soil Property Database, the Harmonized
World Soil Database (HWSD v1.21), and SoilGrids250m 2.0
(SoilGrids; Batjes 2016; FAO et al. 2012; Poggio et al. 2021). For
MAOC, we compared our maps with the global gridded data-
set from Georgiou et al. (2022) (Figure S7). All datasets were

resampled to a common coordinate reference system, spatial
resolution, and extent to ensure comparability.

3 | Results and Discussion
3.1 | Vertical Distributions of SOC and MAOC

On average, SOC content decreased significantly with increas-
ing soil depth (Methods), from 15.7 (range: 1.6-59.7) g C kg™!
soil in the 0-0.1 m surface layer to 8.3 (0.1-28.8) g C kg~! in the
1.5-2.0m layer (p<0.001, Figure 1b, Table 1). However, verti-
cal SOC profiles across China's dryland croplands exhibited
striking heterogeneity (Figure S1). At 46% of sites, SOC did not
decrease significantly with depth, and two sites even showed in-
creasing SOC with depth (Figure S2a). These deviations from
classical exponential decline patterns suggested that vertical
SOC dynamics in agricultural soils may be shaped by region-
specific processes such as erosion and subsoil deposition, as
well as novel agricultural management interventions like deep
full-inversion tillage which leads to carbon-rich topsoil bury-
ing and incorporation of crop residues to deep layers (Dialynas
et al. 2016; Henneron et al. 2022; Jobbagy and Jackson 2000;
Liebmann et al. 2020; Luo 2025). In the Loess Plateau—a critical
agricultural region in China with very deep soil development,
for example, subsoil SOC enrichment was especially prevalent,
challenging long-held assumptions about top-concentrated SOC
storage in croplands (Wang et al. 2015).

MAOC content displayed depth and spatial distribution patterns
similar to those of SOC (Figure 1c). On average, MAOC con-
tent decreased from 9.5 (0.6-47.6)gCkg™" at the surface to 4.3
(0.1-23.7)gCkg! in the deepest sampled layer (1.5-2.0m). Yet,
regional and vertical heterogeneity were again prominent. In
53% of sites, MAOC declined significantly with depth (especially
in the Loess Plateau), while 46% showed no apparent depth
trend, mainly in arid and semi-arid regions. A small number
of sites (1%) exhibited increasing MAOC with depth, pointing
to localized processes that favor deep stabilization. On average,
surface MAOC content in China's croplands (lumped value of
9.1gCkg™! in the top 0.2m) was lower than that in European
croplands (13.0g Ckg™') at comparable depths (Figure 2a), likely
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FIGURE 2 | Relationships of mineral-associated organic carbon (MAOC) with clay + silt content and total soil organic carbon (SOC) content. (a)

Relationship between MAOC and clay + silt content in Chinese and European croplands. Only data from the 0-0.2m layer are shown. The data for
European MAOC and soil texture are derived from the European LUCAS database (Orgiazzi et al. 2018). (b) Relationship between MAOC and SOC
content across seven soil depth layers. Linear regressions without intercepts were fitted for each depth layer. All slopes are significant at p <0.001.

Different superscript letters indicate significant differences among depth-specific slopes at p <0.05.

induced by regional contrasts in management history and envi-
ronmental conditions (Lugato et al. 2021).

MAOC consistently dominated SOC across all depths (i.e.,
MAOC/SOC > 50%), but its contribution declined with depth—
most sharply below 1 m. On average, MAOC accounted for 74%
(4%-100%) of SOC in the 0.5-1.0m layer, decreasing to 60% (3%-
100%) in the 1.5-2.0m layer (Figure 1d). Across all depth layers,
MAOC was positively associated with total SOC, without clear
signs of saturation (Figure 2b). However, the slope of the MAOC-
SOC relationship was steepest in surface soils, suggesting higher
efficiency in MAOC formation near the surface, where micro-
bial decomposition is more active and microbial necromass
production is enhanced (Sokol and Bradford 2019). Notably,
this slope reached a minimum at the 1.0-1.5m layer. This non-
monotonic pattern suggested nonlinear SOC stabilization dy-
namics across the soil profile. Across the seven individual depth
intervals, the relationship between MAOC/SOC ratio and SOC
content varied with depth but was generally weak (Figure S3).
Significant negative relationships were observed in four layers,
particularly in the 0.3-1.5m layers (Figure S3). However, SOC
explained only a small proportion of the variation in the MAOC/
SOC ratio (R?<0.04), indicating that total SOC concentration
alone is a poor predictor of the degree of mineral-associated car-
bon stabilization. These results suggest that increases in SOC do
not necessarily correspond to a greater proportion of mineral-
protected forms (Liu, Zheng, et al. 2025; Liu, Huang, et al. 2025).
The reduced MAOC dominance in deeper layers likely reflects a
decline in the processes that form and stabilize MAOC. MAOC
forms through two complementary pathways: microbial trans-
formation of organic inputs into microbial products that become

stabilized on mineral surfaces, and the direct sorption of plant-
and microbial-derived compounds, such as root exudates and
extracellular polymeric substances, onto reactive mineral sur-
faces through adsorption, cation bridging, and association with
Fe and Al (hydr)oxides (Cotrufo et al. 2019; Kleber et al. 2015).
Both pathways ultimately depend on the availability of fresh
carbon substrates, which are generally more limited in deeper
layers than near the surface. In addition, intensified environ-
mental constraints on microbial processing, like scarce access
to high-quality substrates for energy and nutrient acquisition,
as well as diminished oxygen availability, may suppress micro-
bial growth and activity, thereby limiting microbial necromass
formation—a key component of MAOC (Bernal et al. 2016;
Fontaine et al. 2007; Liang et al. 2019; Rumpel and Kogel-
Knabner 2011). Consequently, the lower relative contribution of
MAOC at depth is consistent with reduced carbon supply con-
straining MAOC formation, rather than reflecting suppressed
microbial processing alone.

3.2 | Predictors of SOC and MAOC

To disentangle the environmental and management controls
on SOC, MAOC, and MAOC/SOC, we aggregated SOC and
MAOC data into three depth layers (0-0.3, 0.3-1, and 1-2m),
and an integrated 0-2m profile (Methods). Random forest
(RF) models were employed to quantify the relative impor-
tance of a comprehensive set of predictors, categorized into
vegetation dynamics, soil properties, topography, climate,
and agricultural management (Table S2). These predictors
explained over 81% of the variance in SOC, MAOC, and the
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viations of the predictors is given in Table S2.

MAOC/SOC ratio across the three depth layers (Figure 3), un-
derscoring the strong influence of interacting environmental
and management factors on carbon dynamics in intensively
managed dryland systems.

Across all depths and carbon fractions, the c+s was the
most influential predictor (Figure 3). Partial dependence
analyses revealed positive associations between c+s and all
three carbon variables (Figure S4), consistent with the role of
fine-textured soils in promoting physical protection through
aggregation and chemical stabilization via organo-mineral in-
teractions (Georgiou et al. 2022; Kleber et al. 2015; Schweizer

et al. 2021). In addition to c + s, remote sensing-derived tempo-
ral dynamics of NDVI accounted for a substantial proportion
of the explained variance (Figure 4a—-c). Temporal variation
in NDVT captured seasonal crop phenology and productivity,
reflecting both crop-derived carbon inputs and agricultural
disturbance (Zhou et al. 2024). In particular, the semi-annual
amplitude of NDVI—characteristic of multi-cropping systems
such as winter wheat-summer maize rotations, a prevalent
system in Chinese dryland croplands—emerged as the most
influential vegetation predictor (Liu et al. 2018). Its stronger
association with MAOC and MAOC/SOC ratio suggested that
intensified cropping may enhance carbon inputs, microbial
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processing, and thus MAOC formation (Prairie et al. 2023).
Our findings are also consistent with recent evidence that di-
versifying cropping systems, such as cereal-legume intercrop-
ping, can increase and diversify belowground carbon inputs,
enhance microbial processing, and promote the formation
and persistence of mineral-associated organic carbon (Wang
et al. 2025, 2026). Although our observational design does not
allow the effects of specific cropping systems to be isolated,
these studies provide a mechanistic framework for interpret-
ing the positive relationship between vegetation productivity
and MAOC observed in this study.

Other important predictors included elevation, fertilization
rates, and crop yield, highlighting the combined influence of his-
torical crop growth patterns and landscape features (Figure 3).
Elevation, a proxy for landscape position and hydrological dy-
namics, influenced SOC through its regulation of erosion, depo-
sition, and moisture conditions (Sanderman et al. 2017; Viscarra
Rossel et al. 2019). Topographic processes could substantially
influence MAOC distribution (e.g., MAOC enrichment in dep-
ositional zones) and MAOC/SOC ratios (e.g., lower ratios on
erosional slopes) via particle-size sorting, parent material weath-
ering, and mineral protection (Doetterl et al. 2016). Fertilization
rates and crop yield positively influenced carbon variables, act-
ing as proxies for carbon inputs and nutrient availability—two

key determinants of microbial turnover and necromass stabili-
zation (Sun et al. 2020; Zhao et al. 2018).

Contrary to global patterns where climate variables were dom-
inant controls of SOC variability, individual climate predic-
tors were less pronounced in our study region (Luo et al. 2021;
Viscarra Rossel et al. 2019). This likely reflected the overriding
effects of agricultural interventions such as irrigation and fer-
tilization (which is particularly the case in China), which de-
coupled natural climate-SOC relationships in croplands (Lin
et al. 2023). Nonetheless, climate extremes exerted relatively
stronger impacts than normal climatic conditions, with icing
days being the most influential climatic predictor (Figure 3).
Icing days might restrict crop growth thereby reducing carbon
inputs, and the associated freeze-thaw cycles can also physi-
cally disrupt soil aggregates and accelerate SOC decomposition
(Lugato 2023).

Due to the leading importance of soil texture and vegetation dy-
namics, we further examined their relationships with the three
carbon variables using linear mixed-effects models (Methods).
To summarize vegetation signals, we constructed a vegetation
productivity index (VPI) using principal component analysis
of remote sensing variables (Table S3). Consistent with the RF
results, both SOC and MAOC were strongly influenced by VPI
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and c+s, but their effects varied with depth (Figure 4d-f). For
both SOC and MAOC, the positive effect of VPI intensified with
depth, indicating an increasing dependence of subsoil carbon
accumulation on fresh carbon inputs. In contrast, the effect of
c+sdiverged between carbon pools: its positive effect on MAOC
weakened with depth, whereas its effect on SOC shifted from
positive in surface soils to negative in deeper layers. These con-
trasting depth trends suggested that, although fine-textured
soils favor MAOC formation, deep soil carbon accumulation
is increasingly constrained by the supply of fresh carbon in-
puts rather than mineral capacity alone (Fontaine et al. 2007).
Consistent with this interpretation, the MAOC/SOC ratio
declined markedly with depth (Figure 1d) but remained posi-
tively associated with both VPI and c+s across the soil profile
(Figure 4f), indicating that microbial processing of plant inputs
and mineral interactions jointly promote MAOC formation.

Interactions between VPI and c+s further revealed depth-
dependent controls on carbon stabilization (Figure 4d.e). For
MAOOC, the interaction was strongly positive in surface soils but
weakened to near zero in deeper layers. In contrast, SOC showed
consistently negative interactions that intensified with depth.
Together, these patterns indicate a shift along the soil profile from
joint mineral-input regulation near the surface toward increas-
ingly input-limited carbon accumulation at depth. In surface
soils, abundant plant inputs are most efficiently stabilized where
mineral surfaces are abundant, generating strong positive interac-
tions for MAOC. In deeper layers, where mineral surfaces are less
saturated but carbon inputs are scarce, MAOC accumulation ap-
pears primarily constrained by the supply of fresh carbon inputs.
Meanwhile, the negative interaction for total SOC suggests that
fine-textured soils may dampen the positive effect of fresh carbon
inputs, potentially because enhanced microbial processing and
turnover offset part of the SOC gains from increased carbon in-
puts (Fontaine et al. 2007). Collectively, these results reveal depth-
dependent trade-offs between carbon supply and mineral capacity
in regulating SOC accumulation and stabilization.

3.3 | National Whole-Profile Carbon Stocks

We mapped 1km-resolution SOC and MAOC stocks across
three depth layers (0-0.3, 0.3-1, and 1-2m) in Chinese dry-
land croplands (Methods, Figure 5). Cross-validated models
yielded robust performance with R? values >0.62 (Figures S5
and S6). We estimated national cropland SOC stocks at 19.9 Pg
(95% confidence interval: 17.5-22.2 Pg) within the 0-2m pro-
file, corresponding to an average density of 189.79tha~!. Of
this, 75% resided below 0.3 m and 36% below 1 m (Table S4). By
depth layer, SOC stocks were 5.0 Pg (4.4-5.6 Pg), 7.7 Pg (6.8-8.6
Pg), and 7.2 Pg (6.3-8.1 Pg), with corresponding densities
of 47.7, 73.7, and 68.4tha~! (Table S4). Among the nine agro-
ecological regions, the Qinghai-Tibet Plateau exhibited the
highest SOC density in the 0-2m profile (294.7 tha™!), followed
by the Yunnan-Guizhou Plateau (226.9tha=!) and the Loess
Plateau (224.8tha~!, Table S5). These areas should be priori-
tized for SOC conservation in the study region. In contrast, the
Huang-Huai-Hai Plain—the most intensively cultivated region
in China—showed the lowest profile SOC density, indicating a
critical need for restoration and sequestration efforts.

Comparison with existing SOC products including SoilGrids,
WISE, HWSD (Methods) revealed systematic discrepan-
cies. Our 0-0.3m estimate (47.7tha™!) closely matched WISE
(48.7tha™'), but exceeded those of SoilGrids and HWSD
(Batjes 2016; FAO et al. 2012; Poggio et al. 2021; Table 2;
Figure 6). Notably, global products predicted higher values in
high-SOC regions (e.g., the Northeast China Plain) and lower
values in low-SOC regions (e.g., the Huang-Huai-Hai Plain).
For example, in the Northeast China Plain, SoilGrids reported
54.1tha! versus our 52.4tha~'; while in the Huang-Huai-
Hai Plain, SoilGrids reported 30.9tha=! versus our 39.4tha!
(Table S6). These discrepancies likely reflected differing data
sources, sampling period, and mapping approaches. For ex-
ample, a recent resampling study (1980 vs. 2023) showed a 0.7
Pg (7%) increase in topsoil SOC (0-0.6m) across China's dry-
land croplands (Table S7), attributed to conservation policies
such as residue retention and burning bans in the last decades
(Qin et al. 2024; Zhou et al. 2025). Still, China's topsoil SOC
remained substantially lower than that in other regions like
European croplands (>80tha~!), probably due to millennia of
intensive cultivation and the short duration of adopting conser-
vation practices in recent decades (Lugato et al. 2014).

In the subsoil (0.3-1m), our estimation of average SOC stock
(73.7tha™1) substantially exceeded estimates from other na-
tional studies (48-49tha~') and global datasets such as WISE
(43.2tha™!) and HWSD (42.8tha™!), though it aligned more
closely with SoilGrids (63.5tha™!, Table S6; Tang et al. 2018;
Zhang et al. 2025). Regional discrepancies were especially pro-
nounced. For example, in the Loess Plateau, our subsoil esti-
mate was 86.3tha~!, compared to ~40tha~! in all three global
products (Table S6). Similar divergences persisted in the 1-2m
layer, where our estimate (68.4tha™!) was lower than SoilGrids
(75.6tha!) but higher than WISE (37.3tha™'). At the regional
scale, the Northern Arid and Semi-arid Region held the larg-
est total SOC stock (5.2 Pg in 0-2m), followed by the Huang-
Huai-Hai Plain (3.7 Pg), largely reflecting its vast cropland area
(Table S5).

Estimated MAOC stocks were 3.1 Pg (1.8-4.4 Pg), 49 Pg
(2.1-7.8 Pg), and 3.9 Pg (1.0-5.0 Pg) across the three depth layers
(Table S4), comprising 62%, 64%, and 54% of total SOC, respec-
tively. This indicated that approximately 40% of SOC existed as
more labile forms (e.g., particulate organic carbon), particularly
in deeper layers. Given the higher sensitivity of particulate or-
ganic carbon to disturbance and climate change, especially
in high-stock areas like the Northeast China Plain, proactive
management is essential to mitigate potential losses (Lugato
et al. 2021). On average, MAOC densities were 29.3, 46.7, and
37.3tha~!, with ~75% residing below 0.3m. Compared to global
averages (e.g., 43.1tha™! in 0-0.3m), Chinese croplands stored
less MAOC (Georgiou et al. 2022). Regional discrepancies were
again evident. Georgiou et al. (2022) estimated 63.7tha™! in the
0.3-1m layer of the Northern Arid and Semi-arid Region, more
than our estimate of 56.6tha=! (Figure S7). Despite these dif-
ferences, regional patterns of MAOC closely mirrored those of
SOC (Figure 5). The Northern Arid and Semi-arid Region and
the Northeast China Plain harbored the highest 0-2m MAOC
stocks (3.1 and 2.8 Pg, respectively), while the Qinghai-Tibet
Plateau showed the lowest (0.1 Pg).
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FIGURE 5 | Spatial patterns of soil carbon stocks. Left (a, c, e) and right (b, d, f) panels show total soil organic carbon (SOC) and mineral-
associated organic carbon (MAOC) stocks in three depth layers, respectively. Barplots above each map show the relevant average stocks in nine agro-
ecological zones in China (HP, Huang-Huai-Hai Plain; LP, Loess Plateau; MYP, Middle-lower Yangtze Plain; NAS, Northern arid and Semi-arid
region; NCP, Northeast China Plain; QTP, Qinghai-Tibet Plateau; SB, Sichuan Basin; SC, Southern China; YGP, Yunnan-Guizhou Plateau) in order
of magnitude, with error bars representing the 95% confidence intervals (i.e., 2.5% and 97.5% quantiles).

TABLE 2 | Comparison of estimated national stocks of soil organic carbon (SOC) in Chinese dryland croplands in the present study, SoilGrids,
WISE, and HWSD (Batjes 2016; FAO et al. 2012; Poggio et al. 2021).

Present study SoilGrids WISE HWSD
SOC SOC SOC SOC SOC SOC SOC SOC
density stock density stock density stock density stock
Depth (m) (tha™) (Pg) (tha™) (Pg) (tha™) (Pg) (tha™) (Pg)
0-0.3 47.7 5.0 42.9 4.5 48.7 5.1 38.3 4.0
0.3-1 73.7 7.7 63.5 6.7 43.2 4.5 42.8 4.5
1-2 68.4 7.2 75.6 7.9 37.3 39 — —
0-2 189.8 19.9 182.0 19.1 129.2 13.6 — —
Vs. SoilGrids Vs. Wise Vs. HWSD
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FIGURE 6 | Comparison of soil organic carbon (SOC) stocks estimated in this study to global mapping products in Chinese dryland croplands.
Each grid cell displays the difference between SOC estimates from global databases (SoilGrids, WISE, or HWSD, Methods) and our mapping results
(Figure 5) across depth layers. Blue cells denote higher values in the reference databases relative to this study, while red cells indicate lower estimates.
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4 | Implications and Conclusion

This study provides a nationwide, observation-based assess-
ment of the vertical distribution of soil organic carbon (SOC)
and its mineral-associated fraction (MAOC) across dryland
croplands in China to 2m depth. Contrary to the commonly
assumed exponential decline of SOC with depth, nearly half
of the sampled profiles exhibited relatively uniform or even
increasing SOC and MAOC stocks with depth. These patterns
highlight the substantial but often overlooked contribution of
subsoil carbon, with approximately three quarters of total SOC
stored below 0.3 m in these systems. At the same time, the pro-
portion of SOC associated with minerals declined in deeper
layers, indicating that a considerable fraction of subsoil car-
bon occurs in less mineral-protected pools. Profiles in which
MAOC increased with depth were largely confined to the arid
and semi-arid north, whereas increasing MAOC/SOC ratios
occurred more widely, including the Qinghai-Tibet, Loess
Plateaus, and parts of the northern plains (Figure S2). Across
profiles, increasing MAOC and MAOC/SOC with depth were
positively associated with increasing clay + silt content, in-
dicating that greater mineral surface availability in subsoils
promoted organo-mineral stabilization. In regions where clay
+ silt content changed little with depth, regional difference
in mineralogy and the slower decomposition associated with
arid climates may also help enhance subsoil carbon stabiliza-
tion, although these mechanisms were not directly evaluated
here. Together, these findings suggest that depth-dependent
variation in mineral capacity, together with regional environ-
mental conditions, contributes to the observed heterogeneity
in MAOC distribution across China.

Across the soil profile, soil texture and vegetation productivity
emerged as the dominant predictors of SOC and MAOC. Fine
particle content (clay + silt) was consistently associated with
greater SOC and MAOC stocks, reflecting the well-established
role of mineral surface in promoting organo-mineral interac-
tions and microbial residue stabilization (Georgiou et al. 2022).
Soils with higher clay + silt content support greater organo-
mineral associations and offer higher potential for long-term
carbon sequestration (Georgiou et al. 2022). Vegetation produc-
tivity, captured through satellite-derived indicators, provided
an integrative proxy for carbon inputs from crop growth and
cropping intensity. Together, these results emphasize that both
the supply of organic substrates and the availability of mineral
surfaces are fundamental constraints on soil carbon accumu-
lation. Importantly, the influence of these controls varied sys-
tematically with depth. Indicators of vegetation productivity
showed increasingly strong relationships with SOC and MAOC
in deeper soils, whereas the influence of fine particle content
weakened for MAOC and shifted for total SOC. These patterns
indicate that carbon stabilization mechanisms change along the
soil profile. In surface soils, where carbon inputs are abundant,
mineral surfaces and substrate supply jointly regulate the for-
mation of mineral-associated carbon. In deeper horizons, where
mineral surfaces are relatively unsaturated but fresh inputs are
scarce, carbon accumulation appears increasingly constrained
by the availability of organic substrates. This depth-dependent
shift suggests that subsoil carbon dynamics are governed less by
mineral capacity than by the magnitude and vertical distribu-
tion of plant-derived inputs.

The spatially explicit estimates of whole-profile SOC and MAOC
stocks presented here provide a benchmark for evaluating soil
carbon storage in one of the world's largest agricultural regions.
Our results also highlight strong regional contrasts in carbon
storage, with northern dryland cropland regions containing
a large proportion of national MAOC stocks. Protecting these
high-carbon soils is therefore important for maintaining exist-
ing carbon reservoirs, particularly under warming climates and
continued agricultural intensification. Additionally, these re-
gional contrasts in carbon storage may partly reflect differences
in cropping and tillage practices. Across the sampled croplands,
maize-containing systems dominated, comprising summer
maize monoculture (36% of sites) and winter wheat-summer
maize rotation (49%), while management was primarily conven-
tional tillage (54%), with no-till and rotary tillage accounting
for 28% and 18% of sites, respectively. These systems showed re-
gional patterns: maize-based cropping with widespread conser-
vation tillage characterized the Northeast China Plain, whereas
winter wheat-summer maize rotations dominated the Huang-
Huai-Hai Plain and conventional tillage prevailed across most
other regions. Because these management practices co-vary
strongly with regional climate and soil properties, their effects
are difficult to separate from environmental controls in this
observational study and are therefore interpreted as acting in
concert with them.

However, we would also like to highlight several limitations.
Although our dataset provides extensive depth-resolved obser-
vations across China's dryland croplands, the sampling density
remains limited relative to the large spatial extent and heteroge-
neity of the study region. More extensive sampling would cer-
tainly be valuable, particularly for improving mapping accuracy
of stocks of SOC and its fractions. Moreover, complementary
measurements of particulate organic carbon, soil inorganic car-
bon, dissolved organic carbon, and reactive Fe and Al (hydr)ox-
ides would further strengthen mechanistic interpretation of the
observed vertical SOC and MAOC patterns, particularly in arid
and semi-arid regions where carbonate accumulation and min-
eralogical controls may be important. Similarly, key nutrients
such as nitrogen and phosphorus are tightly coupled with soil
carbon cycling, and their concentrations, stoichiometric balance
(e.g., C:N:P ratios), and chemical forms may regulate the forma-
tion, stabilization, and persistence of SOC and MAOC. Future
incorporation of these nutrient dimensions, together with quan-
titative, depth-resolved measurements of carbon inputs (e.g., root
biomass, root turnover, and rhizodeposition), would help refine
attribution of SOC and MAOC drivers and provide a more mech-
anistic understanding of whole-profile carbon stabilization.

Together, these findings demonstrate that soil carbon storage
and stabilization are inherently depth dependent. Carbon in-
puts primarily determine the magnitude of SOC accumulation,
while mineral surfaces regulate the extent to which this carbon
is stabilized as MAOC. Although derived from Chinese dry-
land croplands, the depth-dependent transition identified here
likely applies broadly to intensively managed agricultural soils
where subsoil carbon inputs are limited. Effective soil carbon
management and modeling efforts should explicitly consider the
vertical structure of soils and the interacting roles of organic in-
puts and mineralogical constraints. Aligning carbon inputs with
the stabilization capacity of soils across depth may represent an
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important pathway for enhancing long-term soil carbon storage
in agricultural landscapes.
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Supporting Information

Additional supporting information can be found online in the
Supporting Information section. Figure S1: Frequency distribution of
soil organic carbon. Frequency distribution curves are shown for (a)
total soil organic carbon (SOC), (b) mineral-associated organic carbon
(MAOC), and (c) the ratio of MAOC to SOC (MAOC/SOC). Different
colors represent soil depth layers. Figure S2: Vertical distribution pat-
terns of soil organic carbon in nine agro-ecological zones of China. (a)
total soil organic carbon (SOC), (b) mineral-associated organic carbon
(MAOC), (c) the ratio of MAOC to SOC (MAOC/SOC). Agro-ecological
zones are shown as: NCP, Northeast China Plain; NAS, Northern arid
and Semi-arid region; HP, Huang-Huai-Hai Plain; LP, Loess Plateau;
QTP, Qinghai-Tibet Plateau; MYP, Middle-lower Yangtze Plain; SB,
Sichuan Basin and surrounding regions; YGP, Yunnan-Guizhou
Plateau; SC, Southern China. Figure S3: Relationship between the
MAOC/SOC ratio and SOC content across seven soil depth layers. A lin-
ear regression is fitted for each depth layer, with the annotation report-
ing the slope and R? for each layer. Superscripts denote the significance
of each slope against zero (ns, not significant; *p <0.05; **p <0.01).
Figure S4: Partial dependency of total soil organic carbon (SOC, a),
mineral-associated organic carbon (MAOC, b) and MAOC/SOC ratio
(©) on soil clay +silt content. Partial dependence depicts the marginal
effect of a variable (i.e., clay + silt) on the response after controlling
other variables in the random forest model. Figure S5: Environmental
predictors and cross-validation statistics of soil carbon stocks. The
relative importance of five most important individual predictors for
depth-specific total soil organic carbon (SOC, a,c,e) stocks, and mineral-
associated organic carbon (MAOC, b,d,f) stocks derived from random
forest modeling. RMSE, root mean squared error. R?, determination co-
efficients. A description of the abbreviations of the predictors is given in
Table S2. Figure S6: Uncertainty of predicted soil carbon stocks. Left
(a,c,e) and right (b,d,f) panels show uncertainty of soil organic carbon
(SOC) and mineral-associated organic carbon (MAOC) stocks in three
depth layers, respectively. The uncertainty is estimated as the standard
error (SE) of the predictions of 500 trees in the random forest model.
NCP, Northeast China Plain; NAS, Northern arid and Semi-arid region;
HP, Huang-Huai-Hai Plain; LP, Loess Plateau; QTP, Qinghai-Tibet
Plateau; MYP, Middle-lower Yangtze Plain; SB, Sichuan Basin and sur-
rounding regions; YGP, Yunnan-Guizhou Plateau; SC, Southern China.
Figure S7: Comparison of mineral-associated organic carbon (MAOC)
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stocks estimated in this study to global mapping products in Chinese
croplands. Each grid cell displays the difference between MAOC esti-
mates from global gridded data of Georgiou et al. (2022) and our map-
ping results (Figure 5) across depth layers. Blue cells denote higher
values in the reference databases relative to this study, while red cells
indicate lower estimates. Table S1: Statistics of farmer survey ques-
tionnaires by asking the owner farmers of the sampling field to obtain
information about management practices. Table S2: Environmental
variables and secondary datasets used in this study. The first 78 entries
list the environmental variables screened in the predictor analyses;
the final eight entries list additional secondary datasets used as map-
ping inputs or for external comparisons. The definition of climate ex-
tremes is adopted from Mistry (2019) and recommended by the World
Meteorological Organization. TX, daily maximum near-surface air tem-
perature; TN, daily minimum near-surface air temperature; PR, daily
near-surface total precipitation; SPI, standardized precipitation index.
* denotes variables used in the modeling after controlling collinear-
ity. Repository DOIs are provided where an exact data record is avail-
able; otherwise, the source publication or official data portal is listed.
Table S3: Loadings of principal component analysis (PCA) of remote
sensing vegetation variables used to derive the vegetation productiv-
ity index (VPI). Table S4: National stocks of SOC and MAOC in both
tons per hectare (tha™') and gigaton (Pg) at depths of 0-0.3, 0.3-1 and
1-2m, respectively, in Chinese dryland croplands. The stock at a depth
of 0-2m is calculated as the sum of three soil layers. The total quantities
and confidence limits (upper and lower limit of 95% confidence inter-
vals) for SOC and MAOC stocks are calculated by summing the pixel
values of the corresponding mappings (Figure 5). The uncertainty of
SOC and MAOC stocks is assessed using 100 bootstrap sampling and
modeling. Table S5: Estimated national stocks of SOC and MAOC in
both tons per hectare (tha™') and gigaton (Pg) at depths of 0-0.3, 0.3-1
and 1-2m, respectively, across nine agro-ecological zones in Chinese
croplands. Table S6: Comparison of national SOC density across nine
agro-ecological zones in Chinese croplands of present study, SoilGrids,
WISE and HWSD (Batjes 2016; FAO et al. 2012; Poggio et al. 2021).
Table S7: Cropland soil organic carbon (SOC) stock estimates reported
by different investigators using legacy soil/inventory data.
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