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PUBLIC SUMMARY
■   Mean soil organic carbon (SOC) in China's black soil region declined by 16.53% over the past four decades.

■   Historically, the loss of SOC did not directly exert a strong negative impact on crop yields.

■   Under future climate scenarios, topsoil SOC may decline 22%–29% by 2100, threatening long-term food security.

■   Digital agriculture is a potential pathway to support the sustainable use of black soils in the future.
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Changes in soil  organic carbon (SOC) within the world's most fertile black
soils pose a major challenge to soil carbon-based climate change mitigation
and food security. Yet limited understanding of the spatiotemporal dynamics
of SOC across different depths in black soils and their effects on crop yields
has  constrained  sustainable  soil  management  (SSM).  Using  18,314  field
observations  from  China's  black  soil  region,  we  integrated  process-based
and machine learning approaches to reconstruct and project spatiotempo-
rally consistent SOC time series at the centennial scale. Results show that
cropland  topsoil  (0–30  cm)  SOC  concentrations  decreased  from  24.2  to
20.2 g kg−1 between 1980 and 2023, with minimal changes in deeper soils.
Under  future  climate  scenarios,  topsoil  SOC  may  decline  by  22%–29%  by
2100,  potentially  reducing  crop  yields  by  263–412  kg  ha−1, which  corre-
sponds to 5.7%–8.9% of total crop production in Northeast� China in 2023.
Promoting  SSM through digital  agriculture  could  help  mitigate  declines  in
SOC and crop yields in China, while global coordination is urgently needed
to  establish  standardized  SOC  monitoring  systems  and  safeguard  the
sustainable productivity of black soils worldwide.

 INTRODUCTION
Black  soils,  characterized  by  a  thick  (≥  25  cm),  black  surface  horizon

enriched with soil  organic carbon (SOC) (Figure 1),  play an irreplaceable role
in  sustainable  food  production  under  the  changing  climate.1–3 Black  soils
contain  moderate  to  high  SOC  concentrations  (≥  1.2%),  and  are  mainly
distributed in Eurasia, North America, and South America (Figure S1 & Texts
S1-S2).3,4 Occupying  only  ~5.6%  of  global  land,  black  soils  nevertheless
contribute  nearly  10%  to  total  SOC  sequestration  potential,  a  proportion
markedly greater than that of other mineral soils.5,6 Crucially,  these SOC-rich
black soils substantially support agricultural productivity, feeding not only 223
million  indigenous  people  but  also  supplying  a  range  of  commodities  to
global  markets,  thereby  contributing  to  global  economic  development.5

Therefore,  the sustainable management and utilization of SOC in black soils
is fundamental to food security and climate mitigation, while also supporting
the  attainment  of  multiple  United  Nations  Sustainable  Development  Goals
(SDGs), including SDG 1 (No Poverty) and SDG 2 (Zero Hunger).7,8

Of  all  countries,  China  contains  the  world's  third-largest  black  soil  area,
estimated  at  ~50  Mha  and  largely  distributed  across  Northeast  China.9,10

Black soils in China account for only about 9.40% of the nation's arable land,
yet  they  have  contributed  approximately  20%  of  national  crop  production
since 2010, exceeding 30% of total crop production in Europe and about 5%
globally  (Figure  1).  As  a  developing  nation  with  a  population  exceeding  1.4
billion,  China  relies  on  its  black  soil  region  as  the  most  important  food
basket.11,12 However,  global  economic  and  geopolitical  crises,  together  with
more frequent occurrences of extreme weather events, have placed increas-
ing pressure  on global  food production and trade.13–16 For  China,  one of  the
world's largest food importers, these challenges underscore the urgent need
to  enhance  food  self-sufficiency,  particularly  by  increasing  crop  yields
through  sustainable  management  practices  while  ensuring  soil  health  in

major  crop-producing  regions,16 such  as  the  black  soil  region.  Such  efforts
not  only  promote  the  transition  of  China's  agri-environmental  systems
toward a sustainable path, but also minimize competition with other developing
countries for imported grain, thereby making a significant contribution to the
achievement of global SDGs.17

Over the past forty years, crop productivity in China's most fertile black soil
region has increased steadily (Figure 1), with SOC serving as the cornerstone
of soil fertility that sustains these productivity gains.18–21 However, numerous
studies have examined changes in SOC in China's black soils and found that
most  of  these  soils  have  significantly  lost  SOC,  primarily  driven  by  the
conversion of natural ecosystems to cropland, unsustainable farming practices
(e.g.,  intensive  cultivation),  and  climate  change  (e.g.,  warming).22–27 Unfortu-
nately,  the  spatiotemporally  consistent  long-term  time  series  of  SOC  for
different  depths  of  black  soils  are  still  lacking,  due  to  the  scarcity  of  multi-
period sample data and model limitations (Text S4). This,  in turn, constrains
the identification of spatiotemporal patterns of SOC change in black soils, the
factors driving  these  changes,  and  the  design  of  sustainable  soil  manage-
ment  strategies.  Moreover,  previous  field  experiments  have  demonstrated
that when the SOC level falls below a critical threshold, even a minor loss of
SOC can result in a drastic decline in crop yield.21,28 Yet, at the regional scale,
the  contribution  of  long-term  SOC  dynamics  to  supporting  the  high  crop
yields  in  China's  black  soil  region  remains  unclear,  particularly  under  future
climate change uncertainty.29,30 This information is  critical  for  optimizing the
use of  China's black soils,  improving the capacity of  croplands to withstand
external  pressures,  contributing  to  food  security,  and  supporting  strategies
for climate change mitigation.

To fill  this  knowledge gap,  we collected  18,314 cropland SOC data  points
across  multiple  historical  periods  in  Northeast  China  (Figure  S1),  and  then
developed a four-dimensional (4D) (i.e., 3D space plus time) predictive model
(RothC-AutoMLst)  that  integrates  the  process-based SOC  model  and  auto-
matic machine learning to reconstruct  the spatiotemporal  dynamics of  SOC
across different soil  depth intervals from 1980 to 2023.  We investigated the
drivers of SOC dynamics in croplands of Northeast China, identified the SOC
critical  thresholds  affecting  yields  of  major  crops  in  the  region,  projected
changes in SOC and associated crop yields under future climate conditions,
and discussed their  implications  for  promoting  the  sustainable  utilization  of
black soils to ensure food security in China.

 MATERIALS AND METHODS
 SOC data and covariates

Our study focuses on croplands of Northeast China (Text S1 & Figure S1), a
~1.47 million km2 region that encompasses the black soils colloquially known
as  the  "giant  pandas  in  Chinese  farmlands".  To  quantify  spatiotemporal
changes in cropland SOC during the period 1980–2023, we collected 18,314
SOC samples across six sampling years (Text S3). The SOC concentration in
the  soil  samples  was  measured  using  the  potassium  dichromate  oxidation
method (external heating)31. A range of soil, topographic, climatic, vegetative,
and management-related covariates (Table S1) was used to represent envi-
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ronmental factors  driving  the  spatiotemporal  patterns  of  SOC.  The  environ-
mental  covariates  were  categorized  into  two  types,  that  is,  static  and
dynamic.32,33 The  static  covariates,  assumed  to  be  unchanged  over  time  in
this study,  included  soil  classes,  soil  texture,  landforms,  lithology,  topo-
graphic  properties,  and  upper  and  lower  depths  of  each  sampled  horizon
(Table  S1).  The  dynamic  covariates,  assumed  to  change  over  time,  were
those  related  to  climate,  vegetation,  land  use,  and  management  (Table  S1).
To overcome the shortcomings of space-for-time substitution (Text S4), the
SOC  simulated  by  the  process-based  RothC  model  was  also  used  as  a
dynamic covariate in machine learning modeling.34,35

 Four-dimensional dynamic modeling of SOC
Following the SCORPAN framework for digital soil mapping,36–38 we devel-

oped  an  integrated  model  (RothC-AutoMLst)  combining  the  process-based
model  (RothC),  automatic  machine  learning  (AutoML),  and  space-for-time
substitution  for  reconstructing  SOC  dynamics  across  multiple  soil  depths
during 1980–2023 (Text S4). The development of the RothC-AutoMLst model
includes four steps: SOC baseline modeling, RothC simulation, model integra-
tion,  and  accuracy  evaluation.  Details  for  each  step  are  shown  in Text  S4.
Twenty percent of the samples were held out for independent validation, and
the evaluation indicated that RothC-AutoMLst accounted for 67% of the varia-
tion in the SOC validation data, with Lin's concordance correlation coefficient
of 0.78 and mean absolute error of 7.87 g kg–1 (Figure S2). Regarding differ-
ent soil depths, the RothC-AutoMLst model explained 79% of SOC variation at
0–30 cm, 76% at 30–60 cm, and 46% at 60–100 cm (Figure S2).

Using the annual SOC grids (1980–2023) at 500 m resolution generated by

RothC-AutoMLst,  we  computed  regional  SOC  time  series  for  both  the  entire
study  area  and  individual  counties  by  averaging  the  grid  values.  This
approach allowed us to examine temporal patterns in SOC changes. To esti-
mate the rate of SOC change at the grid-cell  level,  linear regression analysis
was conducted for each grid cell, as described by the following equation:

SOC(i) = β0 (i)+β1 (i) ·Yeari+ ε (i) , (1)

where SOC(i) is  the  predicted  cropland  SOC  level  (g  kg−1)  at  grid  cell i for  a
given year; Year is the corresponding year; β0 is the intercept; ε is the resid-
ual  error; β1 is  the  regression  slope,  representing  the  rate  of  cropland  SOC
change (g kg−1 yr−1). Spatial uncertainty in the estimated change rate of SOC
was  characterized  by  the  2.5th  and  97.5th  percentiles  of  the  regression
slope's confidence interval. We applied a random forest model to quantify the
influence  of  environmental  covariates  on  topsoil  SOC  change  rates,  with
further details provided in Text S5.

 Future projection of SOC
As  a  mid- to  high-latitude  region,  Northeast  China  has  experienced

pronounced  climate  change  over  the  past  century,  with  a  mean  annual
temperature increase of 0.16°C per decade. Therefore,  to examine projected
climate-driven  changes  in  long-term  SOC  dynamics,  we  re-ran  RothC  and
further retrained the RothC-AutoMLst model based on future climate data and
projected net primary production (NPP) data. We assumed that future human
management  practices  remain  unchanged  and  that  SOC  dynamics  are
mainly  driven  by  future  climate  and  corresponding  NPP  dynamics.  Three
future dynamic  variables  (precipitation,  temperature,  and  potential  evapo-
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Figure 1.  Distribution and soil horizon properties of black soils worldwide, the proportion of crop yields in Northeast China relative to Europe and the world, and crop yields
per hectare in Northeast China The profile of black soil in (A) was excavated from Heilongjiang Province (125.38°E, 49.31°N) in Northeast China. Black soils are classified accord-
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transpiration)  from  January  2024  to  December 2100 were  obtained  from  a
publicly  available  dataset  released  by  the  Chinese  Academy  of  Sciences.39

Three  Shared  Socioeconomic  Pathway  (SSP)  scenarios  were  considered  in
this  study:  SSP1–1.9  (low  radiative  forcing),  SSP2–4.5 (intermediate  radia-
tive forcing), and SSP5–8.5 (high radiative forcing).40 The corresponding NPP
for the three SSP scenarios from 2024 to 2100 was primarily obtained using
the space-for-time AutoML (AutoMLst). Briefly, relationships between historical
NPP and climate factors (mean annual precipitation, temperature, and poten-
tial  evapotranspiration),  along  with  a  series  of  static  covariates  (mainly  soil
and terrain factors), were established using AutoMLst. Climate variables under
different scenarios were subsequently fed into the trained AutoMLst model to
project  future  NPP.  Validation  results  of  AutoMLst showed  that  the  model
explained  94%  of  the  NPP  variation.  The RMSE and MAE were
38.18  g  C  m−2 and  27.42  g  C  m−2,  respectively,  indicating  that  the  AutoMLst

model  accurately  simulated  NPP.  The  spatiotemporal  patterns  of  SOC  at
0–30,  30–60,  and  60–100  cm  depths  over  the  period  of  2024–2100 under
three climate scenarios are shown in Supplementary Videos 4–12.

 Detection of critical threshold of SOC for crop yields
Here, partial least squares path modeling (PLS-PM) was applied using the

R package plspm to assess the effects of SOC and environmental factors on
the yields of three major crops in Northeast China. Yield data for rice, maize,
and soybean were sourced from Iizumi and Sakai (2020).41 We first resampled
annual  SOC and environmental  factor  maps to  ensure  consistency  with  the
crop yield data resolution. Outliers were then removed based on the mean ±
three  standard  deviations  (SD)  criterion,  resulting  in  a  final  yield  dataset  of
14,039 observations during the period 1981–2016. This dataset was used to
construct  the  data  matrix  for  both  the  PLS-PM  analysis  and  the  threshold
regression.  To  quantify  the  independent  contribution  of  SOC  to  crop  yields,
we controlled for the effects of fertilization, mean annual temperature, aridity
index, radiation flux, and spatial position (latitude and longitude). To account
for  temporal  autocorrelation,  year  was modeled  as  a  first-order autoregres-
sive  structure.  To  detect  critical  SOC  thresholds,  we  followed  a  method
adapted  from  Berdugo  et  al.  (2022)42.  That  is,  both  linear  and  nonlinear
(generalized additive model, GAM) regressions were fitted between crop yield
and SOC while accounting for the above controlling factors. A SOC threshold
was  considered  to  exist  only  when  the  nonlinear  model  had  a  lower  Akaike
Information  Criterion  (AIC)  than  the  linear  model.43 Once  a  threshold  was
identified,  it  was  quantitatively  estimated  using  a  two-phase  segmented
regression of the form:44

η= ε +αT
2z+β1(x−e)

+
+β2x, (2)

ε

where e represents the critical SOC threshold; x represents the SOC subject to
a threshold effect, and z denotes other control variables. The hinge term (x-e)+

equals x-e when x exceeds e and otherwise equals zero. Coefficients β1 and
β2 correspond to the slopes of the two linear segments.  is the residual. The
uncertainty of the estimated threshold was quantified using a nonparametric
bootstrap procedure with 1000 resamples. In each bootstrap iteration, obser-
vations were resampled with replacement from the original  dataset,  and the
full  threshold  regression  model  was  refitted.  The  standard  error  (SE)  of  the
threshold  was  derived  from  the  standard  deviation  of  bootstrap  estimates,
providing  an  empirical  measure  of  its  sampling  variability  and  uncertainty.
Because  mean  annual  precipitation  and  temperature  were  highly  collinear,
mean  annual  precipitation  was  excluded  from  the  model  to  avoid  inflated
parameter estimation errors. The gam package in R was used to fit GAM and
the chngpt package was used to fit two-phase segmented regressions.

 RESULTS AND DISCUSSION
 Annual dynamics of SOC

The  results  of  RothC-AutoMLst showed  that  the  modeled  mean  topsoil
(0–30 cm) SOC concentration in all croplands of Northeast China decreased
significantly from 24.2 g kg−1 in 1980 to 20.2 g kg−1 in 2023, representing an
average loss rate of 0.11 (95% confidence interval [CI]: 0.10–0.13) g kg−1 yr−1

(Figure 2A). Overall, the topsoil SOC loss was severe before 2001, but tended
to slow down thereafter  (Figure 2A).  For  croplands with relatively  high initial
SOC concentration (> 75% quantile of SOC concentration in 1980),  the aver-

age topsoil SOC loss (-7.6 g kg−1) was relatively severe, with a high loss rate
of 0.17 (95% CI: 0.14–0.20) g kg−1 yr−1. In contrast, for croplands in Northeast
China  with  relatively  low  initial  SOC  concentration  (<  25%  quantile  of  SOC
concentration  in  1980),  the  SOC in  topsoil  tended  to  increase  slightly  (0.4  g
kg−1 over  43  years),  with  an  average  accumulation  rate  of  0.02  (95%  CI:
0.01–0.02) g kg−1 yr−1 (Figure 2A). These results suggested that the levels of
initial  SOC  significantly  affected  the  trend  of  topsoil  SOC  change.45 For  the
30–60  and  60–100  cm  soil  layers,  the  average  decrease  in  SOC  over  the
period of 1980–2023 was minimal (Figures 2B-C).

For croplands within Northeast China's typical black soil region (a subset of
regional  soils)  (Figure  S1),  the  modeled  average  loss  of  topsoil  SOC  was
severe (-3.6 g kg−1),  with an average loss rate of  0.12 (95% CI:  0.10–0.13) g
kg−1 yr−1 (Figure  2D).  At  depths  of  30–60  and  60–100  cm  in  the  black  soil
region  (Figures  2E-F),  the  levels  of  SOC  concentration  remained  relatively
stable  over  the  period  of  1980–2023.  It  should  be  noted  that,  compared  to
the  in-situ  monitored  SOC  concentration  from  different  field  sites,  the  SOC
predicted  by  RothC-AutoMLst showed  some  minor  numerical  discrepancies
(Figure  S3).  Yet,  their  interannual  variation  trends  were  closely  consistent,
suggesting  that  the  reconstructed  spatiotemporal  dynamics  of  SOC  are
highly reliable.

 Spatial patterns of SOC change
The spatial patterns of topsoil SOC change in croplands of Northeast China

are presented in Figure 3.  Overall,  the soils in the northern and northeastern
parts  of  the  study  area  tended  to  lose  SOC  over  the  43-year  period,  while
those  in  the  southern  parts  accumulated  SOC  (Figure  3A).  Heilongjiang
Province  presented  a  significant  decline  in  topsoil  SOC  over  that  period
(Figure 3A). For example, the average rates of SOC loss in croplands of Hulin
County and Baoqing County of Heilongjiang Province were approximately 0.6
g  kg−1 yr−1 and  0.5  g  kg−1 yr−1,  respectively  (Figure  3B).  In  Jilin  Province,  the
loss of SOC mainly occurred in the southeastern parts of the province (Figure
3A),  while  the  northwestern  parts  tended  to  accumulate  SOC.  For  example,
the SOC accumulation rate of Shuangliao County was highest in the province,
averaging  0.05  g  kg−1 yr−1 (Figure  3C).  In  addition,  most  of  the  croplands  in
Liaoning Province accumulated SOC over  the period 1980–2023,  except  for
the coastal areas (Figure 3A). Overall, the change rate of topsoil SOC in crop-
lands exhibited relatively low uncertainty (Figure S4).

From 1980 to 2023, about 21.9 Mha of cropland exhibited significant (P <
0.05) topsoil  SOC loss,  representing roughly 61% of Northeast China's crop-
land  area  (Figure  3D).  Areas  with  significant  topsoil  SOC  accumulation
reached  7.6  Mha  (~21%),  while  the  topsoil  SOC  changes  for  ~18%  of  the
croplands  were  not  significant  (Figure  3D).  Besides,  the  areas  where  SOC
declined over  the period 2000–2023 were reduced,  compared to those over
the period 1980–2000, indicating that the cropland topsoil SOC loss in most
parts  of  Northeast  China  slowed  down  during  the  recent  two  decades
(Figure S5). At 30–60 and 60–100 cm, estimated SOC changes across crop-
lands in  Northeast  China  were  slight,  whereas  uncertainties  were  substan-
tially larger than those for topsoil (Figures S4-S6).

 Driving factors of the SOC change
The variable importance analysis showed that initial SOC level in 1980 was

the  most  important  covariate  in  affecting  the  rate  of  topsoil  SOC  change,
accounting  for  the  highest  relative  importance  of  53.63%  in  explaining  the
variations  of  SOC  change  rate  (Figures  4A-B).  Soils  with  high  initial  SOC
tended  to  lose  soil  carbon  after  cultivation.  Such  a  negative  baseline  effect
has been widely observed in the SOC-rich black soils, for example, the black
soils in Ukraine,46 the United States,47 and Argentina.48 Covariates represent-
ing climate, soil properties, and management practices are also quite impor-
tant  (Figure  4),  as  they largely  govern SOC dynamics at  regional  scales.49–52

Within soil properties, soil pH showed a high relative importance, reflecting its
integrative control on SOC turnover by regulating microbial community struc-
ture,  enzyme  activity,  and  organic  matter  decomposition  rates.3 Moreover,
spatial  variations  in  pH  at  the  regional  scale  reflect  long-term  pedogenic
processes  and  anthropogenic  influences,  thereby  enhancing  its  explanatory
power for SOC change.

In addition,  the contribution of  years in cultivation to SOC loss should not
be overlooked, even though its relative importance was less than that of the
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other twelve important covariates (Figure 4A).  On average, a turning point in
topsoil  SOC  dynamics  occurred  after  23  years  of  cultivation  in  Northeast
China's croplands. (Figure 4C). Specifically, the average SOC concentration at
0–30  cm  decreased  rapidly  during  the  first  23  years  of  cultivation,  and

although  continuous  cultivation  followed,  the  rate  of  SOC  loss  gradually
slowed.  The  overall  regional-scale  trend  of  SOC  change  in  croplands  of
Northeast  China  was  consistent  with  that  identified  by  the  long-term  field
experiments on black soils. For example, changes in SOC in black soils typically
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exhibited  two  distinct  phases,  closely  associated  with  the  transition  from
natural  to  cultivated  soils.11 The  first  stage  is  characterized  by  a  rapid  SOC
decline during the first ~30 years after cultivation, mainly due to land conver-
sion from natural vegetation to crops, reduced carbon input following harvest
of above-ground biomass, and increased soil disturbance and gas exchange
from tillage. The second stage is represented by the steady decrease in loss
rate  of  SOC,  primarily  due  to  increased  organic  matter  from  crop  residue
return, fertilizer application, and adoption of conservation tillage.

 Critical threshold of SOC for maintaining crop yields
Using  major  crop  yields  and  various  environmental  factors,  PLS-PM

confirmed that climate change negatively affected crop yields, while fertiliza-
tion  and  SOC  positively  affected  yields  in  the  fertile  croplands  of  Northeast
China  (Figure  5A).  Indeed,  an  increase  in  SOC  has  been  widely  shown  to
enhance  crop  yields  by  increasing  water  and  nutrient  availability,  promoting
soil  structural  quality,  and  supporting  soil  biotic  functions,18 even  in  regions
with  relatively  high  indigenous  soil  fertility.  For  example,  previous  studies
have found that a 1-ton increase in SOC stock led to wheat yields increasing
by  27  kg  ha−1 in  the  North  American  Great  Plains53 and  40  kg  ha−1 in  the
Pampas  of  Argentina,54 both  of  which  are  major  black  soil  regions  globally,
with relatively high SOC. However, it is crucial to highlight that climate change

is  also  accelerating  SOC  depletion,  endangering  the  sustainability  of  future
crop yields (Figure 5A).

After  statistically  controlling  for  fertilization,  climate,  and  crop  types,
increasing  SOC  positively  influenced  major  crop  yields,  while  the  SOC-yield
relationship remained nonlinear (Table S2).  A tipping point exists in the SOC
concentration  where  crop  yield  declined  rapidly  with  decreasing  SOC,  but
increased  slowly  with  increasing  SOC  (Figure  5).  Such  a  tipping  point  is
recognized as a critical threshold of SOC for maintaining crop yield,21 that is,
the SOC level that may significantly constrain the crop yield once being lower
than  this  threshold.  On  average,  the  critical  threshold  of  SOC  for  the  entire
croplands of Northeast China was about 18.0 g kg−1,  with a SE of 0.6 g kg−1

(Figure 5B & Table S3). A SOC decrement of 1 g kg−1 may cause a crop yield
decline  of  ~150  kg  ha−1 when  SOC  in  the  topsoil  of  Northeast  China  falls
below this critical threshold (Figure 5B). For all croplands of Northeast China,
the  modeled  average  topsoil  SOC  concentrations  in  1980  and  2023  were
24.2  g  kg−1 and  20.2  g  kg−1,  respectively,  exceeding  the  estimated  critical
threshold (18.0 g kg−1). This implies that, although average SOC declined over
the 43-year period, SOC levels did not substantially reduce mean crop yields
in the region (Figure 5B).

Additionally,  the  estimated  SOC  thresholds  for  the  three  major  crops  in
Northeast  China  were  quite  similar,  namely  18.9  g  kg−1 (SE  =  0.2  g  kg−1)  for
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maize, 17.8 g kg−1 (SE = 0.3 g kg−1) for rice, and 18.8 g kg−1 (SE = 0.3 g kg−1) for
soybeans  (Tables  S4-S5 & Figure  S7).  However,  regional  differences  in  the
identified SOC critical thresholds among the provinces were also evident. The
average SOC critical threshold for croplands was highest in Heilongjiang and
Inner Mongolia at 22.9 g kg−1 (SE = 4.0 g kg−1), lowest in Liaoning at 6.7 g kg−1

(SE  =  0.6  g  kg−1),  and  intermediate  in  Jilin  at  10.8  g  kg−1 (SE  =  3.6  g  kg−1)
(Figures 5C-E). Overall, the average SOC threshold levels for Heilongjiang and
Inner Mongolia and Jilin were still higher than their corresponding thresholds,
but the range allowed for further loss of the SOC was quite narrow (the light-
pink  shaded  areas  in Figures  5B-E).  Although  61.01%  of  the  croplands  in
Northeast  China  had  experienced  significant  SOC  loss  over  the  past  four
decades (Figure 3D), 42.84% of these croplands still had SOC levels above the
critical  threshold  in  2023  (Figure  5G).  These  croplands  were  mainly
distributed in northern Northeast China, including much of the Sanjiang Plain
and  Jilin  Province  (Figure  5F).  Of  particular  concern  are  the  croplands  that
experienced  significant  SOC  loss  over  the  past  four  decades  and  had  SOC
levels below the critical threshold in 2023. These areas, representing 18.17%

of  the  total  area,  were  primarily  distributed  in  the  southwestern  part  of
Heilongjiang Province and the southern regions of Inner Mongolia (Figures 5F-
G). Overall,  these  findings  imply  that  containing  the  decline  of  SOC in  crop-
lands of these provinces and subareas is quite urgent.

 Climate change-induced SOC loss and its threats to food security
In  Northeast  China,  croplands  with  relatively  high  initial  SOC  levels  are

particularly susceptible to future climate change, especially under increasing
human interventions.55,56 Here, the spatiotemporal dynamics of SOC in these
soils were projected over the period 2024–2100 under SSP 1–1.9, SSP 2–4.5,
and  SSP  5–8.5.  Overall,  the  spatial  distribution  patterns  of  topsoil  SOC
changes  in  the  croplands  of  Northeast  China  under  the  three  scenarios,
assuming no changes in future human management measures, were similar
(Figure 6). Compared to the reference period (1980–2023), most croplands in
Liaoning and western Jilin were predicted to accumulate SOC, whereas crop-
lands  in  northern  and  eastern  Heilongjiang  were  expected  to  lose  SOC over
the  76-year  period,  with  losses  in  some  areas  exceeding  30%  (Figure  6).
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Generally, the topsoil SOC by 2050 is projected to be 17.0 ± 8.2 g kg−1 under
SSP 1–1.9,  17.1  ±  8.2  g  kg−1 under  SSP 2–4.5,  and  16.8  ±  8.0  g  kg−1 under
SSP 5–8.5. By 2100, the loss of topsoil SOC is predicted to be further accel-
erated  under  the  three  SSPs;  that  is,  SOC  is  predicted  to  decrease  by  22%,
26%,  and 29% under SSP 1–1.9,  SSP 2–4.5,  and SSP 5–8.5,  respectively,  in
comparison with those of 2023. Additionally,  the SOC in the deep soil  layers
(30–60 and 60–100 cm) is projected to decrease under the three scenarios,
but the differences in deep-layer SOC decrement among the three scenarios
are relatively small (Figure S8).

Overall, future climate-driven SOC losses are expected to bring SOC below
the critical threshold of 18.0 g kg−1, thereby decreasing crop yields in North-
east  China.  Specifically,  by 2100,  the  reductions  in  crop  yields  due  to  SOC
loss are projected to be 263 kg ha−1 under SSP 1–1.9, 338 kg ha−1 under SSP
2–4.5, and 412 kg ha−1 under SSP 5–8.5 (Figures 6D-F). Significantly reduced
crop yields are predicted mainly to occur in the north and east of Heilongjiang
Province  where  the  SOC  level  may  drop  below  the  critical  threshold  and
become  a  major  constraint  to  soil  fertility  (Figure  6).  Thus,  to  ensure  crop
productivity under future climate change in Northeast China, improvement of
the  SOC  levels  and  basic  soil  fertility  of  croplands  through  sustainable  soil
management  are  critically  important,  especially  for  the  croplands  of
Heilongjiang Province.

 Towards sustainable management of black soils in China for food security
Our  results,  together  with  those  of  Wang  et  al.  (2023)25 and  Meng  et  al.

(2024)26, show that cropland topsoil SOC declined markedly over the past four
decades in Northeast China (Table S6). By incorporating a substantially larger

sample size and integrating machine learning with process-based modeling
that accounts for SOC turnover, this study provides a more robust and accu-
rate assessment of SOC dynamics across multiple soil  depths. Our analysis
further  shows  that  average  topsoil  SOC  decreased  at  a  faster  rate  during
1980–2001  compared  with  2002–2023.  The  change  rates  of  topsoil  SOC
exhibited significant spatial variation due to intrinsic regional differences (e.g.,
climate and initial carbon concentration). Fortunately, nearly 40% of the crop-
lands exhibited either a significant increase or no significant change in topsoil
SOC  concentration.  Additionally,  our  results  indicate  that  SOC  decreases  in
deep soil layers (≥ 30 cm) were minimal, in contrast to the findings of Zhou et
al.  (2025)27,  which indicates relatively  high uncertainty  in  the spatiotemporal
dynamics of SOC in deep soil  layers in the black soil  region of China. In this
study,  we  compiled  soil  profile  observations  spanning  a  wide  spatial  and
temporal range, and the number of profiles used for modeling was substan-
tially  greater  than  in  previous  studies.  However,  compared  with  topsoil
samples,  soil  profile  observations  remain  relatively  limited.  This  limitation
inevitably  increases  uncertainty  in  the  spatiotemporal  changes  of  SOC  in
deep  soil  layers.  More  importantly,  high-resolution  dynamic  covariates  that
effectively  characterize  deep  soil  environmental  conditions  are  still  severely
lacking.  For  example,  existing  high-resolution  remote  sensing  data  cannot
directly capture the spatiotemporal  variability  of  environmental  conditions in
deep soil (e.g., temperature and moisture). Given these constraints, the direc-
tion  and  magnitude  of  SOC  changes  in  deep  soil  layers  of  Northeast  China
remain uncertain.

The  SOC  loss  across  Northeast  China  still  has  no  significant  negative
effects  on  the  crop  yields.  Yet,  the  influences  of  SOC  levels  on  crop  yield
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should  not  be  overlooked,  as  climate  warming  may  accelerate  the  SOC
decomposition,  and  cause  SOC  levels  to  drop  below  the  critical  threshold
(18.0  g  kg−1),  thereby  affecting  the  crop  yield.  Our  estimates  indicate  that,
under  the  three  future  climate  scenarios,  continued  SOC  loss  could  lead  to
yield  reductions  of  9.47–14.82  million  tons  for  the  three  major  crops  in
Northeast  China  by  the  end  of  this  century.  Considering  the  average  per
capita  grain  consumption  of  China  (annual  400  kg  per  capita)57,  such  yield
loss  accounts  for  the  annual  food  demand  of  23.7–37.0  million  people.
Northeast China contributes nearly 25% of China’s grain production. Although
China is broadly self-sufficient in staple grains, its edible oil and animal feed
industries  are  highly  dependent  on  the  imported  soybeans,  while  Northeast
China  is  the  major  soybean  production  area  of  China.  Consequently,  yield
reduction resulting from continued SOC loss from Northeast China is not triv-
ial for China, but a direct and huge risk linked to the stability and resilience of
the national  food security.  In  addition,  China's  black soil  region is  subject  to
multiple degradation pressures, including soil thinning, compaction, and acid-
ification.  These  degradation  processes,  together  with  the  loss  of  SOC  may
further  lower  the  soil  fertility  and  amplify  the  stress  on  crop  production.
Therefore,  with  the  rising  geopolitical  uncertainty  and  price  fluctuation  of
global  food  market,  achieving  sustainable  management  of  black  soils  in
Northeast  China  has  become  a  critical  requirement  for  safeguarding  food
security.

The  loss  of  cropland  SOC  in  Northeast  China  has  raised  concern  among

the scientific community and decision-makers.58,59 Thus, a range of programs
and  policy  measures  have  been  introduced  to  prevent  the  SOC  loss  and
enhance  crop  productivity  in  Northeast  China.  These  measures  include  the
high-standard farmland construction (characterized by well-leveled, contigu-
ous  plots  with  advanced  irrigation),  soil  testing  and  formulated  fertilization,
straw return, black soil granary plan, and the release of Black Soil Protection
Law  of  the  People's  Republic  of  China.12 Within  this  comprehensive  policy
framework,  conservation  tillage  practices  are  particularly  important  for
preventing  black  soil  degradation  from  the  intensive  land  use  in  Northeast
China. For example, the Lishu-Mode58 of black soil conservation, which inte-
grates  no- or  reduced-tillage  with  straw  mulching  and  optimized  crop
management,  has been successfully  promoted and applied in  Jilin  Province
of  Northeast  China,  and  the  Longjiang-Mode58 in  Heilongjiang  Province  of
China  as  well.  These  soil  use  and  conservation  modes  may  offer  valuable
experiences  and  lessons  for  other  countries  with  abundant  black  soil
resources.  Considering  the  economic  costs  and  benefits,  the  government
should  prioritize  measures  to  prevent  SOC  loss  in  the  southwest  of
Heilongjiang  Province,  where  SOC  has  shown  a  continuous  declining  trend
historically, and its level in 2023 remains below the critical threshold for crop
yields.

Furthermore,  the  aging  agricultural  workforce  and  the  limited  modern
farming skills of smallholders may threaten the sustainable management of
cropland  soils  in  Northeast  China.60,61 Rural-to-urban  migration  of  young
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Figure 7.  Spatial  patterns  of  change  rates  (g  kg−1 yr−1)  of  cropland  soil  organic  carbon  (SOC)  at  0–30  cm  depth  across  global  black  soil  regions  during  2000–2022 The
change rates were derived from a cell-by-cell regression analysis based on SOC values across multiple years. SOC data for different years in the black soil regions of Great Plains
of  North  America  (B),  Pampas  of  South  America  (C),  and  East  European  Plain  (D)  were  obtained  from  https://openlandmap.org/,  while  those  for  Northeast  China  (E)  were
obtained from this study. Detailed information on global black soil regions and their associated SOC datasets is provided in Text S2.
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people, along with declining fertility rates, has led to a significant shortage of
young  agricultural  laborers  in  Northeast  China.  For  example,  census  data
show  that  the  agricultural  labor  force  in  Heilongjiang  Province  decreased
from 20.07 million in 1978 to 10.47 million in 2022. Meanwhile, the percent-
age of  people  working in  agriculture  over  the age of  65 has tripled between
1980  and  2020,  reaching  ~15%  of  the  population  in  2020.62,63 Older small-
holders, familiar with traditional farming practices, may have limited capacity
to  update  their  agricultural  knowledge  due  to  low  education  levels.24 In
contrast, the young people in China are not interested in agriculture because
of its poor economic gains and harsh working conditions.64 The lack of young
laborers with modern agricultural skills may constrain the agricultural trans-
formation of Northeast China from the labor-intensive smallholder farming to
modern  agriculture.  Besides,  the  land  transfer  (defined  as  the  transfer  of
farmland  contractual  management  rights  through  rental  or  subcontracting,
following the law) in Northeast China is common due to the outflow of young
laborers  and  the  low  economic  gains  of  smallholder  farming.65 Despite  the
gains  in  agricultural  productivity  and  economic  efficiency  brought  by  land
transfer policies,  contractors often prioritize short-term profits by intensively
exploiting black soils, while overlooking the long-term ecological risks.24

To  address  these  challenges,  promoting  digital  agriculture  offers  a  viable
pathway. Digital  agriculture  is  the  application of  digital  and geospatial  tech-
nologies, integrating sensing, data analytics, and automation, to enable effec-
tive  monitoring  and  management  of  soil,  climate,  and  genetic  resources
across field and landscape scales.66 Compared to the other regions of China,
croplands in Northeast China are flatter and less fragmented, and thus, they
are  more  suitable  for  large-scale  mechanical  operations.65 This  situation
offers  a  good opportunity  for  accelerating  the  agricultural  transformation  of
Northeast China through developing digital agriculture. Digital agriculture has
the potential  to enhance crop productivity and economic and environmental
benefits,67 and to create new job opportunities for the next generation. Thus, it
may  attract  young  people  to  join  modern  agricultural  production  activities,
thereby overcoming the shortage of agricultural labor.

For sustainable use of black soils in China through digital  agriculture,  two
additional  factors  should  not  be  overlooked,  because  of  the  complexity  of
agricultural  systems  and  the  costs  associated  with  the  adoption  of  digital
agriculture.68 First, developing dynamic models that integrate multisource and
multiscale  data  to  monitor  the  status  of  cropland  soils  across  a  large  areal
extent  is  indispensable,69,70 as  they  can track  and represent  the  response of
soil  properties to  external  disturbance.  The 4D dynamic model  developed in
this  study  provides  a  potential  framework  for  monitoring  SOC  across  large
areal extent, since the multisource covariates adopted in this model are readily
attainable. The second involves public and private investment in digital agri-
culture infrastructure, including soil sensors, soil monitoring networks, intelli-
gent  agricultural  machinery  and equipment,  and soil  information processing
platforms,71 together  with  demand-side  and  supply-side  policy  measures,
including  taxation  and  subsidy  instruments.64 Overall,  new  technologies,
supportive  policies,  and stakeholder  participation are  essential  to  realize  the
protection  and  sustainable  utilization  of  the  non-renewable  black  soil
resource.

 Global black soils protection: challenges and perspectives
The  findings  from  China's  black  soils  provide  critical  insights  for  global

black soils  conservation  and sustainable  management.  In  this  study,  exten-
sive soil sampling has enabled a robust modeling of SOC dynamics in China's
black soil region. However, many other globally distributed black soil regions
(such as  the  East  European Plain),  face similar  challenges of  SOC depletion
driven  by  intensive  cultivation,  climate  change,  and  inadequate  organic
carbon  replenishment  (Figure  7).3,10 Unlike China,  where  sampling  is  exten-
sive,  these  regions  often  have  sparse  soil  data,  especially  in  high-latitude
areas  such  as  Siberia,  which  presents  a  significant  obstacle  to  accurately
monitoring  SOC  changes  over  time.  Although  recent  advances,  such  as  the
30-meter global SOC data products at five-year intervals from 2000 to 2022
released by Hengl et al. (2026),72 represent significant progress in SOC moni-
toring,  uncertainties  remain  high  in  black  soil  regions  owing  to  the  sparse
distribution of samples across these soils in the underlying WoSIS soil profile
database.  To  achieve  more  precise  and  comprehensive  monitoring  of  SOC
dynamics in global black soil regions, it is imperative to advance international

collaboration,  promote  open  data  sharing,  and  substantially  expand  soil
profile databases. These efforts are foundational steps toward safeguarding
black soil health and ensuring long-term food security worldwide.
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