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Global hotspots of particulate organic
carbon losses under climate change

A list of authors and their affiliations appears at the end of the paper

Soil organic carbon (SOC) comprises particulate (POC) andmineral-associated
organic carbon (MAOC), which differ in formation, stabilization, and loss
mechanisms. While the current global distribution of POC and MAOC is
characterized, their vulnerability under future climate scenarios remains
unclear. Using 3284 topsoil (0-30 cm) observations from six continents, we
identify high-latitude soils as global hotspots of SOC vulnerability under
shared socioeconomic pathway scenarios (SSP126, SSP245, and SSP585).
Under a high-emission scenario (SSP585), high-latitude soils are projected to
lose substantial POC by 2100, accounting for about 81 ± 10% of total SOC
losses. These declines are driven by the high proportion of SOC stored as POC
(fPOC) and its high temperature sensitivity. We show that fPOC is a robust
indicator of SOC vulnerability to climate change. Globally, the projected POC
decline corresponds to a cumulative carbon dioxide (CO2) release of 81.34 Pg
CO2-equivalent by 2100, highlighting the importance of preserving POC to
mitigate climate feedbacks.

Soil organic carbon (SOC) plays a critical role in the global carboncycle
and supports key ecosystem functions1,2, including soil health, water
retention, and nutrient cycling3–5. While extensive research has
focused on predicting the SOC responses to climate change, sig-
nificant uncertainty remains6,7. This uncertainty is partly due to the
complexity of the physicochemical stabilization of SOC8. The diverse
SOC fractions within the intricate soil matrix create challenges in
identifying the environmental factors that regulate global SOC
dynamics under climate change9.

The conceptual partitioning of SOC into particulate organic car-
bon (POC) andmineral-associated organic carbon (MAOC) has greatly
advanced understanding of SOC dynamics10,11. These two fractions
differ in their formation mechanisms, chemical compositions, turn-
over rates, and ecological functions12,13. MAOC is protected by mineral
associations14–16, making it less available to soil microorganisms and
therefore more persistent than POC10,17,18. In contrast, POC exists in a
free state without mineral protection8,13 or is embedded within
aggregates19–21.

Recent experimental evidence indicates that POC, particularly
free POC, is considerably more sensitive to temperature changes than
MAOC22,23. Because of its lower bioavailability and typically larger
contribution to SOC, MAOC has received greater attention in global

assessments of SOC distribution, key drivers, and climate responses,
especially as a key target for SOC accrual24–26. However, POC can also
constitute a large fraction of SOC, especially in high-latitude soils,
where its loss could amplify carbon-climate feedbacks27. Under-
standing how POC responds to future climate change is therefore
crucial for predicting SOC vulnerability and guiding strategies to pre-
serve soil carbon stocks.

Climate factors, particularly mean annual temperature (MAT) and
mean annual precipitation (MAP), are key determinants of both POC
and MAOC distributions (Supplementary Table 1). Previous studies
suggest that POC may constitute the dominant SOC fraction in high-
latitude soils and in soils where microbial growth and activities are
limited by low temperatures and lack of oxygen10,28,29. For instance, by
analyzing 155 paired POC-MAOC observations, García-Palacios et al.
found that POC predominates across cold regions27. Combining these
observations with data from experimental warming studies, they fur-
ther demonstrated that the substantial SOC losses observed under
warming are largely attributable to the dominance and high climate
sensitivity of POC in these environments27. These findings underscore
the importance of jointly examining the global distributions, control-
ling factors, and climate responses of POC and MAOC. Such a multi-
pool approach is essential to improve predictions of SOC dynamics

Received: 18 June 2025

Accepted: 19 March 2026

Check for updates

e-mail: chenji@ieecas.cn

Nature Communications |         (2026) 17:4695 1

12
34

56
78

9
0
()
:,;

12
34

56
78

9
0
()
:,;

http://crossmark.crossref.org/dialog/?doi=10.1038/s41467-026-71321-2&domain=pdf
http://crossmark.crossref.org/dialog/?doi=10.1038/s41467-026-71321-2&domain=pdf
http://crossmark.crossref.org/dialog/?doi=10.1038/s41467-026-71321-2&domain=pdf
http://crossmark.crossref.org/dialog/?doi=10.1038/s41467-026-71321-2&domain=pdf
mailto:chenji@ieecas.cn
www.nature.com/naturecommunications


and advance the understanding of soil carbonmanagement strategies
under a changing climate30,31.

Here, we compiled a comprehensive global database of topsoil
(0–30 cm) POC and MAOC stocks. The database includes 3284
observations, including 2724 data points obtained from published
studies (1987–2024) and 560 unpublished data points contributed by
individual researchers. It encompasses all major terrestrial biomes and
spans a broad gradient of MAT and MAP (Fig. 1b), enabling robust
assessment of how key environmental drivers influence POC and
MAOC distributions and their projected changes under future climate
scenarios. Using a machine learning approach, we evaluated the rela-
tive importance of soil, plant, climate, and land cover variables in
shaping global patterns of POC, MAOC, and the fraction of POC rela-
tive to total SOC (fPOC; see “Methods”). We then extrapolated current
global distributions based on these empirical relationships and pro-
jected changes in POC, MAOC, and fPOC under three Shared Socio-
economic Pathways (SSPs). Specifically, SSP126 represents a
sustainable, low-emission future; SSP245 a moderate mitigation sce-
nario; and SSP585 a high-emission trajectory with limited climate
policy intervention (O’Neill et al., 2016). Our analyses identify regions
most vulnerable to future POC- and MAOC-related carbon losses,
offering insights into global soil carbonmanagement and strategies for
mitigating climate-carbon feedbacks.

Results
Predictors of POC and MAOC stocks
Given the large variation in POC and MAOC stocks across the globe
(Fig. 1c, d), we used random forest (RF) models to quantify the
importance of 16 predictors (Supplementary Table 2), including cli-
mate, soil, plant, and land cover variables, and their interactions,
accounting for covariation across predictors and potential non-
linearities. We found that land cover andMAT are the most significant
determinants of global POC and MAOC stocks (Fig. 2a, b). A RF model
trained exclusively with high-latitude data indicates that MAT remains
a key driver of POC stocks in high-latitude soils, highlighting its central
role in controlling POC distribution across this region (Supplemen-
tary Fig. 1).

High-latitude soils (north of 60° N or south of 60° S) contained
substantial stocks of POC (5.55 ± 0.73 kgm−2) and MAOC
(5.89 ±0.55 kgm−2), leading to an fPOC of 49 ± 3%, which is higher than
that observed in lower latitude soils (Supplementary Fig. 2). Among
land cover types, tundra soils had the highest POC (9.36 ± 1.52 kgm−2)
and MAOC (7.80 ± 1.02 kgm−2) stocks, resulting in a larger fPOC
(55 ± 4%) compared toother land covers (Supplementary Fig. 3). Boreal
forest soils stored much more POC (6.66 ± 0.48 kgm−2) and exhibited
higher fPOC (60 ± 1%) than temperate and tropical forest (Supplemen-
tary Fig. 4). Both POC andMAOC stocks declined with increasingMAT,
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Fig. 1 | Geographic and climatic distribution of topsoil particulate organic
carbon (POC) and mineral-associated organic carbon (MAOC) contents in the
database. a Global distribution of 3284 observations. Different colors represent
the land cover type assigned to each point based on author-reported plant com-
munity composition and management information. b Climate distribution of the

soil sampling sites with a wide range ofmean annual temperature andmean annual
precipitation. c,dThedashed line in panels indicates themedianof POCandMAOC
content. The measurements were collected from literature studies and unpub-
lished experimental data (Supplementary References).
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but POC stockdeclinedmuch faster (Supplementary Fig. 5). Moreover,
POC stock declined more sharply with increasing MAT in cold regions
(MAT<0 °C) than in temperate (MAT>0 °C) and warm regions
(MAT>15 °C), whereas MAOC stock decreased at a similar rate across
different climatic regions (Supplementary Fig. 5).

Scaling up
To map the global distribution of POC and MAOC stocks, we used RF
models to extrapolate our data. The model scaled up POC and MAOC
stocks on a 0.5° grid while accounting for all key environmental pre-
dictors (Supplementary Table 2). Model outputs revealed that high-
latitude soils contain greater POC (9.46 ±0.05 kgm−2) and MAOC
(7.78 ±0.02 kgm−2) stocks, along with a higher fPOC (55 ± 0.1%), com-
pared to lower-latitude soils (Supplementary Fig. 6a–c). Among land
cover types, tundra soils had the highest POC stock
(9.90 ± 0.04 kgm−2), MAOC stock (7.91 ± 0.01 kgm−2), and fPOC
(56 ± 0.07%; Supplementary Fig. 6b, d, and f). Predicted POC and
MAOC stocks were slightly higher than the measured values in our
database, likely reflecting the uneven spatial distribution of
observations.

To project future POC and MAOC under climate change, we used
the trained RF models with future climatic predictors derived from
three SSPs (SSP126, SSP245, SSP585; Fig. 3 and Supplementary
Figs. 7 and 8).We quantified POC andMAOC changes as the difference
between current and projected future POC and MAOC stocks (Fig. 3
and Supplementary Figs. 7 and 8). Across all climate scenarios, POC
declines were substantially larger than those of MAOC, with the
greatest POC losses occurring in high-latitude soils (Fig. 3h, n and
Supplementary Figs. 7 and 8). Specifically, projected POC losses in
high-latitude soils reached 2.67 ± 0.03, 3.59 ±0.04, and
3.82 ± 0.05 kgm−2 under SSP126, SSP245, and SSP585, respectively,

representing 75 ± 3%, 78 ± 11%, and 81 ± 10% of total predicted SOC
losses (Supplementary Figs. 9–11).

Within high-latitude regions, tundra and boreal forest soils
emerged as hotspots of POC losses. In tundra soils, we estimated POC
losses of 2.21 ± 0.08, 3.75 ± 0.09, and 3.97 ±0.10 kgm−2 under SSP126,
SSP245, and SSP585, respectively, accounting for 83 ± 7%, 84 ± 9%, and
89 ± 5% of predicted total SOC losses (Fig. 3c, i, o and Supplementary
Figs. 7 and 8). Similarly, in boreal forests, POC losses were 1.60 ±0.02,
1.86 ±0.03, and 1.91 ± 0.03 kgm−2 under the same scenarios, com-
prising 76 ± 2%, 80 ± 3%, and 85 ± 2% of total SOC losses (Supplemen-
tary Figs. 12–14). In contrast, no clear pattern was observed for MAOC,
with a slight overall increase of 0.12 ± 0.01 kgm−2 under SSP585
(Fig. 3m–o and Supplementary Figs. 7 and 8).

To evaluate the consistency of our findings, we compared the RF
model results with those from three additional machine learning
algorithms: generalized boosted regression, extreme gradient boost-
ing, and generalized linear models. All approaches consistently indi-
cated that SOC losses in high-latitude soils are primarily driven by POC
declines (Supplementary Figs. 15–17). The ensemble mean of the four
models further indicates that POC losses in high-latitude soils account
for 58 ± 3%, 64 ± 3%, and 71 ± 5% of SOC losses under SSP126, SSP245,
and SSP585, respectively (Supplementary Figs. 18–20). Furthermore,
when the RFmodel was trained exclusively on high-latitude soils, POC
losses accounted for approximately 75 ± 3% of SOC losses under
SSP585. This closely matched results from the full dataset, thereby
underscoring the robustness of our conclusions (Supplemen-
tary Fig. 21).

While RF models are effective for large-scale extrapolation, they
have limited capacity to address confounding variables and to repre-
sent biogeochemical mechanisms underlying SOC dynamics32. More-
over, relationships between SOC and environmental drivers may shift
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Fig. 2 | Variable importanceof the random forestmodels for topsoil particulate
organic carbon (POC) stock,mineral-associated organic carbon (MAOC) stock,
and the proportion of POC relative to soil organic carbon (fPOC). a, b, c The
importance of predictors for POC, MAOC, and fPOC. Mean annual tempera-
ture (MAT), mean annual precipitation (MAP), temperature seasonality (TS), pre-
cipitation seasonality (PS), elevation, background nitrogen deposition (nitrogen

deposition), aridity index, cation exchange capacity (CEC), percent of clay and silt
(clay + silt), total phosphorus, net primary productivity (NPP), soil pH, and leaf area
index (LAI) are continuous variables. Land cover and mineral activity (high activity
minerals and low activityminerals) are categorical variables. Variable importance is
ranked by the percent increase in mean square error (MSE).
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under future climate and land cover changes (Luo et al., 2021), which
RF models cannot explicitly capture. Thus, to further validate our
findings, we used the Biogeochemistry-Informed Neural Network
(BINN)model33, using the same global POC andMAOC distributions as
in our RF approach (see “Methods”). The BINN model integrates
process-based biogeochemical principles (i.e., Community Land
Model version 5 dynamics) with neural networks, directly recovering
interpretable SOC mechanisms such as decomposition kinetics. This
approach improves extrapolation robustness and reduces uncertain-
ties in carbon cycle predictions33. Predictions from the BINN model
confirmed the global hotspots of POC losses in high-latitude soils
(Supplementary Fig. 22), adding robustness to our results.

Discussion
RF models indicate that high-latitude soils will experience significant
POC losses, contributing up to81 ± 10%of predicted total SOC losses in
these regions under high-emission scenarios (SSP585; Fig. 3b, h). These
projections, supported by the BINN model that integrates process-
based carbon cycling biogeochemical principles with neural networks,
highlight the critical role of POC losses in driving overall SOC decline
(Supplementary Fig. 22). The predicted total SOC losses in high-
latitude soils align with previous modeling studies34,35, while our

analysis highlights the pivotal role of POC losses in driving overall SOC
declines.

MAT emerged as a key factor controlling POC and MAOC stocks
(Fig. 2a, b and Supplementary Fig. 1). In cold regions, POC declined
much more steeply with increasing MAT than MAOC (Supplementary
Fig. 5), indicating greater temperature sensitivity of POC. This inter-
pretation is supported by studies directly comparing POC and MAOC
losses under climate change. For instance, Liu et al. found substantial
POC losses due to warming-induced permafrost thaw, while MAOC
remained relatively stable36. Similarly,Qinet al. demonstrated stronger
temperature sensitivity of POC decomposition thanMAOC in fraction-
specific incubation experiments37. The steeper decline of POC with
rising MAT in high-latitude soils compared to mid- and low-latitude
soils further underscores the greater temperature sensitivity of POC in
these regions (Supplementary Fig. 23). This pattern likely reflects that
cold-adapted microbial communities respond disproportionately to
even minor increases in temperature38. Thus, warming is expected to
stimulate SOC decomposition more strongly in high-latitude soils,
preferentially targeting readily accessible POC36,39. Furthermore,
warming has more profound effects on soil extracellular enzyme
activities in high-latitude soils compared to low-latitude soils, further
accelerating the degradation of POC and SOC40,41. The relatively high
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proportion of POC (fPOC = 55 ± 0.1%) in these soils likely amplifies this
vulnerability, contributing to accelerated SOC loss under warming
(Supplementary Fig. 2)39,42.

Land cover also emerged as a key driver of POC distribution
(Fig. 2a). Tundra soils contain larger POC stock and higher fPOC than
other land covers, leading to the predicted substantial losses of POC
and SOC under climate change (Fig. 3c, i and Supplementary Figs. 3, 7,
and 8). This finding suggests that the abundance of POC in tundra soils
could amplify SOC vulnerability, supporting emerging evidence of
substantial SOC losses in tundra29,43. Tundra soils have historically
accumulated large amounts of partially decomposed plant detritus
due to low temperatures, excess soil moisture, and oxygen
limitations44,45, resulting in POC-rich organic matter27. The dominance
of POC provides readily accessible substrates that can stimulate
microbial activity under climate change, making total SOC in tundra
soils more vulnerable than previously expected27,46.

Besides tundra, forests are also projected to contribute sub-
stantially to future POC losses under climate change (Fig. 3i and Sup-
plementary Figs. 7 and 8), with boreal forests emerging as another
hotspot of POC loss (Supplementary Figs. 12–14), consistent with
Lugato et al.42 In boreal forest soils, plant inputs rich in tannins, waxes,
and lignin hamper microbial metabolism47,48, leading to greater POC
accumulation and higher fPOC compared to temperate and tropical
forest soils. However, a considerable fraction of this POC is unpro-
tected by aggregates, making itmore accessible tomicrobes andmore
susceptible to decomposition under climate change49. The high fPOC in
boreal forest soils increases their vulnerability to carbon loss, as this
relatively labile and weakly protected fraction is sensitive to climate-
driven decomposition.

Our finding that higher fPOC makes SOC more vulnerable under
climate change is supported by the positive correlation between fPOC
and predicted SOC losses by 2100 across the three SSP scenarios
(Fig. 4a–c). The absence of physicochemical stabilization mechanisms
leaves SOC in high-fPOC soils more exposed to environmental
perturbations13, reinforcing the link between POC dominance and
climate-driven SOC loss. In addition, the abundance of readily
decomposable organic substrates in such soils facilitates faster carbon
turnover, thereby amplifying SOC decomposition under climate
change50. These mechanisms likely contribute to the strong positive
carbon-climate feedback observed in high-latitude soils, where SOC is
dominated or co-dominated by POC27. Given the greater temperature
sensitivity of POC relative to MAOC, our results suggest that the
dominance of POCwill likely render the total SOC in high-latitude soils
more vulnerable than expected under climate change. The significant

correlationbetween fPOC andSOCchanges in high-latitude soils further
highlights fPOC as a valuable diagnostic tool for identifying global
hotspots of SOC vulnerability (Supplementary Fig. 24) and for target-
ing SOC stabilization efforts.

The projected loss of POC was converted to CO2-equivalent
(CO2e) emissions based on the CO2/C weight ratio, highlighting the
potential vulnerability of POC.Under SSP585, POC losses are estimated
to generate a potential CO2 debt of 119.96 Pg CO2e in high-latitude
soils and 81.34 Pg CO2e globally by 2100 (Supplementary Tables 3–5),
equivalent to approximately two to three times the current annual
anthropogenic CO2 emissions (41.6 Gt CO2 yr−1)2. These results high-
light the urgent need to protect POC for long-term SOC sequestration
and to avoid exacerbating the climate crisis. Because POC is relatively
labile and more sensitive to climatic drivers such as temperature and
moisture, excluding it from model frameworks could lead to sys-
tematic underestimation of soil-derived CO2 emissions. However,
most global carbon models either treat SOC as a single homogeneous
pool or emphasize the stabilization ofMAOC51. Without accounting for
the rapid turnover and large stock of POC, these models may under-
estimate the vulnerability of SOC under climate change, thereby
biasing projections of future carbon-climate feedbacks.

Our results reveal substantial regional variation in projected POC
losses under future climate scenarios, emphasizing region-specific
risks under climate change (Fig. 3g, h, i and Supplementary
Figs. 7 and 8). However, current model frameworks do not explicitly
account for these regional differences and their critical roles in shap-
ing SOC dynamics52,53. Although some models (e.g., the Microbial
Efficiency-Matrix Stabilization framework 2.0 and the Millennial V2)
recognize the importance of MAOC54,55, they do not explicitly capture
the temperature sensitivity of global-scale POC decomposition and its
driving factors. Our analysis demonstrates that POC is markedly more
temperature-sensitive in high-latitude soils than in mid- and low-
latitude soils, with temperature and precipitation seasonality as well as
elevation acting as key regulators (Supplementary Figs. 23 and 25). To
improve predictions of SOC response to climate change, futuremodel
frameworks should integrate the spatially and temporally dynamic
sensitivity of POC decomposition. In particular, recalibrating kinetic
parameters, such as the regional temperature sensitivity of POC
decomposition, will enhance the realism and predictive power of
future climate projections39.

Our findings highlight the importance of protecting POC to
enhance SOC sequestration and stability. Historically, SOC stabiliza-
tion efforts have focused on MAOC due to its long-term
persistence25,26. However, recent studies suggest that prioritizing
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MAOC alone is insufficient for enhancing SOC stock30,56. Thus, soil
management strategies for enhancing SOC sequestration should also
focus on increasing and preserving POC. For instance, in forest soils
where POC contributes more to SOC than MAOC, management prac-
tices targeting only MAOC did not increase total SOC stocks57. In
contrast, forest management practices that enhance POC stock, such
as restoring biodiversity or retaining more plant residues (e.g., leaves
and branches), can significantly improve SOC sequestration58–60. In
addition, our projections show that future climate change will lead to
substantial POC losses, while reductions in MAOC are comparatively
minor or even reversed in mid- and low-latitude soils. This suggests
that simultaneously protecting POC and promoting its transformation
into MAOC can jointly enhance SOC stability. For example, conserva-
tion practices such as regenerative agriculture, cover crop planting,
and straw return have already been shown to increase both POC and
SOC stocks in cropland soils by enhancing carbon inputs and reducing
soil disturbance61,62. Collectively, thesefindings underscore theneed to
protect and enhance both POC andMAOC as equally critical pathways
for SOC sequestration and long-term stability.

While our results provide globally applicable insights, some lim-
itations of our analysis should be noted. First, a mismatch may exist
between the POC and MAOC observations and the environmental
variables extracted from global databases. Although all variables were
standardized to a 0.5° resolution and aligned with each sampling site,
differences in the temporal coverage of SOC fraction measurements
andenvironmental datamay introduce additional uncertainty. Second,
agricultural management practices, such as tillage, fertilization, and
residue retention, substantially alter SOC dynamics, especially in
croplands62. This is an important source of uncertainty, and future
work should incorporate management-specific datasets to refine pre-
dictions of POC and MAOC under changing climate conditions. Third,
we currently have a limited understanding of how occluded and free
POC respond to climate change. Because occluded POC is physically
protected within aggregates, it may exhibit lower temperature sensi-
tivity than free POC8, emphasizing the need for more empirical
observations.

Our study underscores the pivotal role of land cover and tem-
perature in shaping global POC and MAOC distributions. Tundra and
boreal forest soils emerge as global hotspots for POC losses under
climate change, drivenbyhigh fPOCand lower temperatures. The losses
of POC account for 81 ± 10% of the projected SOC declines for high-
latitude soils under SSP585, emphasizing the need to incorporate POC
protection into SOC stabilization strategies. By leveraging this global
dataset, we highlight the necessity of integrating POC dynamics into
future research and conservation efforts to enhance SOC resilience
under climate change.

Methods
Data compilation
We systematically collected peer-reviewed articles before August 2024
that measured POC and MAOC content or stock by searching Google
Scholar (http://scholar.google.com/), Web of Science (http://apps.
webofknowledge.com/), and China National Knowledge Infrastructure
(http://www.cnki.net). The keywords and phrases used for literature
research were as follows: (i) “POC” or “Particulate organic matter” or
“Light fraction”; (ii) “MAOC” or “Mineral associated organic matter” or
“heavy fraction”; and (iii) “soil” or “land” or “terrestrial”. The following
criteria were used to screen the data for this study: (1) POC andMAOC
mustbeobtainedbydispersingbulk soil; (2) thedata collectedmustbe
measured inmineral soil horizons; (3) only POC orMAOC from topsoil
(0–30 cm) was collected. Previous databases on POC and
MAOC18,24,25,27,42,63–67 were incorporated into our dataset. To include as
many reliable observations as possible, we contacted scientists across
the world working in this research area for their data contribution.

In addition, the 200 observations from Australia in our database were
obtained through spectroscopic modeling based on infrared
methods68. SOC fractionation based on particle size (POC higher than
50–63 μm), density, or both particle size and density (POC lighter than
1.60–1.85 g cm−3) were included in the database, as they give similar
results in comparative studies (Supplementary Notes). The final data-
base comprised 3284 observations (560 unpublished), which included
soil fractions by particle size (n = 2484), density (n = 390), or the
combination of particle size and density (n = 410; Supplemen-
tary Notes).

To investigate the influence of environmental factors on POC and
MAOC, we selected 16 variables that represent major drivers of SOC
dynamics (Supplementary Table 2). All variables were resampled to a
uniform spatial resolution of 0.5°. When results were presented gra-
phically, we used EngaugeDigitizer (https://digitizer.sourceforge.net/)
to digitize the data. To obtain geographical coordinates for data points
where such information was not reported, we conducted a search
using the names of the sites, states, and countries. These coordinates
were then used to map sites globally (Fig. 1a) and extract missing data
from global databases. We obtained MAT, MAP, temperature season-
ality, and precipitation seasonality from the WorldClim Database69.
Potential evapotranspiration was obtained from the GLEAM v3
database70. The ratio of potential evapotranspiration to MAP repre-
sented the aridity index. Background nitrogen deposition
was retrieved from the Global Nitrogen Deposition database71, while
net primary productivity and mean leaf area index came from
the MOD17A3HGF product (https://lpdaac.usgs.gov/products/
mod17a3hgfv006) and Cao et al.72, respectively. Soil pH and soil tex-
ture were obtained from the Harmonized World Soil Database73. Soil
cation exchange capacity was obtained from the SoilGrids database74

and soil total phosphorus from ref. 75. In addition, soil was classified
into low- or high-activity minerals based on clay composition and soil
order data from each study25,76. We chose these open-access resources
for their global coverage, relatively high spatial resolution, and wide-
spread recognition in soil and ecosystem research. As the climatic
variables represent multi-year averages and SOC typically changes
slowly, any temporalmismatches amongdatasets are expected to have
minimal impact relative to spatial variability77.

Overview of the database and data quality control
Compared with previous global datasets, our dataset is more com-
prehensive and includes unpublished data. The database represented
almost all geographical regions and climatic regions, spanning a wide
range ofMAP (9.05 to 5000mmyr−1) andMAT (−13.5 to 30.0 °C; Fig. 1a,
b). Terrestrial land covers in the database included cropland (n = 1165),
forest (n = 1135), grassland (n = 693), shrubland (n = 262), and tundra
(n = 29). By applying strict quality-control criteria during data screen-
ing, we improved the reliability of POC and MAOC. To be included in
our dataset, all data had to meet the following quality criteria: (1) SOC
recovery percent (i.e., the sum of POC and MAOC stocks as a percen-
tage of total SOC stock) should range from 80 to 120%; (2) the con-
tributions of POC and MAOC to SOC should be lower than 95% and
higher than 5%, respectively; and (3) selected publications should
clearly describe their the methodology employed, including the spe-
cific steps of fractional calculations and appropriate references to the
adoptedmethodologies. Thesecriteriawereestablished to account for
potential errors introduced during the fractionation andmeasurement
processes, ensuring the internal consistency and reliability of the
compiled dataset. In total, 489 observations that failed to meet these
quality criteria were excluded from the final database.

Soil sampling depths are highly varied across different studies. To
enhance the comparability of POC andMAOC from various studies, we
adopted the methodology of Jobbágy and Jackson78, as modified by
McClelland et al.79, to standardize observed values to a uniform soil
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depth of 0–30 cm using the following equation:

POC30 =
1� β30

1� βdx
× POCdx ð1Þ

MAOC30 =
1� β30

1� βdx
×MAOCdx ð2Þ

where POC30 andMAOC30 represent the value of POC andMAOC in kg
C m−2 within the uppermost 30 cm of the soil profile. The parameter β
represents the relative reduction rate of SOC pools with increasing soil
depth across different land covers (Supplementary Fig. 26). The β
values for different land covers were calculated following the metho-
dology adapted from Jobbágy and Jackson78. Utilizing global SOC
(0–20 cm) fromSoilGrids (https://www.isric.org/explore/soilgrids), we
developed linear regression equations to establish the relationship
between SOC stock and soil depth. Based on these relationships, we
simulated the SOC distribution across the 0–30 cm soil profile and
subsequently quantified the β. The variable dx denotes the original soil
depth recorded in individual studies (cm), and POCdx andMAOCdx are
the original stocks of POC and MAOC, respectively.

Data analyses
We predicted global POC and MAOC stocks using four machine
learningmodels: RF, generalizedboosted regression, extremegradient
boosting, and generalized linearmodels. Among these, theRFmodel is
based on decision tree bagging, while the generalized boosted
regression and extreme gradient boosting models are based on deci-
sion tree boosting approaches. The generalized linear model repre-
sents a standard linear regression approach. Predictors includedMAT,
MAP, elevation, temperature seasonality, precipitation seasonality,
aridity index, land cover, net primary productivity, leaf area index,
clay + silt content, soil cation exchange capacity, soil pH, and soil
mineral activity for MAOC stock (Supplementary Table 2). Prior to
modeling, we tested formulticollinearity and ensured all variables had
variance inflation factors below five80. To assessmodel robustness and
potential overfitting, we generated learning curves to examine model
performance as a function of training data proportion (Supplementary
Fig. 27). The dataset was ultimately split into training (80%) and test
(20%) sub-data sets.

To ensure model robustness, we performed hyperparameter
tuning for each method. RF model optimization focused on two
hyperparameters: the number of variables randomly sampled at each
split (mtry) and the number of trees (ntree). We conducted a grid
search acrossmtry ranging from 2 to 13 in steps of 2, and ntree ranging
from 300 to 1500 in increments of 100. Generalized boosted regres-
sionmodel optimizationwasbased on a parameter grid combining the
number of trees (200–1200), interaction depth (1, 3, and 5), learning
rate (0.01–0.10), and minimum number of observations per terminal
node (5 or 10). Extreme gradient boosting model optimization was
performed using a grid search across key hyperparameters, including
the number of boosting rounds (50–300, with increments of 50),
maximum tree depth (2, 3, 4, and 5), learning rate (0.05, 0.1, and 0.2),
minimum loss reduction required for further partitioning (gamma=0
or 0.1), column subsampling rate for each tree (0.8 and 1), minimum
child weight (1 and 3), and the subsampling ratio of the training data
(0.8 and 1).Generalized linearmodel optimizationused a tuning length
of 30 to systematically evaluate regularization parameters across both
ridge and lasso penalties. For each parameter combination, model
performance was assessed through five-fold cross-validation imple-
mented in the caret package. Based on these evaluations, RF model
exhibited the highest predictive accuracy, as indicated by the lowest
root mean square error (RMSE) and the highest coefficient of

determination (R2), andwas therefore selected for the final predictions
of POC and MAOC stocks (Supplementary Fig. 28).

We used the RF models to predict POC stock, MAOC stock, and
fPOC, as well as to identify their key predictors. The RF models were
retrained using the best parameter set on the training dataset and
subsequently evaluated against the independent test dataset (Sup-
plementary Fig. 28). Variable importance was quantified using the
permutation-based increase in mean squared error (%IncMSE)81. The
RF models explained 54%, 64%, and 63% of the variance in POC stock,
MAOC stock, and fPOC, respectively. RMSE values were 2.40 kgm−2 for
POC stock, 2.57 kgm−2 for MAOC stock, and 12% for fPOC (Supple-
mentary Fig. 28). We then estimated the present global distribution of
POC stock, MAOC stock, and fPOC based on these RF models (Supple-
mentary Figs. 6 and 29). The gridded variables used for the global
predictions were all re-gridded to a spatial resolution of 0.5° × 0.5°.

To project changes in POC andMAOC stocks under future climate
scenarios, we used climate model outputs for the period 2081–2100
under three representative SSPs (SSP126, SSP245, and SSP585)82. This
period aligns with the long-term projections defined in the IPCC Sixth
Assessment Report, which assesses climate change relative to the
1850–1900 baseline. Using this timeframe allows for a robust evalua-
tion of carbon stock responses under stabilized future climate condi-
tions and facilitates comparison with previous studies and IPCC
projections. These scenarios capture a broad range of plausible
futures: SSP126 reflects a sustainable, low-emission pathway with
stringent mitigation policies, SSP245 represents an intermediate
“middle-of-the-road” trajectory with moderate mitigation efforts, and
SSP585 depicts a high-emission scenario with minimal climate
intervention.

Future climate variables included MAT, MAP, temperature sea-
sonality, precipitation seasonality, background nitrogen deposition,
net primary productivity, potential evapotranspiration, and leaf area
index. The aridity index was calculated as the ratio of potential eva-
potranspiration to MAP. Data for future MAT, MAP, temperature sea-
sonality, and precipitation seasonality were obtained from the
WorldClim repository69, while future background nitrogen deposition,
net primary productivity, potential evapotranspiration, and leaf area
index were sourced from the World Climate Research Programme’s
CMIP6 database (https://esgf-node.ipsl.upmc.fr/projects/cmip6-ipsl/).
Future land cover was obtained from the global land-use and land-
cover change (LUCC) simulation product83. All shrubland situated
north of 60°N was considered as tundra. We applied the trained RF
models to these future climate scenarios to predict POC stock, MAOC
stock, and fPOC (Supplementary Figs. 29–35). Future SOC stock was
calculated as the sum of future POC and MAOC stocks. By analyzing
changes in SOC, POC, MAOC, and fPOC, we assessed SOC vulnerability
under projected climate conditions. We converted the projected SOC
losses under the SSP126, SSP245, and SSP585 scenarios into CO2e
emissions using the molecular weight ratio between carbon and CO2.
Specifically, the SOC, MAOC, or POC loss was multiplied by 44/12,
corresponding to the molecular weight of CO2 (44gmol−1) relative to
carbon (12 gmol−1), to obtain the equivalent CO2 emissions (Supple-
mentary Tables 3–5).

To evaluate the robustness of our results, weconducted a series of
sensitivity analyses using subsets of the dataset. First, we developed
separate RF models for high-latitude soils, using the same environ-
mental predictors and hyperparameter optimization as in the global
models, to predict present and future POC and MAOC stocks under
different climate scenarios (Supplementary Fig. 21). Second, we sepa-
rately developed models for each methodological category in the
compiled dataset to generate independent predictions of POC and
MAOC (Supplementary Figs. 36–38). Third, to account for potential
biases introduced by standardizing SOC fractions to a uniform depth
of 0–30 cm, we also trainedmodels on the original, non-homogenized
data. Predictions from these parallel analyses were compared with the
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main results to assess the consistency and reliability of our findings
(Supplementary Fig. 39).

The BINNmodelwas used to predict POC andMAOC stocks under
the SSP245 scenario by integrating process-based biogeochemical
modeling with neural networks (Supplementary Methods)33. The
model first processed environmental covariates (e.g., temperature,
precipitation, soil properties) using a fully connected neural network.
The neural network’s predicted parameters were then incorporated
into CLM5, where POC was derived from the “fast” pool and MAOC
from the “slow” and “passive” pools. For scenario projections, the
trained BINN model estimated POC and MAOC stocks (0–30 cm)
under SSP245 forcings, using neural networks to generalize parameter-
environment relationships.

The normality of each variable was tested using the Shapiro–Wilk
test84, which indicated that POC stock, MAOC stock, and fPOC did not
follow a normal distribution. To analyze differences across land cover
types, forest types, and latitude regions, we used the Kruskal–Wallis
test. To investigate the temperature responses of POC, MAOC, and
fPOC, we applied segmented linear regressions to examine their rela-
tionships with MAT across cold (<0°C), temperate (≥0 °C and <15°C),
and warm (≥15 °C) regions. Additionally, quadratic polynomial models
were fitted to capture potential non-linear patterns of POC andMAOC
withMAT. Coefficients from the polynomial models were then used to
calculate point-specific slopes (first derivatives). These slopes quantify
the rate of change in POC and MAOC stocks with increasing MAT. RF
models were subsequently employed to identify the key environ-
mental drivers underlying spatial variations in the POC slopes. All
analyses were conducted in R version 4.1.0 (R Core Team, 2021), and
figures were generated using the ggplot2 package85.

Data availability
Thedata used in this study are available online in the Figshare database
(https://figshare.com/s/501e92df94a15ae4ebfe).

Code availability
The analysis code that supports the findings of this study is available
on Figshare (https://figshare.com/s/501e92df94a15ae4ebfe).
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