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Soils can be either a source or sink of atmospheric CO, depending on how

soil organic carbon (SOC) responds to climate warming and changes in plant
productivity. Whereas warming typically accelerates SOC decomposition,
the effect of plant productivity changes remains unclear. Here we use a
space-for-change substitution approach to analyse a global dataset of

SOC measurements down to 1 metre. We find that warming-induced SOC
reductioninthe 0-0.3-m topsoil is gradually offset by increasing plant
productivity but exacerbated in the 0.3-1-m subsoil until plant productivity
increase crosses a threshold of 30%. Consequently, entirely offsetting
warming-induced SOC reductionin the top metre of soil requires an
unrealistically high increase in plant productivity, albeit with substantial
variance across ecosystems. Soil carbon-to-nitrogenratio is the dominant
predictor of the variance in SOC response, as this ratio determines whether
nitrogen released during carbon loss meets the requirement for additional
plant growth or whether additional nitrogen must be mined from soil
organic matter. Such mining accelerates SOC losses, particularly in the
subsoil, where the soil carbon-to-nitrogen ratio is lower than in topsoils. We
conclude that globally, increased plant productivity may exacerbate SOC
losses under climate warming, particularly in the subsoil.

Soil organic carbon (SOC) stores twice as much carbon as the atmos-
phere and upland vegetation combined, making it the largest ter-
restrial organic carbon pool'. Under global change, SOC can be
either a sink or source, depending on the balance between carbon
inputs (primarily from plant productivity) and outputs (via micro-
bial decomposition). Climate warming is anticipated to stimulate
microbial decomposition, increasing SOC losses* *. Conversely, plant
productivity, the primary source of SOC inputs, responds dynamically
to warming and other global changes such as elevated atmospheric
CO, concentration (eCO,), nitrogen deposition, shifting fire regimes
and lengthening growing seasons®”’. However, the joint effects of
warming and plant productivity changes on whole-profile SOC balance

remain poorly understood, particularly across large spatial extents
and long timescales®.

Plant productivity can be enhanced by global change such as
the CO, fertilization effect and increased nitrogen availability® ™.
This leads to increased carbon inputs into the soil, counteracting
warming-induced SOC losses. Nevertheless, empirical evidence sup-
porting this counteraction effect is limited, and decreased SOC storage
underincreased plantgrowth has even been found®. One proposed rea-
son for this phenomenonis soil nutrient mining triggered by enhanced
plantgrowth, particularly in nitrogen-limited systems”. That s, plant
growthenhancement extracts nutrients (primarily nitrogen) from soil
organic matter by stimulating its decomposition to support additional
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Fig.1| The responses of SOC to changes in NPP under 1.5 °C warming. a, Global
average responses in different soil depth layers. b, Ecosystem-specific responses.
The coloured lines show the mean response. The shading envelope represents

the 95% confidence interval. TS forests, tropical/subtropical forests; Med/Mon
shrublands, Mediterranean/montane shrublands; TS grasslands/savannahs,
tropical/subtropical grasslands/savannahs.

growth'. This alters soil carbon-nitrogen coupling and nutrient cycling
processes*'**, However, soil nutrient conditions vary substantially over
space, both horizontally across the globe and vertically along the soil
profile'®. Soils with low carbon-to-nitrogen ratio (CNR), indicating more
nutrient per unit carbon, may release more nutrients per unit decom-
position of soil organic matter, thereby supporting greater additional
plantgrowth compared to high CNR soils. Given the close association
of the decomposition of soil organic matter with temperature, simul-
taneous plant productivity changes and warming may have unforeseen
consequences on SOC dynamics, which cannot be predicted by their
individual effects alone'*%,

Furthermore, warming may result in deeper rooting depths of
plants, allowing them to access subsoil water and nutrient resources'*.
This increase in subsoil root biomass can destabilize SOC through
processes such as aggregate destruction or organic acid exudation,
reducing the physical separation between microbes and SOC, desta-
bilizing protected carbon and alleviating microbial energy limitation
atdepth, all of which can promote deep SOC decomposition?. In par-
ticular, under the continuous variation of nutrient and hydrothermal
conditions brought about by global change, plant community composi-
tion may shift. This shift canlead to changes in the stoichiometry (for
example, carbon-to-nutrient ratio) of live biomass and plant detritus
andinrootdistributionalong the soil profile. These changes may result
innonlinear SOCresponses to global change factors, depending onthe
changes in the magnitude of stoichiometry and root systems of the
plant community. The consequences of these below-ground, nonlinear
andinteractive effects on SOC dynamics may only become apparenton
long timescales and can vary widely across space, especially consider-
ing that the timescale of SOC turnover often spans decades or even
millennia**?*. Novel approaches are needed to address the combined
effects of alterations in plant growth, potential community shifts, plant
nutrientacquisitionand SOC decomposition onlong-term, large-scale,
whole-profile SOC storage.

Here we analysed a global dataset of SOC stocks down to 1 m
at 124,123 sites* (Extended Data Fig. 1) and utilized satellite-** and
field-survey-derived estimates of vegetation net primary productivity
(NPP)*. Our goal was to quantify the response of whole-profile SOC
to simultaneous warming and plant productivity changes on a global
scale, while also exploring the underlying mechanisms. To achieve

this, we employed a hybrid approach combining space-for-change
substitution with meta-analysis techniques®. Briefly, SOC values at
sites with the same mean annual temperature (MAT) and NPP (that
is, the ambient group) was compared with SOC values at sites (that is,
the changing group) with specific changes in MAT (1.5 °C increase in
this study) and NPP (ranging from -20% to +60% in 10% increments,
reflecting empirical observations and projections of Earth system
models and acknowledging potential uncertainties in NPP changes
under climate change® *). At the same time, confounding factors
such as precipitation, precipitation seasonality, soil type and landform
were controlled, ensuring that they were the same between the two
groups (Extended Data Fig. 2). Consequently, the primary difference
between the two groups of soil sites was in MAT and NPP, and the
difference of SOC stocks between the two groups (ASOC) can be
attributed to these two factors (Methods). This comparison assumes
that SOCinthe same ambient group will eventually reach astate com-
parable to that of the changing group. As the dataset covers diverse
climate, soil and vegetation conditions globally (Extended Data Fig.1),
combined with meta-analysis techniques, the approach enables a
comprehensive evaluation of ASOC across different soil depth layers
(0-0.3,0.3-1and 0-1minthis study) asimpacted by warming and NPP
changes, inrelation to other environmental conditions (Methods).

Global and ecosystem responses of SOC
Averaged across the globe, the percentage change in SOC stock (ASOC)
under 1.5 °C air warming without productivity changes is -10.2%
(-10.3%, -9.9%) (mean with 95% confidence interval) in the 0-0.3,
-4.0% (-4.3,-3.7%) in 0.3-1m and -8.0% (-8.2, -7.7%) in 0-1 m depth
(Fig.1a). These different percentage changes support depth-dependent
temperature sensitivity of SOC decomposition, which may result from
the vertical gradients of soil physico-chemical properties and carbon
quality and availability>*'. However, we should note that air warm-
ing is not equal to soil warming. If soil temperature does not change
synchronically with air warming (albeit this would rarely occur over
climatic timescales®®), we should use caution using these different
percentage changes induced by air warming to infer the temperature
sensitivity of SOC in different soil depth layers.

In the top 0-0.3 m of soil, SOC changes are positively and lin-
early correlated with increasing NPP (Fig. 1a), leading to a gradual
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Fig. 2| Drivers of the responses of SOC to plant productivity changes and
warming. a,b, The mostimportant ten environmental factors and their relative
influence on the response ratio of topsoil (a) and subsoil (b) SOC to plant
productivity changes and warming. A detailed description of the environmental
factorsisshowninSupplementary Table 1. ¢,d, The relationship between the
response ratio and soil CNRin the topsoil (¢) and subsoil (d). The purple line
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is the fitted meta-regression line with the shading envelope showing the 95%
confidenceinterval. Q,, Qvalue of the importance of CNR from the meta-
regression. The grey dashed horizontal line represents no changes in SOC (that is,
the response ratio = 0). Count represents the data density. TN, total soil nitrogen
content; CEC, cation exchange capacity; Bio3, isothermality; Elev, elevation; faypp,
the fraction of below-ground NPP.

counteraction of warming-induced SOC reduction. Subsoil (0.3-1m)
SOC, on the other hand, exhibits a nonlinear relationship with
NPP changes, characterized by a multi-phase response (Fig. 1a).
Warming-induced SOC reduction intensifies with increasing NPP
until the NPP increase crosses a tipping point of 30%. Beyond this
point, further SOCreduction halts, and SOC changes exhibit a positive
association with increasing NPP. However, warming-induced subsoil
SOC losses cannot be entirely offset even with a 60% (which is the
highest NPPincrease scenarioin our assessment) NPPincrease (Fig.1a).

In the whole 1-m soil depth, due to the distinct responses of
topsoil and subsoil SOC to NPP changes, especially the opposing
responses under relatively low NPP changes, SOC loss is exacerbated by
NPPincreases under warming under low NPP changes (<30%; Fig. 1a).
Averaging globally, similarly to the subsoil, a 60% increase in NPP
also cannot entirely offset 1.5 °C warming-induced SOC loss in the
whole 1-m soil (Fig. 1a), suggesting that additional NPP required to
entirely offset warming-induced SOC losses would be unrealistically
high. Indeed, much lower NPP changes have been observed in most
Free-Air CO, experiments (FACE)*"* or predicted by Earth system
models under future climate change scenarios”,

Among ecosystems, similar contrasting responses of topsoil and
subsoil SOC to NPP changes persist in terms of both magnitude and
direction in most ecosystems (Fig. 1b). In the topsoil, specifically,
a27% increase in NPP in deserts, 54% in tropical/subtropical grass-
lands/savannahs and 57% in temperate forests completely offset
the respective SOC reduction in topsoil. Especially, warming indeed
induces SOC gains in tundra systems, and this carbon sink is further

enhancedbyincreasing NPP (Fig. 1b). Inall other ecosystems, however,
a 60% increase in NPP cannot entirely offset warming-induced SOC
losses (Fig.1b).

Looking into the individual relationships between NPP and SOC
changes for each ecosystem in the subsoil (Fig. 1b), it appears that
global-level nonlinearity of the relationship is anaggregation of distinct
relationships at the ecosystem level. In five out of the nine ecosys-
tems (tropical/subtropical forests, temperate forests, Mediterranean/
montane shrublands, tundraand croplands), NPPincrease exacerbates
subsoil SOC reduction until crossing a tipping point, but the tipping
pointvalue variesamong the five ecosystems ranging from 20% to 50%.
In boreal forests, SOC reduction is first offset but then exacerbated
withincreasing NPP. Intropical/subtropical grasslands/savannahs and
deserts, onthe contrary, SOCreductionisalmost linearly counteracted
by increasing NPP, albeit at distinct counteracting rates. In these arid
and semi-arid ecosystems, plants may allocate more NPP to the subsoil
to acquire moisture as NPP increases under warming (Extended Data
Fig.3b). This moisture acquisition, inturn, could reduce soil moisture
available for microbial decomposition, thereby promoting subsoil SOC
accumulation. In temperate grasslands, NPP increase continuously
exacerbates SOCreduction, withamuch higher exacerbating rate when
NPPincrease exceeds 40% (Fig.1b). Overall, these results demonstrate
distinct responses of subsoil SOC to NPP shifts among ecosystems.

Drivers of SOC responses
The differential responses of SOC across soil depths and among
ecosystems may be attributed to potential changes in the vertical
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allocation of below-ground productivity. If plants allocate less carbon
to the subsoil while allocating more to the topsoil, this could lead to
much higher carbon inputs to the topsoil, thereby promoting SOC
storage therein. However, we do not find a significant increase in the
below-ground allocation of NPP (BNPP) to the topsoil either on the
global scale (Extended Data Fig. 4a) or at the ecosystem level under
the warming and NPP change scenarios (Extended Data Fig. 4b).
On the contrary, globally, the proportional allocation of BNPP to
the subsoil layer has increased although this increase declines with
increasing NPP (Extended Data Fig. 3a), in line with observations from
field warming and FACE experiments'**°. Among ecosystems, how-
ever, the depth allocations of BNPP show contrasting responses to
NPP changes (Fig. 4b), but do not show apparent alignment with the
responses of both topsoil and subsoil SOC (Fig. 1b).

Todelveinto the controls of ASOC, we fitted a machine-learning-
based statistic model (random forest) driven by NPP changes (ANPP)
and a suite of other environmental factors (Methods). The model
explains >82% (R*> 0.82) of the global variance of ASOC both in the
topsoil and subsoil (Fig. 2a,b). Soil CNR emerges as the most influ-
ential predictor, followed by ANPP (Fig. 2a,b). Once again, the allo-
cation change of BNPP (Afy\pp) is relatively marginal compared to
the importance of CNR (Fig. 2a,b). Additionally, total soil nitrogen
content is a more important predictor than Afyyep in the two depths.
Other environmental factors (for example, baseline MAT and mean
annual precipitation (MAP)) also regulate ASOC but are lessimportant.
This order of predictor importance suggests that soil nitrogen status
playsakeyroleinregulating the response of SOC to NPP changes under
warming and plant productivity changes.

Pooling together all ASOC estimates under warming and differ-
ent NPP change scenarios, a linear meta-regression of ASOC against
CNR indicates that ASOC is significantly negatively related to CNR
in both soil layers (Fig. 2c,d). Specifically, SOC gradually shifts from
accumulationtoreduction with increasing CNR. Additionally, we fitted
amixed-effects meta-regression to explore the effects of CNR, ANPP
and their interactions on ASOC and tested whether and how their
effects varyamong soil depths (Methods). Among the two soil depths,
the slope of the relationship between ASOC and CNR is significantly
steeper in the subsoil thanin the topsoil (Fig. 3a), demonstrating that
SOC response shows stronger association with CNR in the subsoil than
in the topsoil. Inline with the general pattern of ASOC in response to
ANPP (Fig. 1a), ASOC is positively related to ANPP, but the slope for
the topsoil is significantly steeper than that for the subsoil (Fig. 3a),
suggesting that plant productivity increases provide more benefits
for topsoil SOC accumulation compared to subsoil. Thus, we would
like to highlight that the same amount of NPP changes may have dif-
ferentimplications for SOC in the subsoil and topsoil. This is because
the above-ground fraction of NPP (for example, litterfall) can directly
contribute to topsoil SOC storage, whereas carbon inputs to the
subsoil primarily come from below-ground root exudates and detritus.

Itis important to note that the effect of the interaction between
CNR and ANPP on ASOC is significant for both layers but opposite in
terms of direction between the two depth layers (Fig. 3a). In the subsoil,
the effect of the interaction is positive. That is, with increasing NPP,
the negative effect of CNR weakens, and thus the positive effect of NPP
gradually becomes dominant. This result well explains the multi-phase
nonlinear responses of SOC to ANPP in the subsoil showed in Fig.1.In
the topsoil, however, the positive effect of NPP is stronger (Fig. 3a); it
may always outweigh the negative effect of CNR, leading to the mono-
tonic positive response of SOC to ANPP in the topsoil regardless of
CNR (Fig. 1). However, the negative effect of CNR in the topsoil is still
reflected by the nonlinearity of the responsesin the topsoil (Fig. 1). To
further distinguish the effect of CNR, we classified the soil profilesinto
two groups with contrasting vertical distributions of CNR along the
soil profile: lower CNR in the topsoil versus lower CNR in the subsoil.
Using ASOC estimates in the two groups, we fitted meta-regression
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Fig. 3| The effects of soil CNR and productivity changes on the response

of SOC. a, The effects (coefficients) of the productivity changes (ANPP), CNR
and their interaction on SOC responses in two soil depth layers estimated by a
mixed-effects model driven by the standardized values of the three variables.
The coefficients for ANPP, CNR and their interaction are modelled to vary by
soil depth. b, The effects of ANPP and CNR on layer-specific SOC response
asimpacted by the vertical gradient of CNR across the two soil layers. Two
contrasting vertical distributions of CNR along the soil profile are considered:
lower CNRin the topsoil versus lower CNR in the subsoil. For each gradient, a
separate mixed-effects model s fitted driven by ANPP and CNR, allowing the
coefficients for the two variables to vary by soil depth. The error bars represent
95% confidence interval in both panels. nis the sample size of data using the
mixed-effect models, whichis the sameinaandb.

for each group to elucidate how the vertical CNR gradients influence
therelationships of ASOC with ANPP and CNRin the two depth layers.
The results demonstrate that the slope for the negative relationship
between ASOC and CNRis consistently steeper in the layer with lower
CNR (Fig. 3b). That is, the lower the CNR, the stronger the negative
association of SOC changes with CNR, regardless of soil depth layers.

Global spatial pattern of SOCresponses
We developed cross-validated random forest models (R*for validation
is 0.81, 0.81 and 0.79 for the 0-0.3-m, 0.3-1-m and 0-1-m soil depth
layers, respectively; Extended Data Fig. 5) across global terrestrial
ecosystems at the resolution of 1km, and estimated SOC changes
attributed to a typical scenario of 20% NPP increase (ASOCypp) by
calculating the difference between ASOC in response to 1.5 °C warm-
ing plus 20% NPP increase and to 1.5 °C warming alone in each 1-km
grid (Methods).

Across the globe, in the 0-0.3-m topsoil, 20% NPP increases
either offset or exacerbate warming-induced SOC losses, but offset-
ting is most common (Fig. 4a). Central Africa, South America and
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observed in field experiments involving elevated CO, in the relevant ecosystems,
whichare adopted fromref. 12, and the numbersinb are the sample size of
experimental data in the corresponding biomes. The purple points denote the
mean SOC change for each ecosystem, with error bars representing one standard
deviation. A map depicting uncertainties associated with the SOC changes is
provided in Supplementary Fig. 4. The violin plots inb,d,fshow the distribution
of SOC change in a,c,e among biomes. Coastline datain a,c,e from Natural Earth
(https://www.naturalearthdata.com/downloads/50m-physical-vectors/
50m-coastline).

Southeast Asia are the main regions with exacerbated SOC losses. On
average across the globe, percentage SOC lossesinduced by warming
are decreased by 3.0 + 0.3%, and this average offsetting occurs in all
ecosystems (Fig. 4b and Supplementary Table 2). We compared the
variationin predicted SOC changes inthe topsoil withthose observed
in field experiments involving elevated CO,, which usually enhances
NPP". Theresults indicate that the variance of predicted SOC changes
iscomparable to that observedin field experimentsinthe correspond-
ing ecosystems (Fig. 4b).

In the 0.3-1-m subsoil, the majority of global terrestrial regions
show exacerbated SOC losses, except in some dry regions, such as
central Asiaand central Australia (Fig. 4c). Averaging across the globe,
the estimated additional average loss is 2.8 + 0.5% (Fig. 4d and Sup-
plementary Table 2). Taking the two depth layers together, 20% NPP
increaseresultsinanadditional 15.7 + 2.8 Pg SOC losses in the 0-1-m soil
profile across the globe (Fig. 4f and Supplementary Table 2). On aver-
age, deserts are the ecosystem with the strongest positive effect of NPP
increase on SOC, followed by temperate grasslands, Mediterranean/
montane shrublands and tundra (Fig. 4f and Supplementary Table 2).

A nitrogen-driven framework
Giventheleadingimportance of CNR for explaining SOC responses to
NPPchangesacrosssoildepths, we proposeanitrogen-drivenframework
thatinterconnectsadditional plantgrowth and the relevant nitrogen (N)
requirementto predict soil carbon (C) balance under warming and plant
productivity changes (Fig. 5). Increased plant productivity enhances
C inputs into the soil (especially the topsoil due to above-ground
contributions and much denser roots compared to the subsoil), at least
partially offsetting warming-induced C losses. However, additional plant
growthrequires additional Nif assuming stoichiometric homoeostasis
of plants®, This additional N demand may be met by the additional N
mineralization induced by warming-accelerated C mineralization®",
If not and assuming no changes in other N input sources, any remain-
ing N deficit has to be filled by mining N from soil organic matter via
priming, concomitant with the acceleration of C loss®**,

Hence, soil CNRis critical (Fig. 2), as low CNR soil layers release
more N than high CNR soil layers per unit decomposition of soil Cin the
same soil profile. This can be attributed to a higher ‘return on invest-
ment’inmining lower CNR soil organic matter®* %, thereby intensifying
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Fig. 5| A nitrogen-driven framework for predicting SOC dynamics in response
to warming and plant productivity increase. The final balance of SOC under
warming and plant productivity alterations is governed by the allocation

of Nbetween plants and soil organic matter, further regulated by potential
stoichiometric shifts of both components. Increased plant growth requires
additional nitrogen (N) to maintain its stoichiometric balance (assuming no
stoichiometric shifts). Under the assumption of no external N inputs, this extra
N can come from: (1) warming-enhanced decomposition, which accelerates the
breakdown of existing SOC, releases N; (2) N mining (if enough Nis not released

Increasing

N mining
from decomposition), which results in plants to mine N from existing soil
organic matter, further accelerating carbon loss. Soil CNR along the soil profile
plays akey role. Soils (layers) with lower CNR (for example, subsoil) will release
more N per unit of decomposed soil organic matter compared to high CNR soils
(layers, for example, topsoil). This influences the extent of N mining needed to
meet plant N demand. Plant communities may also shift, affecting the amount
and quality of plant litter entering the soil and potentially changing their N
acquisition strategies. The width of the arrows indicates the relative magnitude
ofthe Cand N flow.

SOClossesinsoil layers with lower CNR like in the subsoil (Fig. 3). Across
soil depths, subsoil indeed exhibits significantly lower CNR than topsoil
on the global scale (Extended Data Fig. 6). It is also supported by the
fact thatifthe topsoil haslower CNR than the subsoil, the relationship
between ASOC and CNR has asteeper negative slopein the topsoil and
vice versa (Fig.3b). These results imply preferential N mining from soil
layers with lower CNR. Supportively, more below-ground NPP is allo-
catedtothesubsoil asshownin Extended DataFig. 3. Field experiments
using N tracers had also revealed that plant species with root traits
(for example, deeper rooting depth) of effectively acquiring N from
subsoil layers outcompete plants with shallower rooting depth under
warming and elevated CO, conditions***°. Such depth-specific N uptake
behaviour of different plants may drive both short-and long-term shifts
in subsoil biogeochemistry under climate change, influencing SOC
dynamics across soil layers. Although N in deep soil layers may serve
as a crucial N source for plants under climate change conditions**,
we have to note that subsoil C-N coupling processesinsitu are poorly
understood and more studies are required.

Under certain conditions, plant community composition may shift
toalleviate N constraints****. Our assessment indicates that such shifts
occur more frequently under higher absolute NPP changes (Methods
and Extended DataFig.7), probably in response to N deficits. Changes
in species composition and biomass stoichiometry (for example,
C:Nratio) could alter N acquisition strategies, further influencing
SOC dynamics (Fig. 5). This trade-off between C accumulation and N
mining-induced SOC losses underpins the nonlinear SOC responses
observed (Fig.1a).Specifically,at moderate NPP increase (for example,
30%inthisstudy), N mining outpaces the benefits of enhanced Cinputs,
leading to net SOC losses. As NPP continues to rise and crosses a tip-
ping point (for example, exceeding 30%), plant community shifts and
adaptation strategies may slow the acceleration of N mining, allowing C
accumulationto outweigh losses, ultimately leading to net SOC gains.

We observe diverse SOC responses to warming and plant pro-
ductivity changes in terms of both magnitude and direction at both
the ecosystem level and globally and across soil depths. Multiple lines
of evidence suggest that these diverse responses are fundamentally

governed by soil N availability. If warming-induced N mineralization
canmeet plant demands, increased NPP may offset SOC losses. If not,
plants intensify N mining, exacerbating SOC losses. The magnitude
of the N deficit, along with the capacity of certain plant species (for
example, N-fixing legumes) to acquire N, influences the response of
plant communities®>®, In N-limited systems, plant communities may
undergo shifts characterized by changes in biomass stoichiometry**
oradaptations to enhance N mining efficiency*®*”. Thus, the balance of
SOC under warming and plant productivity alterationsis governed by
theallocation of N between plants and soil organic matter, further regu-
lated by potential stoichiometric shifts of both components (Fig. 5).

The nitrogen-driven framework provides afoundation for under-
standing whole-profile SOC dynamics in response to warming and
plant productivity changes and other global change factors. Nitrogen
depositionand fertilizer application, for example, provide additional N
to meet the requirements for additional plant growth and/or alleviate
Nmining, benefiting SOC accrual, particularly in N-limited systems*$*°,
In addition, plant community shifts involving N-fixing legumes may
alleviate N scarcity, reducing reliance on N mining and benefiting car-
bon accrual. As soil organic matter also includes other nutrients (for
example, phosphorous), the framework can be extrapolated to systems
with plant growth limited by those nutrients. To improve predictions
of SOC dynamics in response to warming and productivity changes,
we emphasize that it is imperative to consider their interplay, which
isecosystem and soil layer specific and mediated by the availability of
N and other nutrients. Boosting plant productivity is not enough for
mitigating warming-induced SOC losses, particularly for deeper soil
layers or nutrient-limited ecosystems and could even exacerbate SOC
losses under climate change due to nutrient mining.

Online content

Any methods, additional references, Nature Portfolio reporting sum-
maries, source data, extended data, supplementary information,
acknowledgements, peer review information; details of author con-
tributions and competing interests; and statements of data and code
availability are available at https://doi.org/10.1038/s41561-025-01697-1.
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Methods

Soil profiles

We used the latest global soil profile database (the 2023 snapshot)
collated and managed by the World Soil Information Service*, which
has been quality controlled using standardized processes. To ease
comparison and analysis, we further harmonized soil organic carbon
content (SOC,, g C kg™ soil) into two standard depths (that is, 0-0.3-
and 0.3-1-m soil layers) using mass-preserving splines®. At last, we
obtained 121,345 and 92,193 SOC_. measurements in the 0-0.3- and
0.3-1-msoil depth, respectively. Using the SOC_. measurements, SOC
stock (SOC,, Mg C ha™) in the two depth layers were further calcu-
lated combining estimates of soil bulk density and gravel content as
described inref. 51. The SOC, in the 0-1 mis calculated as the sum of
SOC;inthe 0-0.3-and 0.3-1-m depth layers. Another 2,778 measure-
ments in the three depth layers from permafrost-affected regions™
were alsoincluded in the dataset.

From the same database and using the same approach, total soil
nitrogen content (TN,) and stock (TN,) was obtained for the three
standard layers. About 5% soil profiles do not have nitrogen records.
To amplify the use of SOC measurements, missing nitrogen datawere
extracted from WISE (World Inventory of Soil Emission Potentials)®.
The soil carbon-to-nitrogen mass ratio (CNR) in each soil layer was
then calculated. Finally, we obtained 124,123; 94,971 and 94,971 data
points including SOCs, TNs and CNR for three standard soil layers,
respectively (Extended Data Fig. 1). The locations of the soil profiles
span across global terrestrial ecosystems, covering all major biome
groups with mean annual temperature ranging from -20.0 t0 30.7 °C
and mean annual precipitation from 0 to 6,674 mm.

Net primary productivity and its allocation

We used two observational global datasets of NPP derived from
satellite images and field survey, respectively. The satellite-derived
NPP product was generated by remote sensing observations of
the moderate-resolution imaging spectroradiometer (MODIS) with
a 1-km spatial resolution®. It is one of the most widely used NPP
products and contains annual NPP estimates in each 1-km grid
during the period 2001-2022. In the grid with soil profiles, we calcu-
lated the grid-level average NPP from 2001 to 2022 to represent the
average NPP at the location of each individual soil profile (that is, soil
profilesin the same grid share the same NPP).

The field-observation-derived NPP dataset is a global mapping
product at 1-km spatial resolution®. Briefly, a global dataset includ-
ing field NPP from 725 soil profiles, root biomass and its depth dis-
tribution from 559 soil profiles were compiled and used to train a
machine-learning-based model to infer the depth distribution
of below-ground NPP (BNPP) across the globe and digitally map
depth-resolved BNPP globally at 1-km resolution. The depth allocation
of BNPP was assumed to follow the depth distribution of root biomass
and turnover, with the consideration of vertical carbon transport along
the soil profileinduced by leaching and/or bioturbation using a partial
differential equation®**. A detailed description of the BNPP dataset and
the modelling for the depth allocation of BNPP can be foundinref. 26.
From this mapping product, NPP, BNPP and its fractional allocation
to different soil depth layers (fz\pp) at the location of each soil profile
were extracted to represent the above- and below-ground allocation
of NPP and its vertical allocation in each soil profile. The MODIS NPP
and observation-derived NPP were averaged torepresent the average
NPP at eachlocation.

Environmental covariates

Mean annual temperature (MAT) and precipitation (MAP) at each
soil profile location were extracted from WorldClim version 2
(ref. 56), which is a global mapping product at the resolution of
0.0083° x 0.0083° using monthly temperature and precipitation
records during the period1970-2000. Soil profiles inthe same 0.0083°

grid (that is, -1 km?*at the equator) share the same MAT and MAP. The
WWF (World Wildlife Fund) map of terrestrial ecoregions of the world*’
was used to extract the biome type at each soil profile. The MODIS
land-cover map®® at the same resolution of WorldClim was used to
identify whether the soil profile was located in a cultivated land (that
is, cropland or cropland/natural vegetation mosaic). A global landform
spatial layer was obtained from Global Landform Classification® to
identify thelandformateachsoil location. Global terrestrial lands were
divided into three general landform types: plains including lowlands,
plateaus and mountains including hills. A global spatial map of the
12 United States Department of Agriculture soil orders was used to
distinguish the soil type at each soil profile. The dominant mycorrhizal
type ateachsoil profile location was gained from the global map of the
percentage of above-ground plant biomass of mycorrhizal vegeta-
tion®. A detailed list of the environmental covariates was presented
and described in Supplementary Table 1.

Space-for-change substitution

The more than120,000 soil profiles cover diverse climatic and edaphic
conditions across the globe. We used a modified space-for-change
substitution combined with meta-analysis techniques to quantify
the response of SOC to NPP changes and warming under various
environmental conditions®. The approach has been explicitly described
inref. 4 and applied to estimate the responses of whole-soil profile
SOC to warming* and climate extremes®'. Taking advantage of the
global spatial coverage of the dataset (Extended Data Fig. 1), the
approach controls other confounding variables such as soil type and
landform and precipitation and its seasonality and disentangles their
influence. Using the approach, we quantified the responses of SOC
to a series of scenarios of plant productivity changes under warming
(Extended DataFig. 2). To cover potential changes in NPP under climate
change, agradient of NPP changes from -20% to 60% by 10% increment
was considered, whereas the warming magnitude was assigned to
1.5°C, whichis the internationally agreed warming limit®,

Indetail, asoil profile was first randomly selected from the 124,123
soil profiles. This profile was treated as a criterion to select agroup of
soil profiles sharing the same MAT, MAP, precipitation seasonality,
landform and soil type. This group is called ambient group (A group;
Extended DataFig.2). Then, another two groups (thatis, W and W+NPP
groups; Extended Data Fig. 2) were selected according to the same
selection criterion defined by the A group except MAT and NPP. Spe-
cifically, the MAT in W group must be certain degrees higher (1.5 °C
in this study) than that in the A group to reflect warming. Similarly,
the MAT and average NPP in W+NPP groups must be certain degrees
higher than thatinthe A group to represent simultaneous warming and
NPP changes (that is, ANPP, the changes scenarios from -20% to 60%
by 10% interval). During the selection process, as MAT, NPP and MAP
are continuous variables, they cannot be exactly the samein the same
group and so tolerance values (t, which defines the allowed maximum
deviation of MAT, NPP and MAP in the same group) of 0.5 °C, 5%, and
25 mm were assigned for MAT, NPP and MAP, respectively*.

By conducting the above selection and grouping processes, we
obtained a triple including three groups (that is, a set of A, W and
W+NPP). With the replacement of sampled profiles, the random selec-
tion of the criterion profile and grouping processes were repeated
to gain enough triples, and the selected criterion profile must be
unique and has not been selected as the criterion profileinany triples.
Additionally, triples that include groups with one soil profile were
excluded. Atlast, we obtained a set of triples with the same warming and
NPP change levels under different baseline environmental condi-
tions (that is, ambient MAT, MAP, precipitation seasonality, soil type
and landform). Within triples, as the groups share the same environ-
mental conditions, the effects of those environmental covariates are
thus eliminated, facilitating the quantification of SOC changes
as impacted by warming and NPP. Whereas the effects of those
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environmental covariates are reflected by the difference of SOC
responses among triples.

Here we would like to note that all soil profilesinthe same A group
belong to the same biome, but biome type is allowed to change in the
corresponding W and W+NPP groups as warming and NPP changes
may be associated with plant community shifts. Other environmental
factors, suchas soil nitrogenand pH, are not controlled in the grouping
process. The main reason is that these biophysical factors may shift
with warming/NPP changes®. The selection itself will determine this
shift, which canbereflected by the difference of these factors between
the A and W/W+NPP groups. So the difference of SOC among triples
reflect the long-term, integrated effects of warming/NPP changes
on SOC via potential direct and/or indirect pathways (for example,
warming-induced shifts in vegetation and soil properties).

Estimation of the response of SOC to warming and NPP
changes

Meta-analysis techniques were used to estimate the response of SOC
to W+NPP by comparing SOC stockinthe Agroup to thatin the W+NPP
groups, respectively. For the ithselected triple (A, Wand W+NPP), the
logarithmic response ratios of SOC (InR;) to W and W+NPP could be
calculated, respectively, as:

SOCy;
InRy,; =In ( Wi ) (0]
50C,;
SOC i
InRW+NPP,i =In w B )
50Cx,;

where SOC, ;, SOCy,; and SOCy,npp,; are the mean SOC stock in the
A, Wand W+NPP groups of the ith triples, respectively.

Then the individual InRy.npp,; Values calculated for each triple
were used to estimate a global mean response ratio (InRy,npp ) by @
weighted mixed-effects model using the rma.av function in metafor
in R version 4.1.1. The weight (w) was calculated as the inverse of the
sum of within- (v) and between-group (%) variances in the same triple:

% (InRw npp,; X W;)

2w ’ @)

InRy npp =

where w; = U%ﬂ is the weight for the InRy.xee; in the ith triple. The
within-group variance (v) was calculated as:

2 2
v = SW+NPP SA (4)
= ’
NW+NPPX5V+NPP NAXi

where S,,.npp and S, are the standard deviation of SOC in the W+NPP
(or W)and A groups, respectively; Xy.npp and X, are the mean of SOCin
the W+NPP (or W) and A groups, respectively; Ny.npp and N, are the
number of samples (that is, the number of soil profiles) in the W+NPP
(orW)and Agroups, respectively. The between-group variance (r?) was
estimated by restricted maximum likelihood. To assistinterpretation,
InRy,npp Were back transformed and reported as percentage change,
that is, ASOC = (e"Rw+wr — 1) x 100%. The back-transformed values
were also used for subsequent data analyses.

In addition to calculating the response ratio on the global scale,
to evaluate potential differences in SOC responses among differ-
ent ecosystems, the response ratios have also been estimated at the
ecosystem level by including only triples with A groups sharing
the same biome type. Here it should be noted that plant community
change would be associated with warming and plant productiv-
ity changes. So soil profiles in the W and W+NPP groups would be
different in terms of biome type (that is, plant community shift with
climate change).

Robustness assessment

In addition to the controlled precipitation, precipitation seasonality,
landform and soil type, the space-for-change substitution approach
implicitly assumes®* that other land surface processes (for example,
land use, ecosystem successional stages) that may influence SOC
dynamics are not systematically different among the three groups in
the same triple*®. For example, if the A group contains only profiles
locatedin cultivated lands and the W+NPP group contains only profiles
locatedin natural lands, the estimated SOC change would be predomi-
nantly induced by the difference inland use and management, poten-
tially masking the effects of warming and plant productivity changes.
To test the stability of the estimates of SOC change, we repeated the
global-scale assessment by excluding soil profiles from croplands.
The new estimates of SOC response were comparable with the original
estimates including cropland soils (Supplementary Fig. 1). The two
estimates in terms of both magnitude and trend were similar in both
topsoil and subsoil (Supplementary Fig. 1). Additionally, to demon-
strate the influence of these soil with relatively extreme CNR values, we
compared the SOCresponses estimated using all datato that using data
excluding soil profiles witha CNR of <1 or >100 (Supplementary Fig. 2).
No significant differences were observed between the two estimates.
To check the reasonability of the spatial distribution of triples, the
2,000 triplesrandomly selected were shown in Supplementary Fig. 3,
whichreveals that nearly all triples have arelatively small space, further
demonstrating the reasonability of the approach.

Driver analysis

Toexplorethe variationin theresponseratios of SOC (thatis, InRy,npp.)
across the globe and elucidate its drivers, a machine-learning-based
statisticalmodel—random forest (RF)—was fitted. The model aimed to
elucidate the role of climate conditions, soil properties, vegetation
propertiesand terrain attributes, incorporating a total of 39 potential
environmental variables (Supplementary Table 1). Before fitting the
model, collinearity among the predictor variables was assessed using
the variance inflation factor (VIF) with the viffunctionin the car package
in R version 4.1.1. Predictors with a VIF greater than 10 (16 out of the
39variables) were excluded fromthe analysis. A tenfold cross-validation
approach was employed to optimize model hyperparameters,
including mtry (number of randomly drawn candidate predictors),
splitrule (splitting rule) and min.node.size (minimal node size), using
thetrainfunctioninthe caret package. The best RF model was selected
based on the highest coefficient of determination (R?).

The relative importance of each predictor was estimated by per-
mutation variable importance using the varImp function in R pack-
age caret. Briefly, based on the times a predictor selected for branch
splitting when growing a tree in model, the mean square error for
every given regression tree with out-of-bag estimates is calculated.
The change of model residuals due to that splitting represents the
influence of the predictor. To compare the relative importance of
individual predictors, their influences were first normalized by the
totalinfluence of all predictors and then multiplied by the explanatory
power of the model for variation (thatis, R% Fig. 2a,b).In addition, using
fromall NPP change scenarios, amixed-effect model treating soil CNR
and NPP change (which are the two mostimportant predictors of SOC
changes; Fig. 2) asthe fixed factors and the depth layers as the random
factor. Thismodel allows us to test whether and how the effects of CNR
and NPP on SOC changes depend on soil depths. Using standardized
values (thatis, z-score) of CNR and NPP changes (as such, model coeffi-
cients canindicate relativeimportance of the effects of CNR, ANPP and
theirinteractions), the mixed-effect model analysis was conducted by
using the ImerTest package in R version4.2.2.

Global mapping
Toillustrate the global spatial pattern of ASOC as impacted by warm-
ing and plant productivity changes, the cross-validated RF model for
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InRy.npp (Extended DataFig. 5) was applied under two specific scenarios:
S1, 1.5 °C warming without NPP changes; S2, 1.5 °C warming plus 20%
NPPincrease. The 20% NPP increment was selected asarepresentative
example, reflecting empirical observations and multi-model pro-
jections of NPP changes”?’. The model was synchronously applied
under the two scenarios at the resolution of 1 km across the globe
using gridded data of model predictors. Predictors that were not at
the 1-km resolution were resampled to 1 km. The baseline SOC stock,
together with other soil properties required by the model, used the
WISE dataset®. For the predictor Afgyep, We assumed that it is equal to
0. The additional SOC changes in each pixel induced by the 20% NPP
increase was calculated as difference between SOC changes predicted
under the S2 scenario and that under S1 scenario, resulting in 500
estimates of the additional changes by the 500 trees in the RF model.
The uncertainty of this additional SOC changes was estimated as the
standard error of the 500 estimates (Supplementary Fig. 4).

Data availability

Thelatest WoSISdataset24 canbeaccessedathttps://www.isric.org/news/
wosis-new-set-standardized-soil-profiles-released-wosislatest-june-2
022.The MODIS NPP data canbe accessed at https://Ipdaac.usgs.gov/
products/mod17a3hgfv061/. The field-observation-derived NPP and
its allocation in soil layers dataset can be gained from ref. 26. Other
data used in this study are the same as those used in ref. 4, which
are publicly accessible. The coastline data in all maps are publicly
accessibleand canbe accessed at https://www.naturalearthdata.com/
downloads/50m-physical-vectors/50m-coastline/. Source data are
provided with this paper.

Code availability

Code (Rscriptsdeveloped using R version 4.2.2) used to assess the data
and generate the results are accessible via figshare at https://doi.org/
10.6084/m9.figshare.25859092 (ref. 65).
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Extended Data Fig. 1| The global distribution of soil profiles among biomes. tropical/ subtropical grasslands/savannas. Coastline data from Natural Earth
The number behind biomes is the sample size of soil profiles in the biome. This (https://www.naturalearthdata.com/downloads/50m-physical-vectors/
data contains the latest WoSIS*. TS forests, tropical/subtropical forests; Med/ 50m-coastline).

Mon shrublands, Mediterranean/montane shrublands; TS grasslands/savannas,
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Extended Data Fig. 2| Schematic representation of the approach used to changes in NPP, and MAT, of interest, respectively. SOC values in the warming
quantify the response of soil organic carbon (SOC) to plant productivity (W), and warming plus NPP changes (W+NPP) plates are compared to the values
changes and warming. Fach dot represents one SOC observation. Dots in the i inthe ambient (A) plates in the same group to calculate a weighted average
plate share the same mean annual temperature (MAT, ;) and plant productivity effect size (i.e., the response of SOC to AT, and AT + ANPP) by the inverse of the
(NPP, ), while dots in the same color plates indicate a group sharing the same sum of within- and between-group variances, using meta-analytic techniques
mean annual precipitation (MAP), precipitation seasonality, landform, and soil (Methods). Figure adapted with permission from ref. 4, Springer Nature Limited.

type.ANPP (shownin Supplementary Table1) and AT (1.5 °Cin this study) are
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Extended Data Fig. 3| Changes in belowground net primary productivity

(BNPP) allocation. a, the changes [(BNPP 5., ;,/BNPP 1, caumen: ~ BNPPg 3

m/

BNPP_¢oniro) / (BNPPg 5.1 o/ BNPP ..o ]1in BNPP allocated into subsoil (0.3-1m)

onaglobalscale. b, the changes in BNPP allocated into subsoil among

ecosystems. Dashed line shows the 1:1line. The shading envelope represents

the 95% confidence interval, with the corresponding similar colour solid
line shows the average. TS forests, tropical/subtropical forests; Med/Mon
shrublands, Mediterranean/montane shrublands; TS grasslands/savannas,
tropical/ subtropical grasslands/savannas.
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Extended Data Fig. 4| Changes in belowground net primary productivity
(BNPP) under warming and NPP change scenarios. a, BNPP changes coincide

total NPP changesin all three soil depth layers on a global scale. b, BNPP

changes in three soil depth layers among ecosystems. Dashed line shows the

1:1line. The shading envelope represents the 95% confidence interval, with the
corresponding similar colour solid line shows the average. TS forests, tropical/
subtropical forests; Med/Mon shrublands, Mediterranean/montane shrublands;
TS grasslands/savannas, tropical/ subtropical grasslands/savannas.
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Extended DataFig. 5| The performance of random forest model for predicting global soil organic carbon changes induced by 20% NPP increase. The colour solid
lineis theregression line. The grey dotted line represents 1:1line.
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Extended Data Fig. 6 | The difference of soil carbon:nitrogen ratio between two soil depth layers. Boxplots show the median and interquartile range (IQR), with
whiskers extending to the most extreme values within the 1.5 times of IQR. n represents the sample size. Pvalues are for two-tailed tests.
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productivity changes under warming. The percentage shift is calculated as the within the 1.5 times of IQR. The red point represents the average. The numbers at
fraction of ecosystem types at each profile location in the W+NPP group that are the top of the box are the sample size.

different from the ecosystem type in the A group. Boxplots show the median and
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