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Grazing has been associated with contrasting effects on soil carbon stocks
atlocal scales, but accurate global assessments of its netimpact are lacking.
Here we conducted a meta-analysis of 1,473 soil carbon observations from
grazing studies to quantify global changes in soil carbon stocks due to
grazing practices. Our analysis shows that grazing has reduced soil carbon
stocks at1-m depth by 46 + 13 PgC over the past 60 years. The interplay
between grazing intensity and environmental factors explains global
variations in soil carbon changes. Maps of optimal grazing intensity indicate
thatimplementing grazing management on 21 million km? of grazing lands,
mainly through decreasing grazing intensity on 75% of lands and increasing

itontherest could resultinapotential uptake of 63 + 18 PgC in vegetation
and soils. These results highlight the potential of employing grazing as a
climate mitigation strategy.

Soil carbonisanimportant component of the global carbon cycle, act-
ing as both asource and sink for atmospheric carbon dioxide (CO,)"?,
andplaysavitalrolein climate regulation**. Globally, the carbon stored
insoilsisthree timeslarger thanin the atmosphere, but its stability is
influenced by a range of interrelated factors, including climate’, soil
physical properties® and human-induced land use changes such as
livestock grazing’. Understanding how soil carbon responds to these
pressuresis key to developing strategies for carbon sequestration and
sustainable land management.

Livestock grazing, accounting for 77% of the global farming land’,
playsanimportantroleinthesoil carbon cycle’°. Grazing can stimulate
plantgrowth and allocation of carbon to roots and associated microbes,
which canlead to anincrease in the amount of carbon being taken up
from the atmosphere and often stored as mineral-associated organic
carbon in the soil®"'. However, overgrazing can cause soil erosion and
damage to plant inputs, decreasing soil carbon storage'®*. Globally,
overgrazing has led to extensive land degradation, affecting approxi-
mately 262 million hectares™"*. Managing grazing in away that balances
the positive and negative impacts on soil carbon stocks is thus crucial.

Understanding the global variations and controls of soil carbonin
response to grazing is complex, partly because soil carbon is located

belowground and its responses to grazing cannot be detected by satel-
lites™2. Many countries, especially developing countries, have applied
the Tier-1approach from the Intergovernmental Panel on Climate
Change (IPCC) for assessing soil carbon changes due to grazing®. This
approach employs default stock change factors atadepth of 30 cm (ref.
16). While straightforward toimplement, the simplified Tier-lmethod
lacks the granularity needed to capture spatial and depth variationsin
soil carbon changes due to grazing. Addressing these issuesisacritical
step to understand the extent to which improved grazing management
canserve as an efficient climate strategy for carbon sequestration”.
Inthis Article, we used adatabase of 1,473 paired soil carbon stock
observations to assess global patterns of carbon stock changes in dif-
ferent soil layers due to grazing and estimate carbon sequestration
potential from grazing optimization at aglobal scale (Supplementary
Fig.1and Extended DataFig.1). The sign of soil carbon stock changesin
response to grazing varies within the database, with declines, remain-
ingunchanged or even increases observed in individual experiments
(Supplementary Fig. 2). Therefore, our specific objectives are to (1)
use a meta-analysis to quantitatively summarize results across multi-
ple studies, investigate potential predictors of the divergent grazing
effectsand produce spatially explicit global estimates of grazing-driven
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Fig.1|Meta-analysis of the grazing effects on soil carbon stocks across
different factors. n=1,473. Overall means and 95% Cls are shown; the grazing
effects were considered significant if the 95% Cls did not overlap with zero. Values
in parentheses represent sample sizes. See Supplementary Table 1for more
details.

carbon stock changes in topsoil (0-30 cm) and subsoil (30-100 cm)
over the past 60 years; (2) establish empirical relationships between
carbon stock changes, grazing activities and local environmental
conditions for each grazing grid, and generate a global map delineat-
ing optimal grazingintensities; and (3) evaluate the maximum carbon
sequestration achievable through optimized grazing management,
offering a targeted approach to climate mitigation.

Potential predictors of soil carbon change under
grazing

Overall, grazing significantly reduced soil carbon stocks by 9.5% across
experiments (Fig.1;95% confidenceinterval (CI) -13% to -6%, P < 0.001).
This reduction, however, is not uniform; the impacts of grazing exhibit
substantial variations across environmental and anthropogenic factors
(Fig.1). Using arandom-forest approach (Methods), we find that graz-
ing intensity (GI) and temperature best explain the variations in soil
carbon stock changes in response to grazing (Supplementary Fig. 3).
The relationship between grazing intensity and soil carbon stock
change was non-linear across field experiments (Fig. 2, P < 0.001,
n=780); in general, soil carbon stock increases and then decreases
with GI. Such a non-linear response might be closely related to root
carbon dynamics. The grazing optimization hypothesis suggests that
compensatory plant growth occurs atalight or moderate disturbance
level'®", In this case, more plant carbon would be allocated toroots, thus
favouring carbon accumulationin the soil*’; however, this is reversed
under heavy grazing (Fig. 2). These mechanisms also help explain why
there was an overall reduction in soil carbon loss across experiments
(9.5%), as about half of these experiments focused on heavy grazing
(Fig.1). Totest the hypothesis, we further analysed the relationship of

root carbon change with Gl across field observations (Methods) and
found a similar response pattern as observed in soils (Supplemen-
tary Fig. 4, P<0.001, n=738).In contrast, the relationship between
temperature and soil carbon stock change was significantly negative
(Supplementary Fig. 5a, P< 0.001, n=1,473), primarily attributed to
higher microbial activities under warmer conditions>°. Overall, we
found that grazed plots characterized by high grazing intensities and
warmer climates tend to exhibit more pronounced negative soil carbon
responses, and these relationships are secondarily modulated by soil
properties such as soil C:N (an indicator of nitrogen availability) and
soildepth (Supplementary Fig. 3). However, the grazing effects did not
vary significantly across experimental durations and livestock types
(Supplementary Figs. 5-8), indicating their limited utility in predicting
soil carbon responses to grazing.

Global effects of grazing on soil carbon stocks

We then applied our predictive model (tenfold cross-validation
R?=0.61; Supplementary Fig.9) toscale up the site-level observations
acrosstheglobe atal-kmresolution to quantify changes intopsoil and
subsoil carbon stocks due to grazing (Fig. 3). Globally, we estimated
that livestock grazing has reduced soil carbon stocks by 17 £ 4% at a
depth of 1 m over the past 60 years, which corresponds to anabsolute
loss of 46 + 13 PgC across about 24 million km? of grazing lands (Sup-
plementary Table 2). The predicted soil carbon loss (-17%) is substan-
tially higher compared to process-based model simulations (-5.8%)",
probably due to the inadequate representation of critical processes
related to overgrazing in existing models, such as species composition
changes?, soil compaction due to trampling® and nutrient loss due to
erosion?. Moreover, while soil carbon was lost throughout the soil
profile, we observed anincrease inloss with increasing depth (Supple-
mentary Table2). Specifically, compared to the topsoil (-17.3 + 2.3 PgC),
subsoil contributes to more than 60% (-28.4 + 8.43 PgC) of the total
soil carbon loss (Supplementary Table 2).

In general, overgrazing can reduce carbon content at depth
through reduced soil carbon inputs due to limited root growth and
increased soil carbon outputs due to erosion®"* (Supplementary
Fig. 10a, P < 0.001). Moreover, topsoils are often more susceptible
than subsoils to animal trampling, leading to a significant increase
in surface soil bulk density (Supplementary Fig. 10b, P < 0.001).
These processes, which are particularly pronounced under high
grazing pressures prevailing in most parts of the world over last
decades™, together explain the greater reduction of carbon stock
in subsoils than in topsoils (Supplementary Table 2 and Fig. 3). The
differences in background soil carbon stocks of layers could also
partially explain the carbon loss variations, since subsoils typically
store large amounts of carbon?, and a small percentage change can
lead to great carbon loss.

Across ecozones, we found that the negative grazingimpacts were
greatest in the tropics (-23.4%), followed by subtropical (-16.5%) and
temperate zones (-15.2%), and lowest in boreal zone (-8%) (Fig. 4a).
Specifically, substantial soil carbon loss due to grazing is most evident
insouthern Asia (-38%) and in central Africa (-30%) (Fig.3).In contrast,
soil carboninabout 5% of the analysed pixels showed minimal or even
positive responses to grazing, mainly in mid- to higher latitudes. These
patterns hold true for different soil layers and inboth relative and abso-
luteterms (Fig. 4a,b). Throughout the tropics, we estimated that graz-
ing hasled to aloss of 9.6 + 0.96 PgC from topsoil and 13.6 + 3.04 PgC
fromsubsoil, collectively accounting for 51% of the global carbon loss
(Supplementary Table 2).

Incontrastto the moderate to low pressure levelsin colder regions,
grazing disturbance is markedly high in most of the tropics (Supple-
mentary Fig.11), causing severe damage to plant inputs in these areas
(Supplementary Figs. 12 and 13). Moreover, in tropical climates, soil
microbial activities are high due to the hot climate and soils often
have limited carbon stablization capacity as a result of chemical
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Fig. 2| Relationships of grazing-driven soil carbon stock changes with Pvalues for two-tailed tests), with 95% Cls (shaded areas). Data shown here
grazing intensity. a, Data are from tropical (n = 24) and subtropical (n = 22) are from field grazing experiments, with grazing intensity representing the
zones. b, Data are temperate (n = 726) and boreal (n = 8) zones. The regression proportion of aboveground biomass consumed. Dot sizes are proportional to
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Topsoil carbon stock change
(%)

Subsoil carbon stock change
(%)

Fig. 3| Soil carbon stock changes due to livestock grazing. a,b, Global grazing-driven soil carbon stock changes (%) for topsoil (0-30 cm; a) and subsoil (30-100 cm;
b) upscaled from grazing experiments.
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Fig.4|Soil carbon changes due to grazing grouped by ecozones. a, Box plot
of predicted relative carbon changes (%) per soil layer and ecozone, aggregated
from the gridded mapsin Fig. 3. b, Bar plot represents cumulative partitioned
absolute soil carbon changes (PgC) induced by grazing (Methods).
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using the 2019 IPCC default stock change factors (Methods). Box plot shows the
25th and 75th percentiles (box borders), medians (central black lines) and data
ranges (whiskers). Datain b and c are presented as mean values +s.d. of different
soil carbon datasets (n =3).

weathering®. These unique environmental conditions, combined with
reduced inputs fromroots, could make tropical soils more susceptible
to organic matter loss under heavy grazing pressure (Fig. 3). There
are also other known factors such as species composition that might
help to explain the results that we did not capture in our analysis. For
example, compared with C3-dominant temperate grasslands, tropical
grasslands are often dominated by C4 grasses, known for their greater
root density**, This characteristic has substantial influence on soil
carbon dynamics in the presence of herbivory™.

Comparison with IPCC guidelines

TheIPCCguidelines typically use default carbon stock change factors
to calculate grazing-driven soil carbon loss (Methods). When compared
to our predicted values, we found that using IPCC’s defaults resultsin
aglobal underestimation of grazing-driven soil carbon loss by a fac-
tor of 3 (Fig. 4¢). This discrepancy is most pronounced in the tropics,
where grazing pressure is high, especially intropical dry soils. Here our

predicted losses are six times higher than those calculated using IPCC
defaults (Fig. 4c).In contrast, in boreal regions, where grazing pressures
arelow to moderate, our estimates indicate anincrease in soil carbon
storage, contradicting the IPCC’s suggestion of aslight decrease. These
differences arise because IPCC’s intensity-specific default factors do
not account for the complex effects of grazing and local conditions
onsoil carbon changes shown in our study'. For example, our results
suggest that heavy grazing could cause more severe soil carbon losses
thanexpectedin hotter and drier climates, while light grazing may even
promote carbon storage in colder regions (Fig. 3).

Climate mitigation potential of grazing
management

Overall, in line with current understanding’, our results illustrate the
complexinterplay between grazing and local environmental factorsin
shaping soil carbon dynamics. Consistent with field observations, our
global results show that soil carbonincreases with Gl until it reaches a
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amap (a) and aggregated by ecozone (b). ¢, Global distribution of ecosystem
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between present-day and optimal GI. f, Area of grazing land where the Gl needs
tobeincreased or decreased to reach the optimal level. Box plot shows the
25th and 75th percentiles (box borders), medians (central black lines) and data
ranges (whiskers). Datain d are shown as mean values + s.d. for total carbon
sequestration potentials across different plant and soil carbon datasets (n = 6).

maximum (Gl,,,) and then decreases rapidly after crossing athreshold
(Glyres)- However, the values of Gl and Gl identified are context
specific and vary greatly across ecozones (Supplementary Fig. 14),
depending on land use histories, as well as biotic and abiotic factors.
Considering the accelerating degradation of grazing lands in many
parts of the world", this underscores the importance of accounting
for these interactions at local scales when effectively managing the
fate of soil carbon to mitigate climate change.

We observed that about 4.2 million km? of land has exceeded the
Gl s duetolivestock grazing (Supplementary Figs.15and 16), account-
ing for 20% of the analysed grazing lands. This threshold crossing is
particularly pronounced insouthern Asia, eastern North America and
central Africa (Supplementary Fig. 16a), where the Gl has exceeded

its threshold by more than 50%. These findings underscore the need
to prioritize these regions for climate change mitigation strategies.
We calculated the maximum carbon sequestration potential achiev-
able through the optimization of grazing intensity on grazing lands
(Fig. 5a,b and Methods).

We found that global grazing land could sequester 63 + 18 PgC
under the optimal scenario, which offsets 12% of the historical car-
bon losses resulting from agricultural land uses in global vegetation
biomass®® and soils”. It is important to note, however, that the tim-
ing of ecosystem carbon reaching equilibrium after management
implementation was not specifically addressed in this study. Since
the efficiency of other nature-based solutionsin carbon sequestration
is often expressed as annual rates", a direct comparison with them
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is not straightforward. We encourage future work to study carbon
accrual rates in both soils and vegetation after the implementation
of grazing management practices. Nevertheless, by converting the
carbonsequestration rates of other solutions into potentials, we found
that the 63 PgC from grazing management is higher than the cumula-
tive potential of all wetland protection pathways from 2016 to 2030
(10.5 PgC)®. Itis comparable to the maximum biophysical scenario of
30-year natural forest regrowth, estimated at 73 PgC (ref. 30), but is
almost four times lower than the recently estimated global potential
for forest restoration, which stands at 226 PgC (ref. 31).

Carbon accumulation potentials from grazing optimization
exhibit substantial variability worldwide, with greater values often
foundineastern North Americaand southern Asia (Fig. 5c). Yet, despite
this, we found that the tropics (33 + 8.6 PgC) stand out as having the
highest mitigation potential probably due to their larger opportunity
areas (8.95 million km?), followed by the temperate (16.6 + 7.42 PgC;
6.89 millionkm?) and subtropical (12.9 + 3.5 PgC; 5.1 million km?) zones
(Fig.5d and Supplementary Table 3). Inaddition, compared with carbon
accumulated in plant (26 + 8.1 PgC; Supplementary Table 3), around
half of the mitigation potential, estimated at 37 +13.5 PgC, would be
present in soils, where sequestered carbon can be more stable and
kept for alonger period of time". Nonetheless, it should be noted that
this value is less than a third of the soil carbon required to offset the
greenhouse gas emissions from the global ruminantsector (135 PgC)*,
indicating that relying solely on optimizing grazing is not sufficient to
mitigate the warming caused by current ruminant systems.

To achieve optimal grazingintensity, our results suggest that -75%
(15.8 million km?) of global grazing lands should be subject to reduced
grazing pressures (Fig. 5e), most of which (13.7 million km?) would need
toreduce Gl by at least half. The magnitude of the Gl reductionislarger
inmiddle and low latitudes (Fig. 5e).Inaddition, Gl canbeincreasedin
about 25% (5.27 million km?) of global grazing lands to achieve optimal
Gl for carbon sequestration (Fig. 5f), mainly in certain high latitudes.

Limitations

While our analysis has enabled the estimation of grazing-induced car-
bon changes and climate mitigation potentials with higher accuracy
than previous estimates'*, it is important to acknowledge its limita-
tions. First, we must emphasize that the correlations observed in our
study do not necessarily imply causation (Fig. 2 and Supplementary
Fig. 5). In this context, conducting field grazing experiments across
multipleintensity gradients, along with detailed plot-levelinformation
(for example, plant and soil conditions), and employing specialized
analyticalmethods (for example, structural equation modelling) could
further substantiate the causal relationships, anuance that remains a
limitationinour currentapproach. Second, alarge portion of variability
in soil carbon stock change remaining unexplained (-39%). Although
we have evaluated model uncertainties (Methods), it is worth noting
that they reflect the bootstrap prediction uncertainty** and thus can-
not represent other potentially important sources. The unexplained
variations in soil carbon change may be attributed to limited data
availability at the plot level and geographical bias in data availability
(primarily from Chinaand North America; Extended Data Fig.1and Sup-
plementaryFig.17). Often, due to the unavailability of many plot-level
metadata, our model relied on interpolated global datasets with
coarse spatio-temporal resolutions. Further efforts are thus required
to minimize uncertainties in global datasets, primarily related to GI
estimates and soil properties (Supplementary Discussion). Yet, despite
these limitations, our study’s comprehensive nature, encompassing a
wide range of data sources and advanced analytical methods, allows
us to provide a robust estimate of grazing-induced carbon changes.
Our analysis, however, also brings into focus the inherent challenge
of fully capturing the complex causality in ecological systems. The
depth of our analysis serves to highlight the nuanced relationships
within these systems, while simultaneously acknowledging the need

for more targeted experiments to firmly establish causation. Last, it
isimportant to acknowledge that our analysis did not account for the
interactions between grazing and its effects on plant communities,
suchas above-belowground carbonallocation and species composition
shifts'®, other disturbances such asfire, and future climate conditions,
including global warming. These factors could potentially affect our
results, particularly the estimates of the capacity of global grazing
lands to capture and store carbon. Future studies should consider
these interactions to provide a more comprehensive understanding
of grazing land’s potential in carbon sequestration.

Inconclusion, our results represent both opportunities and chal-
lenges. Our work illustrates the interplay between grazing and local
conditions as amajor driver of soil carbon stock changes. Understand-
ing these drivers is critical for predicting the fate of soil carbon in the
future. Our analyses further suggest that global soil carbon stocks
are more likely to decrease under rising temperatures and increased
demand for animal products. Moreover, our high-resolution global
estimates of grazing-driven soil carbon stock changes offer a robust
and consistent methodology for assessing the impact of grazing on
soil carbon at both global and local scales. These results also provide
essential inputs for Earth system models that seek to represent graz-
ing processes explicitly. Incorporating the grazing module into Earth
system modelsis achallenge, but critical toimproving future modelling
efforts’. We found notable discrepancies between our predictions
and the IPCC default stock change factors, especially in tropical and
boreal regions. These suggest that countries using the IPCC defaults
inthese ecoregions may incur large errors in the grazing component
of their carbon budget, underscoring a need to revise carbon stock
changes due to grazing in inventory reports. Notably, since the IPCC
did notaccount for deeper soil layers', we consider these differences
to be conservative.

The maps of Gl,,.and Gl should provide a data-driven roadmap
for employing grazing as an effective climate mitigation solution. It
will allow local governments to determine the most promising loca-
tions to develop effective policies, such as the Grassland Ecological
Compensation Policy in China*, which will help achieve a ‘win-win’
scenario in terms of climate mitigation and livestock production of
grazing lands while also bringing other benefits such as biodiversity
conservation’®. However, achieving the potential 63 PgC sequestra-
tion under the optimal grazing scenario would require a substantial
reductionin livestock production on grazing lands globally, which is
particularly challenging for developing countries where large popu-
lations rely on grazing lands as their main source of income. While
the specific policy-relevant livestock initiatives required to reach the
optimal scenario are beyond the scope of this paper, we emphasize the
need for a concerted global effort from both the supply and demand
sides to make this goal feasible.
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Methods
Data collection
We collected dataonthe effects of grazing on soil carbon by searching for
peer-reviewed articles from the Web of Science, the ChinaNational Knowl-
edge Infrastructure Databases and recently published meta-analysis”,
with query terms including ‘grazing’ and ‘soil carbon’ (Supplementary
Fig.18).Experiments were selected only if they met the following criteria.
Grazing plots were subjected to large vertebrate herbivores (such as
sheep and cattle). The study should measure at least one of soil carbon
concentration, soil carbon stock or soil organic matter content at both
ungrazed and grazed plots. The information on site coordinates and
soil depth should be given. For enclosure studies, herbivores had to be
excludedformorethan15 years, which allows soil carbonresponses suf-
ficiently to the absence of herbivores®*. If studies included experiments
with different grazing durations, we selected the one with the longest
duration. Intotal, we collected 1,473 depth-specific paired observations
from 294 papers published globally between 1994 and 2019.
Considering the dramatic effects of animal trampling on the physi-
cal properties of the soil (for example, bulk density)', here we focused on
changesin carbon stocks rather thanin concentration. For each study,
we extracted dataon mean values, standard deviations (s.d.) and sample
sizes of soil carbon stock (tC ha™; n = 540 pairs) from tables or figures
using the GetData (v.2.25) software. Furthermore, we recorded dataon
site coordinates, climate, elevation, vegetation types, above- and below-
ground plant biomass (n =859 and 543, respectively), soil depth (rang-
ing from upper 5 cm to longer than 1 m), bulk density (g cm™; n=558),
soil carbon concentration (g kg™; n=948), soil organic matter (gkg™;
n=275), C:Nratio (n =342), clay content (%; n =119), grazing intensity
categories (light, moderate and heavy; n =1,111), livestock species (single
and mixed; n =955), grazing duration (n = 715; ranging from less than
lyearto 60 years). In addition, we classified soil samples into tropical,
subtropical, temperate and boreal ecozones based on site-specific
coordinates and Food and Agriculture Organization ecozones*.
About 37% (n =540 of1,473) measurements provided soil carbon
stock data. For the remaining data, soil carbon stocks were converted
fromsoil organic matter (n =191) or soil carbon concentration (n = 742).
When experiments only measured soil organic matter, we estimated
soil carbon concentration as soil organic matter content/2 (ref. 41). Soil
carbon concentration datawere converted to stocks based on soil bulk
density and soil depth. Specially, when data on bulk density were not
provided (n = 625), we estimated them based on empirical relationships
between soil carbon concentration (SOC; g kg™) and bulk density (BD;
g cm™) across the reported data for control and grazed sites (equations
(1) and (2) and Supplementary Fig. 19).

BDontrol = 1.25 x €70-01350€ 4 0.25 R? = 0.63,P < 0.001 o
BDjgrazea = 1.23 x €7001250C | 0,25 R2 = 0.53,P < 0.001 @

In our compiled dataset, about 75% (n =1,111 of 1,473) measure-
ments provided clearinformation on grazing intensity category (that
islight, moderate and heavy intensity). Most studies used the propor-
tion of aboveground biomass consumed as an indicator of grazing
intensity">*2. We analysed the changes in aboveground plant biomass
atdifferentgrazing intensity categories with reported values (Supple-
mentary Fig. 20). For studies that only provided data on Gl categories
or aboveground plant biomass, we defined light, moderate and heavy
grazingintensities as 0-30%,30-50% and >50% reduction in biomass,
respectively, whichis consistent with previous studies". Specially, for
a few mearsurements where aboveground plant biomass increases
(n=9), we defined them as moderate grazing intensity according to
grazing optimization hypothesis'®".

Meta-analysis
We calculated the natural logarithm of the response ratio (LRR) as a
metric to quantify the effect of grazing on soil carbon stocks for each

experiment. Effect sizes were calculated using the escalc function from
the metafor packageinR (ref. 43).

LRR = In ())%) = In(Xg) - In(Xo) @)
C

with X; and X; as mean values of the variables in the control and
grazed treatments, respectively. We also obtained the variances of
LRR to calculate overall effects and 95% CI using rma.mv function in
metafor, in which the variable ‘site’ was included as a random factor
and effect sizes from individual experiments were weighted by the
inverse of the variance. The bias-corrected 95% bootstrapped Cls in
this study were estimated using the Wald-type method, whichisbased
on the assumption of a normal distribution for the underlying data®.
The effect of grazing is considered significant if the 95% CI does not
overlap zero. If standard error was reported instead of s.d. in a study,
s.d. was calculated from standard error. For experiments that did not
provide SD or standard error (n =236 0f 1,473), Rubin and Schenker’s
resampling approach from the R package metagear was employed**.
This approach enables the estimation of s.d. even when only mean
values are available in a study through resampling from experiments
withsimilar means****. The percentage change in soil carbon stocks was
derived by the back-transformation of the response ratio (e'™*? x 100).

We performed Egger’s regression and fail-safe analysis to test
for publication bias. Specially, we used regtest function in R metafor
package to test for bias*®, and found that Pvalue for the test is less than
0.05 for most categorical variables (Supplementary Table 4), indicating
that publication bias exits. To further investigate the potential impact
of unpublished articles on our results, we performed the Rosenberg
fail-safe number analysis (fsn function). It is considered likely that
unpublished articles have an effect when the Rosenberg fail-safe num-
ber is less than SN +10 (N represents the number of observations). In
our case, the Rosenberg fail-safe numbers were greater than 5N + 10
(Supplementary Table 4).

Identifying important variables

To identify the important predictors of the grazing effect on carbon
stocks across grazing experiments, we selected ten uncorrelated vari-
ables, including climate (mean annual temperature and mean annual
precipitation), vegetation (normalized difference vegetation index),
soil (depth, organic carbon content, C:N ratio and clay content), anthro-
pogenic (grazingintensity) and experimental (duration and livestock
types) features. Using the R package randomForest*®, weranarandom
forest model to quantify the relative importance of these factors of
soil carbon change across the globe (Fig. 4). This approach is robust
in dealing with multiple predictors and their interactions as well as
considering non-linear relationships*.

Upscaling grazing-driven soil carbon stock changes across the
globe

Acquisition of environmental covariates. To create a spatially pre-
dictive model of the effect of grazing on soil carbon stocks, we first
sampled our prepared stack of 84 environmental covariates at each
independent data point within the compiled grazing database. These
layers included atmospheric, climatic, soil depth, soil nutrient, soil
physical, soil chemical, vegetation, topography and anthropogenic
variables (Supplementary Table 5), which have notable effects on soil
carbon change (Fig.1). Specially, values fromall gridded environmental
layers were extracted based on site-specific coordinate information,
while soil depth and grazing intensity information were taken from
original studies.

Geospatial modelling. To minimize the influence of ‘extreme’ val-
ues, we identified outliers as the values exceeding -3 or +3 s.d. from
the population mean. Consequently, three data were removed in our
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analysis. We used the R packages metaforest* and caret™ to train
a global model on 84 environmental covariates across data points
(n=1,329). The approach is based on the machine-learning ‘random
forest” algorithm® that can handle many types of predictors as well
as their interactions, and is integrated in a meta-analytic context by
including the variances and weights of each experiment®. We used a
grid-search procedure, with tenfold cross-validation, to select the best
hypermeter combination for the meta-forest model with the lowest
cross-validation root meansquare error (RMSE) (R* = 0.61, RMSE 0.22;
Supplementary Fig. 9). To test for and quantify the potential effect of
spatial autocorrelation in the model residuals, we performed Moran/
test™ and found the Moran / statistic is —0.052 (P> 0.05), indicating a
non-significant spatial autocorrelation in our data. We then used the
best meta-forest model to predict global high-resolution (-1 km) maps
of grazing-driven soil carbon change at each verticalincrementof 5 cm
toasoil depthof1m, which were further aggregated into two maps for
topsoil (0-30 cm) and subsoil (30-100 cm). All covariate maps (except
Gl, whichwas calculated; see below) were resampled and reprojected to
aunified pixel grid in EPSG:4326 (WGS84) at 30-arcsecond resolution
(-1 km at the Equator).

The absolute changes insoil carbon stocks and associated uncer-
tainties were calculated on the basis of three present-day datasets of
soil carbon stocks (equations (4) and (5)).

ASCS,e
100

ASCS,ps = (SCS — ASCS,ps) X “)

Using the equation, we can derive

SCS x ASCS,1/100

ASCSabs = ~73725Cs,,/100)

©)

where ASCS,, and ASCS, represent the absolute (tC ha™) and relative
(%) changes of soil carbon stocks after grazing, respectively. SCS is
present-day soil carbon stocks derived from SoilGrids 2.0 (ref. 52),
Harmonized World Soil Database (HWSD)** and the Global Soil Dataset
for Earth System Modeling (GSDE)** datasets. In addition, soil carbon
storge changes in units of PgC were calculated by multiplying ASCS,s
by grazing area.

Deriving grazing intensity at a global scale. Here we used the ratio
of grazed biomass to aboveground net primary production (ANPP)
available for grazing as anindicator of grazing intensity (equation (6)).
This metric, which was widely used in previous studies'****"%, has
the advantage in introducing an unambiguous baseline that is purely
dependent on natural conditions, and allows to provide a meaning-
ful and comparable measure for grazing pressures among different
ecosystems*,

TLU x FI

GA x anpp < 100 ©)

Grazing intensity =

where TLU refers to tropical livestock units (one TLU equals 250 kg live
weight)*® and GA is grazing area per grid cell. Fl represents grass feed
intake, defined as the amount of biomass consumed per TLU per year.
Inthis study, we derived Fl data from Fetzel et al.*?, which are available
ataregionalleveland have accounted for diverse factors (for example,
the feed structure for different livestock types, livestock in different
livestock production systems)*>*°*', Noting that here we focused only
onforage fromgrazing land, excluding feedstufffrom other sources*.
By employing livestock units, we can easily compare diverse types of
livestock and effectively estimate grid-level FI by leveraging gridded
livestock data (see below).

Itis straightforward that the uncertainty in Gl estimates stems
fromthe different global datasets and their own uncertainties. In this

study, we used Monte Carlo approach to bring combined uncertainties
of datasetsinto Gl estimates. First, in contrast to previous studies, ANPP
was estimated directly by difference between NPP and belowground
net primary production (BNPP). Specifically, two present-day NPP
datasets (MODIS®* and GIMMS3g®) were used. For both NPP dataset,
we assumed the values might vary 7% in each grid cell”. Global BNPP
was derived fromarecent study®*, which mapped the global distribu-
tion of BNPP and its uncertainty at 1-km resolution based on filed
observations. Two global maps of the extent of grazing land and their
uncertainties were used in this study®®, Moreover, the gridded map of
TLU was calculated based oninformation on TLU numbers per head for
livestock species™ and the global patterns of cattle, buffaloes, sheep,
goats and horse from the Gridded Livestock of the World database®.
Here we assumed the value of the livestock database might vary 10%
in each grid cell. For each dataset, we assumed truncated normal dis-
tributions and randomly created 100 samples within the uncertainty
range. Finally, these 400 Gl estimates (100 samples x 2 NPP datasets x 2
grazing extent maps) were used to calculate the mean and s.d. (Sup-
plementary Fig. 11).

Notably, due to the accumulation of uncertainties arising from
various input datasets (Supplementary Discussion), approximately
5% of the grazing area exhibits Gl values exceeding 100%, mainly in
southern Asia and central Africa. Previous studies have suggested
that these regions are indeed experiencing severe overgrazing>>°5,
Therefore, in this study, we assigned a heavy grazing intensity to these
areas and have varified that this adjustment did not alter our conclu-
sions (Supplementary Fig. 21).

Uncertainty and extent of extrapolation. To create per-pixel Cls in
estimations of soil carbon change, we performed a bootstrapping
procedure in R v4.0.5 software. In this analysis, the training dataset
isresampled 100 times with replacement. We then used these boot-
strapped resamples to train 100 meta-forest models and calculated
coefficient of variation on the basis of these 100 models’ predictions
for each pixel at each vertical increment of 5cmto asoil depth of 1m
(Supplementary Fig. 22). We also assessed the extent of extrapolation
in our models by examining how well training data represents the
univariate environmental covariate space®’. We first determined the
sample range through deriving the minimum and maximum values for
eachofthe 84 global covariate layers. Then we evaluated the number of
variables that fell inside and outside the sample ranges for each pixel
and created afinalimage that represents the proportion of bands where
the pixel value falls within the sample range (Supplementary Fig. 17).
About 97% of predicted pixels with values fell within the sample range
ofatleast 90% of all bands. The average percentage of pixels with val-
ueswithinthe sample range of the covariate layers was 98%. Itisworth
noting that although our sample covers most of the environmental
conditions on Earth, there are some regions (e.g., some tropics and
high latitudes; 25% of grazing area) that are not well represented in our
grazing experiments (Extended Data Fig.1and Supplementary Fig.17),
and we therefore excluded these regions from our analysis.

Nonlinear responses of soil carbon change to GIl. We also examined
the non-linear relationships between soil carbon change and Gl for
each ecozone using our global estimates (Supplementary Fig. 14). We
selected general additive models (package mgcv’®), which is good at
the modelling of complex relationships between variables, to describe
the complexity of non-linear trends between soil carbon change and GI.
Only when non-linear regressions were a better fit to the relationship
between Gl and soil carbon change, threshold in Gl may be present for
each ecozone’. We here defined the threshold as the point after the
Gl,..x Where carbon stocks start to decrease sharply withiincreasing GI.
Using the package ‘segmented’” in R, we explored the threshold on the
basis of segmented regression, which detected the abrupt changesin
the slope onbothsides of the threshold.
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Comparison of predicted values with the IPCC defaults. Tocompare
our predicted grazing-driven soil carbon changes to those calculated
using the IPCC default stock change factors, we first summarized our
predictions using the IPCC climate zones. Then, we calculated soil
carbon storage change (ASC) using the IPCC default factors at a level
of climate zone (equation (7)).

ASC = SCSyer X (Fyc — 1) X GA @)

where SCS,.rand Fygrepresent reference soil carbonstock (tC ha™) and
grazing management factor, respectively, derived from the IPCC™.
Specially, Fyis1forlight grazing and 0.7 for heavy grazing category.
For moderate grazing, Fycis 0.97 for tropical regions and 0.95 for the
rest of the world. GAis the grazing area for each climate zone. Notably,
since the IPCC’s default factors are only available at adepth of 30 cm,
we focus here on carbon storage change in this soil layer.

Deriving root biomass carbon change at aglobal scale

To evaluate the effects of grazing on root carbon storage, we also
collected 738 paired observations and generated a global distribu-
tion of root biomass carbon change and its uncertainty (Supplemen-
tary Figs. 12 and 13), using the same approach as for soil carbon (see
above). The predictive model was trained on atmospheric, climatic
and anthropogenic variables and showed agood performance (tenfold
cross-validated R? = 0.84, RMSE 0.24; Supplementary Fig.12). The abso-
lute changes in biomass carbon density and associated uncertainties
were calculated on the basis of two present-day biomass datasets of
harmonized global above and belowground biomass carbon density
maps’?and the IPCC Tier-1maps”. We also evaluated variable impor-
tance for root carbon change across filed experiments and found
that grazing intensity was the most important factor controlling the
responses of root carbon to grazing (Supplementary Fig. 4).

Mapping optimal grazing intensity at aglobal scale

To assess the climate mitigation potential through grazing optimiza-
tion, we explored the optimal grazing intensity (Gl,,,) ataglobal scale.
To do this, we employed a moving-window approach and established
predictive models thatincorporated grazing and local environmental
factors within each window (Supplementary Fig. 23). By doing so, we
determined Gl that can achieve maximum carbon storage (Fig. 5a)
and Gl,,., at which carbon stocks start to decline rapidly at the grid
level (Supplementary Fig. 15).

Specifically, toaccount for the interactions between grazing and
local environmental factors, we trained predictive models (random
forest*®and general additive model™) for the relative changes (LRR) in
three belowground carbon components (root, topsoil and subsoil) on
12important variables (including grazing intensity, mean annual tem-
perature, mean annual precipitation, aridity, normalized difference
vegetation index, species richness”™, elevation, soil pH, soil carbon
content, soil nitrogen content, soil C:N ratio and soil clay content)
withina pre-defined buffer zone radius from the examined point (Sup-
plementary Fig. 23). The identified radius had to meet the following
criteria: (1) within the buffer zone, data points should be distributed
over at least eight gradients of grazing intensity (from 0% to 80% with
10% interval); (2) toreduce the confounding effects of environmental
heterogeneity, the radius should be as small as possible; and (3) to
ensure consistency, the radius should be as uniform as possible among
pixels. Following these guidelines, for each grid cell, we started with
0 km and searched for the desired radius in increments of 5 km (Ars)
and 10 km (Aryp).

For each analysed grid, we entered its environmental conditions
into the predictive models, predicted the three belowground carbon
component changes with Gl ranging from 0% to 80%, and then con-
verted themto absolute terms. Specially, global biomass datasets were
from harmonized global above and belowground biomass carbon

density maps” and the IPCC Tier-1 maps”, and soil carbon datasets
were from SoilGrids 2.0 (ref. 52), HWSD** and GSDE**. To account for
livestock production and carbon sequestration potential trade-offs,
we focused on the absolute changes in belowground carbon stocks
(ABCS) and extracted the grazing intensity (Gl ,,,) where the ABCSwas
maximum (ABCS,,,). In addition, we derived Gl that lead to abrupt
decay in ABCS for each grid cell using the same approach detailed
above. Noting that Gl ;. should be larger than GI .. To better constrain
Gl,,,, we compared the changes in ecosystem carbon stocks (AECS)
at Gl ., (AECSy,,,) to that (AECS,,,s) at the present-day grazing intensity
(Gl,s). Here, we focused on AECS rather than ABCS in order to derive
more explicit and reasonable Gl,,.. For example, if ABCS,, is higher
thanthe present-day ABCS, but thisisreversed for aboveground carbon
(thatis, G, < Gl,,.s), thenit would be difficult to determine that Gl,,,
istheoptimal. If AECSay > AECSpres, Glope = Glingys (2) AECSax < AECSpyes,
G, isnotdetermined; (3) AECSyx = AECSres, Glope = MaX{Glyay, Glyres}
Under optimal scenarios, the carbon sequestration potential of grazing
lands was calculated by the difference between AECS . and AECS ;.
We used the Monte Carlo approach to account for uncertainties
inour estimates. Specially, for each grid cell, we developed ten predic-
tive models by randomly generating samples for each of four carbon
components. Combined with different Ar values, predictive models
and data sources of carbon stocks, s.d. were then derived from 240
ensemble members (10 x 2 Ar x 2 predictive model types x 2 biomass
carbon datasets x 3 soil carbon datasets) (Supplementary Fig. 24).

Reporting summary
Further information on research design is available in the Nature
Portfolio Reporting Summary linked to this article.

Data availability

The two grazing fraction maps used in this study can be obtained
from https://boku.ac.at/wiso/sec/data-download and http://www.
earthstat.org/cropland-pasture-area-2000/, respectively. The soil car-
bon stock datasets of SoilGrids 2.0, HWSD and the GSDE are available
at https://soilgrids.org/, http://www.fao.org/soils-portal/data-hub/
soil-maps-and-databases/harmonized-world-soil-database-vi2/en/and
http://www.fao.org/soils-portal/data-hub/soil-maps-and-databases/
harmonized-world-soil-database-vi2/en/, respectively. The plant bio-
mass maps of harmonized global above and belowground biomass car-
bondensity and the IPCC Tier-1are available at https://doi.org/10.3334/
ORNLDAAC/1763 and https://doi.org/10.15485/1463800, respectively.
The collected metadataand maps have beendepositedinthe Figshare
data repository (https://doi.org/10.6084/m9.figshare.21972521)".

Code availability

All data analysis and plotting (including global maps) for this study
were performed or created using R v.4.0.5. The code is available at
the Figshare data repository (https://doi.org/10.6084/m9.figsh
are.21972521)",
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Extended Data Fig. 1| Location of 1,473 soil samples. Sites are overlaid on the global map of grazing fraction, which is derived from Erb et al.** and Ramankutty et al.®®.
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