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Climate change is predicted to reduce global
belowground ecosystem multifunctionality
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Although climate change is known to abruptly shift ecosystem functions in

drylands worldwide, the global response of belowground ecosystem multi-
functionality (BEMF) to future climate change remains largely unknown.
Herein, we use fifteen indicators associated with key ecosystem functions (e.g.,
belowground productivity, nutrient pools and cycling) to evaluate global
BEMF by averaging, principal component analysis, and single-threshold
approaches. Our results reveal marked spatial variation in functionality across
K6ppen climate biomes, indicating that BEMF is higher in polar and con-
tinental biomes compared to dry and tropical biomes. We further identify an
abrupt shift in global BEMF at a mean annual temperature (MAT) threshold of
approximately 16.4 °C. Globally, temperature and soil pH generate strong
negative effects on BEMF in MAT < 16.4 °C regions, whereas precipitation and
plant species richness positively dominate the dynamics of BEMF in regions
where MAT >16.4 °C. Importantly, we predict ongoing climate change to result
in a20.8% loss of global BEMF under SSP585 by 2100, particularly in temperate
and continental biomes. As future climate change is projected to increase,
integrating in situ experiments and Earth system models into BEMF-climate
studies is critical to the conservation and sustainability of ecosystem
functions.

M Check for updates

Over the last decade, a growing body of evidence has established that
climate change can trigger abrupt shifts in multifunctionality in
regional grassland and worldwide dryland ecosystems'?, yet these
phenomena remain significantly understudied globally. This oversight
is particularly critical given the diverse climate-ecosystem interactions
across regions and biomes’. For instance, while precipitation pre-
dominantly influences microbial activities and ecosystem functions in
drylands**—reduction of water availability potentially leads to severe
decreases in soil fertility, plant productivity, and loss in species

richness**—temperature plays a more decisive role in shaping the
multifunctionality of alpine ecosystems, such as those on the Tibetan
Plateau’. Our understanding of how climate directly and indirectly
affects biodiversity and ecosystem multifunctionality (Fig. S1), espe-
cially relevant to soil functions across various global biomes, is
urgently needed to guide effective management and conservation
strategies in the face of future climate change®®.

A recent meta-analysis indicated that water availability creates
thresholds in multiple soil biodiversity and functions’, but whether
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such a climate-related threshold is expressed in global belowground
ecosystem multifunctionality (BEMF), remains uncertain. BEMF con-
stitutes multiple functions that relate to ecosystem productivity (i.e.,
belowground biomass), nutrient pools and cycling (i.e., soil nutrients,
mineralization, decomposition, respiration, etc.). Despite the funda-
mental role of belowground functions in supporting a vast array of soil
organisms and providing multiple ecosystem services*'’, a global
dearth of reliable data severely hampers our understanding of BEMF.
Moreover, with the expected intensification of climate change", its
impact on global biodiversity and permafrost soil carbon stocks is
likely to worsen ™, making the need for detailed modeling of global
BEMF more pressing. Therefore, we aim to characterize the spatial
distribution of BEMF across biomes via interpolated global data,
determine the existence of climate thresholds, and illuminate the
underlying mechanisms. This knowledge is essential for predicting
how belowground ecosystems will respond to future climatic shifts
and developing strategies to mitigate these impacts"*’.

In this context, our study addresses three critical questions: (i)
How does BEMF vary across Koppen climate biomes; (ii) Does BEMF
exhibit abrupt shifts along climate gradients; (iii) In the event of a
major loss of biodiversity and permafrost carbon after warming®™,
how might changing climate degrade ecosystem functions. We find
that mean annual temperature (MAT), rather than mean annual pre-
cipitation (MAP), accompanies an abrupt shift in BEMF at a threshold
of -16.4°C, and ongoing climate change portends a 20.8% loss of
global BEMF under SSP585 by 2100. Our findings offer climate-specific
insights into the conservation of ecosystem functions.

Results and discussion

Global patterns of belowground ecosystem multifunctionality
Following references in the Table. S1 and the criteria for selecting
ecosystem function data (see the “Methods” section), 15 indicators
(Table S2) linked to key ecosystem processes and functions were used
to evaluate BEMF at a global scale, including the indicators of below-
ground net primary productivity (Fig. S2a), belowground living bio-
mass carbon stock density (Fig. S2c), nutrient pools and fluxes
indicators (Fig. S3) of soil organic carbon, soil total nitrogen, soil total
phosphorus, soil available phosphorus, soil organic carbon/total
nitrogen, soil total nitrogen/total phosphorus, cation exchange capa-
city, soil dissolved organic carbon, microbial biomass carbon, micro-
bial biomass nitrogen, microbial biomass phosphorus, gross nitrogen
mineralization rate, and gross nitrogen immobilization rate. These
indicators were chosen because they are critical determinants in sup-
porting and regulating ecosystem functions and are the most widely
used indicators in multifunctionality studies (Table S1)*’. Additionally,
we used the mean value of BEMF based on three approaches (the
average approach, principal component analysis (PCA), and the single
threshold approach) to evaluate the global spatial pattern of BEMF to
ensure robustness.

Globally, BEMF exhibits high spatial variability across the Képpen
climate biomes (Fig. 1a). Specifically, the greatest BEMF is observed in
polar (0.55), followed by continental (0.48), temperate (0.30), tropical
(0.25) systems, and is lowest in dry biomes (0.14, Fig. 1b). These results
address our first research question by demonstrating that higher BEMF
is found in Arctic biomes, while lower BEMF is observed in dry and
tropical biomes. This pattern can be explained by the fact that, despite
lower productivity (Fig. S2a and b) and nutrient fluxes (gross nitrogen
mineralization and immobilization rates; Fig. S3w and y) in polar and
continental ecosystems compared to tropical biomes, the substantial
soil nutrient reservoir (soil organic carbon, total nitrogen, and total
phosphorus, etc.; Fig. S3a-f) accounts for higher BEMF in these
regions. Similarly, previous studies also demonstrated that ecosystem
multifunctionality does not imply that all functions are positively
correlated in one ecosystem'®”, Indeed, global belowground carbon
productivity (24.7+5.7Pgyr!, mean+2 standard error)®® is much

lower than the surface carbon pool in the northern permafrost zone
(1035 +150 Pg, mean + 95% confidence interval)***. Over 30% of global
surface soil carbon is stored in permafrost regions (including most
polar and continental biomes), accumulated over millennia and sta-
bilized by anoxia, low temperatures, and acidic soil pH*"*. Low
temperature (Fig. S4b) and soil acidification (Fig. S6b) inhibit organic
carbon decomposition in these biomes’, potentially enhancing multi-
ple soil functions (higher nutrient stocks in permafrost)®. Moreover,
while decomposition rates are higher in tropical (10.2 PgCyr™) com-
pared to those in boreal biomes (0.44 Pg C yr)*, significant nutrient
leaching through runoff and soil infiltration occurs in tropical
ecosystems®, resulting in widespread low soil nutrient pools***. Even
after incorporating decomposition rates into BEMF calculations for
global forest ecosystems, tropical forests still exhibit considerably
lower BEMF than polar/continental forests (Fig. S7a-c). Therefore,
considering our results and previous studies'>*®, we conclude that soil
nutrient pools, rather than belowground productivity or decomposi-
tion, are the primary drivers of observed high BEMF in Arctic ecosys-
tems. Furthermore, observational studies consistently show that low
water availability and nutrient pools limit belowground productivity
and soil functions in dry biomes?, thereby accounting for the lower
BEMF observed in our study.

An abrupt shift in global belowground ecosystem multi-
functionality was found along temperature

We investigated the coefficient of determination between BEMF and
MAT, the coefficient is greater than the equivalent for MAP in tempe-
rate, dry, continental, and polar biomes, while an opposite result is
observed in tropical biomes (Fig. 2a). Globally, our results confirm that
temperature (R*=-0.59, p < 0.01), rather than precipitation (R*=0.01,
p <0.01), is the key factor affecting BEMF (Fig. 2a). Subsequent appli-
cation of piecewise linear regression fitting identifies an abrupt shift in
global BEMF at a MAT threshold of 16.4 °C (Fig. 2b). Two distinct BEMF
patterns are identified: high BEMF (HBEMF, mean value =0.43;
BEMF = 0.43 - 0.0130*MAT, p <0.0001) and low BEMF (LBEMF, mean
value=0.21; BEMF=0.25-0.0017*MAT, p<0.0001). Globally, in
regions with MAT <16.4 °C (HBEMF pattern), BEMF rapidly decreases
with increasing temperature, while in regions with MAT >16.4 °C
(LBEMF pattern), the effect of temperature on BEMF is negligible
(Fig. 2b). Actually, many investigations reveal ecosystem structure
varying with climatic elements, including temperature (i.e., fungal
decomposers and respiration)”?® and aridity (i.e., plant diversity and
ecosystem productivity)>*?**, Our results reinforce the contention,
based thus far on only a limited range of ecosystems and regions (i.e.,
drylands, Tibetan Plateau, and north China'*’), that ecosystem multi-
functionality globally is characterized by thresholds in climate.

The driving factors of belowground ecosystem
multifunctionality

To identify the driving factors of the observed spatial BEMF patterns,
we performed linear regression analysis using seven factors: MAT and
MAP (Fig. S4), plant species richness and soil biodiversity (Fig. S5), and
soil pH, bulk density, and clay content (Fig. S6). As evident in Fig. 2d, in
regions with MAT >16.4 °C (LBEMF pattern), BEMF is correlated with
several factors, including MAP, soil pH, clay, bulk density, plant species
richness, and soil biodiversity. Structural equation modeling analysis
(SEM) further confirms that precipitation dominates the dynamics of
BEMF via its effects on biodiversity and soil physical properties
(Fig. 3b), even after accounting for the simultaneous direct and indir-
ect effects of these indicators (Figs. S8b and S9b).

In the LBEMF pattern (MAT >16.4 °C), low water availability in
dry biomes limits ecosystem functioning and soil fertility. Many plant
and soil organisms in drylands struggle to thrive under conditions of
limited moisture and nutrients’. For example, sharp declines in soil
carbon sink, soil taxa diversity, and soil nutrients occur when water
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Fig. 1| BEMF at the global scale. a Global map of BEMF. b BEMF varies across
Koppen climate biomes; significant differences are denoted by different letters
(p <0.05). The numbers of n represent the number of data entries in the corre-
sponding region. The significance level was evaluated using a two-sided t-test.

BEMF constitutes indicators that relate to ecosystem productivity (i.e., below-
ground biomass), nutrient pools and cycling (i.e., soil nutrients, mineralization,
decomposition, respiration, etc.). BEMF belowground ecosystem
multifunctionality.

availability falls below 25%’. Increased precipitation, observed across
a gradient from dry (MAP =296.0 mm) to tropical (MAP =1694.9 mm)
biomes (Fig. S10a), will increase soil water availability, further accel-
erating biogeochemical cycles and microbial decomposition in tro-
pical biomes. Thus, decomposition rates are much higher in tropical
than in dry biomes?”, and decomposition is a primary source of
available inorganic nutrients (nitrogen and phosphorus) in tropical
biomes, supporting higher biodiversity and ecosystem functions
(belowground productivity and biological carbon sequestration)®.
Moreover, plant species richness, strongly influenced by precipita-
tion, is also a key driver of BEMF (as reflected by SEM, Fig. 3b). Higher
plant species richness in tropical biomes (36.36) compared to dry
biomes (10.62, Fig. S10b) benefits multiple ecosystem functions
related to productivity and nutrient cycling ?*% Indeed, it has been
well-demonstrated that precipitation and high plant species richness
positively shape ecosystem functions via their effects on ecosystem
stability, resource acquisition, productivity, and plant-microbe
interactions®**°.

In contrast, in the HBEMF pattern (MAT <16.4 °C), biodiversity
exhibits a weak relationship with BEMF (Fig. 2a). Low temperatures
(MAT =-0.91°C, Fig. S12a) act as an environmental filter in HBEMF
regions, selecting species with specific climate niches. As highlighted
in previous studies'®*?, biodiversity remains relatively consistent from
40°N to 80°N (Fig. S5), which results in limited impacts on BEMF.

Furthermore, the influence of biodiversity on ecosystem functions
varies across biomes, manifesting as positive, neutral, or negative
effects. This variation arises because the response of multi-
functionality to biodiversity can be regulated by various confounding
factors, such as abiotic properties®*, plant functional traits®, and the
number of functions®. Thus, it is essential for future research to
prioritize unraveling how biodiversity is associated with ecosystem
multifunctionality in some contexts while not in others® .
Furthermore, in the HBEMF pattern, temperature and soil pH
generate strong negative effects on BEMF (Figs. 3a, S8a, and S9a). In
cold ecosystems, soil functions linked to microorganisms are extre-
mely sensitive to temperature and pH variations”. Increasing tem-
perature from polar (MAT=-12.4°C) to continental biomes
(MAT =-2.0 °C, Fig. S11a) enhances soil microbial respiration, releasing
carbon and reducing soil functions. Elevated temperature from polar
to dry biomes (MAT =8.2°C, Fig. Slla), coupled with water deficits
(MAP =213.9 mm, Fig. S11b), intensifies water stress in dry biomes, and
further suppresses ecosystem processes and degrades multiple
functions*’. For example, high temperatures (or extreme drought) in
drylands reduce the capacity for multiple functions related to carbon,
nitrogen, and phosphorus cycling’ and potentially reduce plant spe-
cies richness®, negatively impacting ecosystem functions. This
mechanism is supported by the SEM (Fig. 3a), confirming a strong
negative effect of temperature on BEMF. Moreover, our findings align
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climate biomes and globally. b Piecewise linear regression fitting identifies the
threshold of MAT where global BEMF shifts abruptly. When MAT <16.4 °C,

BEMF = 0.43-0.0130*MAT (p < 0.0001); when MAT >16.4 °C, BEMF =
0.25-0.0017*MAT (p < 0.0001). Both the size and color of the circles represent the
MAP. Coefficient of determination (R*) between BEMF and environmental factors in
regions with high BEMF (HBEMF, ¢) and low BEMF (LBEMF, d). Note: if the
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coefficient of determination between the environmental factors and BEMF is > 0.1
(factors in black fonts), the factor can be considered an important determinant
affecting BEMF and further used in structural equation modeling (SEM). In other
words, the factors in grey fonts are not used in the following SEM. “~” Represents
that there is a negative relationship. * Indicates that the relationship is statistically
significant at p < 0.01. BEMF belowground ecosystem multifunctionality, MAT
mean annual temperature, MAP mean annual precipitation, SR plant species rich-
ness, SB soil biodiversity, BD soil bulk density.

with the observation that soil pH is typically acidic in continental
ecosystems (pH =5.99, due to organic matter accumulation) but more
alkaline in dry biomes (pH =7.81, Fig. Slic). Temperature and soil pH
are often synchronized*® as soil CaCO; dissolves more readily at higher
temperatures®’. Alkaline soils in dry biomes are less supportive of
plant survival and growth®, making pH a key driver of BEMF through its
negative effects on belowground productivity and nutrient cycling"*>°.

In summary, we found that temperature influences BEMF in
regions with MAT <16.4 °C (high BEMF pattern, with average values of

MAT=0.2°C and MAP=522.9 mm), while precipitation dominates
BEMF in regions where MAT > 16.4 °C (low BEMF pattern, with average
values of MAT=23.5°C and MAP=1161.9 mm, Fig. S12). These
observed patterns may be partially explained by an additional
hypothesis. The position of the 16.4 °C line closely aligns with the
Tropic of Cancer (Fig. S13). As is well-known, the Tropic of Cancer is
associated with the Earth’s rotation and revolution, which shape dis-
tinct climates on either side of this latitude. The regions between the
Tropic of Cancer and the Tropic of Capricorn are generally not limited
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by heat due to high solar radiation. However, temperature remains the
most critical limiting resource for organisms in cold ecosystems.
Consequently, precipitation has a more significant influence on BEMF
than temperature in the low BEMF pattern (R?=0.45 vs. R>=-0.003,
Fig. 2d). In contrast, temperature plays a more decisive role in shaping
the BEMF than precipitation in the high BEMF pattern (R?=-0.47 vs.
R?=0.001, Fig. 2c).

Future belowground ecosystem multifunctionality

Results from both modeling and observational studies indicate that
climate warming induces losses in both global biodiversity and per-
mafrost soil carbon®, thus raising the question of how BEMF may
respond to ongoing climate change. This question is addressed by the
results presented in Fig. 4, which illustrates the response of BEMF to
different future climate scenarios (shared socioeconomic pathways,
SSPs, SSP126, SSP370, and SSP585) for the years 2060 and 2100. Our
results suggest that the simulated BEMF in biomes of temperate,
continental, and polar regions is reduced by 14.3%, 32.9%, and 10.3% in
2100 (Fig. 4j-1), respectively, particularly in the Northern Hemisphere
(Fig. 4a-f). Inversely, the simulated BEMF in the tropical and dry
biomes is enhanced by 2.6% and 2.5% in 2100 (Fig. 4h, i), respectively,
especially in South America, Africa, Indonesia, and Malaysia (Fig. 4a-f).
Globally, a changing climate portends a 20.8% loss of BEMF in the
SSP585 by 2100 (Fig. 4g).

These results highlight that global BEMF will be lost rapidly under
ongoing warming, particularly in cold ecosystems of the Northern
Hemisphere (Fig. 4). Several possible causes for this phenomenon are
suggested as follows. (i) In the future, polar and continental ecosys-
tems will experience remarkably rapid temperature increases
(Fig. S14d, e), which are expected to accelerate the breakdown and
release of carbon through microbial respiration'*°. For example, cli-
mate warming has already resulted in substantial soil carbon loss in
high-latitude peatlands'>", particularly in Siberia and Alaska™. These
northern peatlands store many of the global soil carbon stock*’, and
any decrease in soil carbon associated with climate warming can have
marked adverse effects on both regional and global ecosystem
function™. (ii) Widespread and abrupt permafrost melting, along with
the expansion of thermokarst lakes in the northern circumpolar per-
mafrost, is already underway®. The resulting ground collapse exposes
significant quantities of carbon that were previously frozen in anoxic
and acidic environments to decomposition™*°, Modeling suggests that

permafrost thawing in the Arctic could release between 60 billion and
100 billion tons of carbon into the atmosphere by 2300%. (iii) The
increase in the frequency and magnitude of wildfires due to climate
warming has already led to significant losses in timber-producing
forests, particularly in the western USA and Canada*. This increased
frequency and extent of wildfires may result in widespread degen-
eration of tundra and boreal forests, along with a loss of carbon
stocks***>*>, For example, in northern peatlands, climate warming is
expected to amplify burn rate, significantly reducing the carbon sink
by 65% by the year 2100*°. (iv) Although rising temperatures are
expected to promote decomposition and nutrient cycling functions in
cold ecosystems**, the elevated ecosystem respiration, loss of biodi-
versity, and permafrost carbon release due to warming may play a
more significant role in the decline of belowground functions, leading
to outputs exceeding inputs'®*>*¢, (v) There is an optimal temperature
range for various ecosystem functions, including productivity*’, soil
decomposition”, and nutrient availability*®. Exceeding this optimal
range through future temperature increases may result in ecosystem
degradation, potentially causing soil taxa mortality and reduced
multifunctionality>””’. Taken together, under any (or all) of these
mechanisms, climate warming in cold ecosystems may lead to a major
loss of ecosystem multifunctionality.

Because the productivity of rainforests is limited by soil
nutrients® related to vigorous leaching*’, the reduced precipitation in
the tropical biomes (Fig. S15a) will likely promote tropical ecosystem
functions in the future by reducing soil erosion and nutrient loss, and
ultimately promote the nutrient pools in ecosystems. For example,
meta-analysis has demonstrated that reduced precipitation has sig-
nificantly increased nitrogen storage (12.0%) in humid regions®.
Moreover, the decrease in future precipitation (Fig. S15a) and increase
in future temperature (Fig. S14a) may exacerbate the frequency and
intensity of droughts and heatwaves, further suppressing plant
growth™, As a result, more tropical soil functions may be delayed.
Conversely, in dry biomes, increased future precipitation (Fig. S15b)
may enhance biocrust development, creating better habitats for
microorganisms and potentially buffering the negative effects of
extreme drought and dust on plants*~3, potentially invoking a positive
feedback loop, sustaining carbon sequestration®* and microbial beta-
diversity®. Increased biological richness may improve ecosystem
resistance to extreme weather and desertification’, enhancing eco-
system functions in dry biomes.
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Fifteen indicators for key ecosystem functions were used to calculate global BEMF.
MAT abruptly shifts BEMF at a threshold of 16.4 °C. When MAT < 16.4 °C, high BEMF
(0.43) is driven by MAT mainly through its effect on soil pH and BD. In contrast,
when MAT >16.4 °C, low BEMF (0.21) is mainly determined by MAP through its
effects on soil BD and SR. The variation of climate and BEMF between the present
and future (2100 in SSP585) is shown in different biomes and globally. Ecosystem
function dataset: BNPP belowground net primary productivity, BGBC belowground

Future climate and BEMF

living biomass carbon stock density, SOC soil organic carbon, STN soil total
nitrogen, STP soil total phosphorus, SAP soil available phosphorus, CEC cation
exchange capacity, DOC soil dissolved organic carbon, C/N SOC/STN, N/P STN/STP,
SMC soil microbial carbon, SMN soil microbial nitrogen, SMP soil microbial phos-
phorus, GNM gross nitrogen mineralization rate, GNI gross nitrogen immobiliza-
tion rate, MAT mean annual temperature, MAP mean annual precipitation, BEMF
belowground ecosystem multifunctionality, SR plant species richness, BD soil bulk
density, LBEMF low BEMF, HBEMF high BEMF.

Limitations and implications of the current study

Despite extensive research over recent decades indicating that eco-
system multifunctionality is driven by climate through its effects on
biodiversity, much of this work has largely focused on regional
grassland ecosystems, such as those in northern China' and the Tibe-
tan Plateau’, or has been limited to specific environmental conditions,
like global drylands’. Moreover, many previous studies primarily
addressed the relationship between ecosystem multifunctionality and
the current climate index of aridity"®. Consequently, there remains a
gap in understanding the global pattern and response of ecosystem
multifunctionality to future climate change. Our study addresses this
knowledge gap by providing evidence of the relationship between
climate and global BEMF, offering significant insights into the con-
trasting impacts of temperature and precipitation on BEMF at the
threshold of MAT =16.4 °C. Importantly, our findings highlight that
climate change is expected to have negative consequences on BEMF by

2100, especially in cold ecosystems such as continental and polar
biomes (Fig. 5). This underscores the need for climate-specific con-
servation strategies aimed at preserving ecosystem functions in these
vulnerable regions.

While the indicators of soil-mediated nutrient pools (soil organic
carbon, total nitrogen, and total phosphorus) are not direct measures
of ecosystem functions (energy and matter fluxes), they are known to
be critical determinants of ecosystem function and biodiversity"*5*
and to reflect long-term nutrient balance**°. However, inconsistencies
in the dataset’s timelines, depth, and spatial resolution may introduce
errors in BEMF calculations. Therefore, future studies should include
further parameters related to ecosystem energy and matter fluxes
(e.g., basal respiration, decomposition, nutrient leaching, etc.)™,
rather than inactive carbon stocks. Indeed, as indicated by the pre-
vious references in Table S1, there is no consensus regarding which
indicators should be considered appropriate for assessing ecosystem
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functions. To advance future BEMF research, greater attention must be
devoted to the selection, measurement, and interpretation of ecosys-
tem functions. For further insights into the process of selecting indi-
cators that relate to ecosystem functions, we recommend consulting
the review study*®. Additionally, beyond the seven environmental
factors considered in our study, other biological and abiotic factors—
such as land-use change, grazing, nitrogen deposition, invasions, in
situ soil biodiversity, and phylogenetic richness—should also be
incorporated®°**, Finally, another limitation of our study is estimating
future BEMF with the Random Forest model rather than ecosystem
process models, given the unavailability of many environmental fac-
tors associated with ecosystem functions globally*®. Despite this con-
straint, our global simulation of BEMF provides valuable insights into
the scientific conservation of ecosystem functions in hotspots (e.g.,
continental and polar biomes). To reduce uncertainties in simulating
ecosystem multifunctionality, integrating long-term plot-level mon-
itoring data into prediction models is essential. Our study calls for a
broader understanding of BEMF-climate relationships across biomes,
especially within the context of climate change.

In summary, our study provides evidence that temperature
induces abrupt shifts in global BEMF at a threshold of 16.4 °C. Our
analysis further suggests that temperature and precipitation drive
BEMF in cold and tropical ecosystems, respectively. Notably, the
release of permafrost carbon into the atmosphere under a warm cli-
mate may lead to a rapid reduction in BEMF by 2100, particularly in the
Northern Hemisphere. An improved understanding of the interaction
between BEMF and climate at the global scale is critical to take action
to mitigate the negative effects of climate change for ecosystem sus-
tainability and human well-being.

Methods

Ecosystem function data

The following criteria were used to select ecosystem data for this
study: (a) Ecosystem indicators must be linked to key ecosystem pro-
cesses and functions (e.g., belowground productivity, biological car-
bon sequestration, nutrient pools, and fluxes). (b) As indicated in
Table S1, the indicators should have been used in prior multi-
functionality studies. (c) Indicators must be publicly available as global
raster data, apart from gross nitrogen mineralization and immobili-
zation rates, which are sourced from a database developed by our
team. The decomposition rate was excluded from our analysis as data
were only available for global forests; however, we utilized the global
forest decomposition rate to update the BEMF index and assess its
distribution across Koppen climate biomes, as detailed in Fig. S7. (d)
To minimize resampling errors, raster data resolution was limited to
no more than 0.5°. Additionally, soil depth was restricted to a max-
imum of 50 c¢cm, as topsoil properties are more susceptible to climatic
and biological influences. Ultimately, we used fifteen ecosystem indi-
cators (Table S2) related to key ecosystem functions to evaluate
global BEMF.

Belowground net primary productivity. Belowground net primary
productivity is an important ecosystem function that influences the
carbon cycle by linking atmospheric CO, and soil carbon reservoirs. In
our study, belowground net primary productivity (sequential soil
depths down to 2 m) was downloaded from the figshare with a reso-
lution of 1km*®°.

Belowground biomass carbon. The belowground living biomass
carbon stock density acts as an appropriate indicator of biological
productivity®. Data for this parameter relating to the carbon stock in
living roots of woody and herbaceous cover was sourced from ORNL
DAAC at a resolution of 300 m for the year 2010. Belowground living
biomass carbon stock density includes carbon stored in living plant
tissues located below the earth'’s surface (roots). This does not include

dead and/or dislocated root tissue, nor does it include soil organic
matter®.

Soil nutrient pools and fluxes. Data for soil (0-5cm depth) cation
exchange capacity, soil organic carbon, and soil total nitrogen at a
spatial resolution of 250 m was obtained from the SoilGrids data set®?,
soil total phosphorus (0-10 cm depth)®® at a spatial resolution of 0.5°
and soil available phosphorus (0-20 cm depth)®* at a spatial resolution
of 1km were downloaded from the figshare. Meanwhile, we calculated
the ratios of soil organic carbon/total nitrogen and soil total nitrogen/
total phosphorus, because these ratios are important indices to mea-
sure soil fertility.

Soil dissolved organic carbon is a primary form of labile carbon in
terrestrial ecosystems, which plays a vital role in soil carbon cycling®.
Soil dissolved organic carbon (0-30 cm depth) was obtained from the
Dryad with a spatial resolution of 0.5°.

The dynamics of organic decomposition microbial activity, as
indicated by microbial biomass®®, was freely available from the Com-
pilation of Global Soil Microbial Biomass Carbon, Nitrogen, and
Phosphorus. Data at a spatial resolution of 0.5° (0-30 cm)®°.

The gross nitrogen mineralization rate is a key process within the
nitrogen cycle, transforming organic nitrogen into inorganic nitrogen.
Gross nitrogen immobilization rate is an important nitrogen source for
both microorganisms and plants*. These indicators serve as effective
proxies for the processes driving nutrient fluxes. The global distribu-
tion of the gross nitrogen mineralization rate used in this paper is
derived from the sum of soil mineralization rates and litter miner-
alization rates from previous studies®’*®, Additionally, the global dis-
tribution of gross microbial nitrogen immobilization rates used in this
study is sourced from another previous investigation®.

Finally, fifteen ecosystem function datasets described above are
used as a proxy for ecosystem function linked to productivity, soil
fertility, nutrient fluxes, and composition of carbon pools'. These
databases were resampled to 0.5° resolution using ArcMap 10.8
(Environmental Systems Research Institute, Inc., Redlands, CA, USA)
and then used to calculate the global BEMF. Next, we applied three basic
approaches (the average method, the principal component method,
and the single threshold method, see “Data analyses” subsection in the
“Methods” section) to explore the spatial patterns of BEMF values.

Environmental factors

Climate data. Given that climate is closely related to ecosystem
functions®’, historical bioclimatic data (1970-2000) of data (pre-
cipitation and temperature) at a spatial resolution of 10’ were down-
loaded from WorldClim™® and used to evaluate the relationship
between climate and BEMF.

Soil abiotic data. Previous studies have shown that soil physical
properties influence ecosystem multifunctionality"*®. Accordingly, soil
physical properties (0-5cm depth), specifically soil pH, percentage
clay (<0.002 mm), and bulk density, were retrieved from the SoilGrids
dataset, with a 250 m spatial resolution.

Biodiversity data. Biodiversity plays a vital role in regulating multiple
ecosystem functions®®. The distribution of soil biodiversity, illustrating
the potential diversity of living organisms in soils (i.e., microorgan-
isms, fauna, and biological functions) globally at a spatial resolution of
0.1°, was acquired from the European Soil Data Centre (ESDAC)".

Global native vascular plant species richness data at a spatial
resolution of 0.05° were obtained from the Anthroecology Lab’™. The
number of native vascular plant species is estimated by the species
richness model that is based on empirical statistical relationships
between environment and species richness obtained from datasets
documenting the number of aboveground native species in 1032
geographic regions worldwide.
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All environmental factors (climate data, soil abiotic data, and
biodiversity data) were resampled to 0.5° using ArcMap 10.8, to eval-
uate their relationships with BEMF further.

Koppen-Geiger climate classification data

We used the Koppen-Geiger climate classification to discern whether
there is a discrepancy of BEMF in different climate biomes. The global
maps of the Koppen-Geiger climate classification were downloaded
from figshare with a resolution of 1 km”. The Koppen climate classi-
fication is a system based on the regional temperature and precipita-
tion. In detail, the tropics are warm and humid (MAT=24.76°C,
MAP =1689.67 mm), but the continental (MAT=-2.0°C, MAP=
499.43 mm) and polar (MAT =-12.39 °C, MAP =260.45 mm) biomes
are relatively cold, and the dry biomes are dry (MAT=18.30°C,
MAP =267.13 mm).

Assessment of BEMF

The averaging, PCA, and single-threshold approaches were used to
calculate the global maps of BEMF using ArcGIS Pro 3.1.5. The aver-
aging approach has been consistently applied in previous research™.
To ensure all ecosystem function data are in the same dimension, all
ecosystem function data should be standardized before calculating.
There are mainly two standardization methods of ecosystem function,
namely, the Z-score method and the conversion method of maximum
value. In our study, we calculated the standardized values using the Z-
scores as described in the previous ref. 75, and the averaging approach
collates the mean values of each standardized function in each 0.5°
grid. The average approach is calculated as follows:

1 F
BEMFaverage = ¢ > g f) @
i=1

where F represents the number of ecosystem functions; f; is the value
of ecosystem function in ith; r;is a mathematical function that converts
values to positive; g is a standardized treatment.

Compared to the averaging approach, the advantage of the PCA
method is that it can reduce dimensions, prevent collinearity between
indicators, and retain the information of each indicator’®. Applying
PCA does not involve the multiple contributions of correlated eco-
system functions’’; the principal component axis in multifunctional
space is calculated for fifteen standardized functions for each grid
square. We then summed the PCA axis scores weighted by the degree
of contribution of each axis into a single index to quantify BEMF. The
PCA calculation method is as follows:

n
BEMFpca = > a;PC; 2

i=1

where PC; is the ith principal component; q; is the contribution rate
corresponding to the ith principal component; n is the total number of
principal components selected. The first two principal components
were used in our study, so n is equal to 2.

There is unprecedented heterogeneity of thresholds in each grid
spanning a global scale that will lead to the calculation of global BEMF
inapplicably using the multiple-threshold approach based on the
ecosystem functions without time series; thus, we utilized the
recommended method (the single-threshold) as described in the pre-
vious ref. 78. We employed the single-threshold to quantify BEMF and
selected the 50% maximum for each ecosystem function as the
threshold following the next two reasons: (1) If an ecosystem can
provide 50% of the maximum species for a function, thereby con-
sidering that the ecosystem can maintain this function by referencing
the median lethal effect concentration in ecotoxicology; (2) For any
single function, on average one species was needed to maintain a

specific process at ~-60% of the maximum rate. Thus, selecting 50% as
the threshold can maximize the probability, i.e., one function at least
needs a species to sustain. It is important to note that the maximum
represents the range at the top 5% of each ecosystem function, and
that is to prevent outliers. After determining the threshold and max-
imum, we counted the total number of ecosystem functions that
passed the prescribed threshold and thereby produced the global map
of BEMF with the threshold approach. The single-threshold calculation
method is as follows:
F ok
Z(rij(fij)>ti 3
=17

Jj=1

BEMFhreshold = .

l

where F is the number of ecosystem functions; k is the total number of
grid pixels of the ecosystem function. f; is the jth value of the ith
ecosystem function; r; is a mathematical function that converts values
to positive; ¢; is the ith ecosystem function threshold.

Although we used three basic approaches to assess worldwide
BEMF, each approach has merits and demerits (Table S3)°%°. To
address this issue, we averaged the three indexes after normalization
to synthetically represent BEMF.

Similarity analysis of BEMF

We used two methods to examine the spatial similarity of BEMF using
different approaches. To compare the similarity of BEMF, the com-
parison map profile (CMP) method was used, which employs the
averaged values of cross-correlation coefficient (CC) and absolute
distance (DD) from scales 1 (3 x 3 pixel moving window) to 10 (30 x 30
pixel moving window), their computational formula as follows®:

DD = abs(x — y) )
1 R0 -0, - )
cC= W,Z;; 0r0, ©)
2 1 L& 72
v DD DRty 6)
i=1 j=1

where X and y denote the averaged values of two moving windows for
the two comparative images. x; and yj; represent pixel values of two
moving windows in two compared images in row i and column j,
respectively. 0, and o,, denote the standard deviation corresponding
to two moving windows of two comparative images. N is the pixel
number of moving windows. Low DD and high CC values indicate more
substantial similarity between two images, and vice versa. In addition,
we used the Taylor Diagram and comparison map profile (CMP) to
compare the similarity of BEMF based on the different approaches.
This method is performed by the R 4.1.1 software (R Core Development
Team, R Foundation for Statistical Computing, Vienna, Austria) using
the “openair’ package.

Global spatial patterns based on the three BEMF approaches
(averaging, PCA, and single-threshold) are consistent (Fig. S16a-c), as
shown by Taylor diagrams (all r>0.75, standard deviation < 0.20, and
RMS error < 0.15; Fig. S17). Concordance correlation coefficient (CC)
and discrepancy (DD) values indicate strong agreement between the
averaging and PCA approaches (geometric mean CC = 0.64, geometric
mean DD =0.06; Fig. S18a, g), supporting the robustness of the PCA
approach. Similarly, the averaging and threshold approaches show a
strong correlation (geometric mean CC = 0.83, geometric mean DD =
0.06; Fig. S18b, h). However, the PCA and threshold approaches
exhibit lower consistency (geometric mean CC = 0.31, geometric mean
DD = 0.11; Fig. S18c, i), likely due to the discrete nature of the threshold
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approach. To address this discrepancy, we calculated the mean BEMF
using the three approaches. This improves consistency between
approaches in most areas (averaging-mean: geometric mean CC=
0.88, geometric mean DD =0.06, Fig. S18d, j; PCA-mean: geometric
mean CC=0.52, geometric mean DD =0.10, Fig. S18e, k; threshold-
mean: geometric mean CC=0.59, geometric mean DD=0.10,
Fig. S18f, ).

Data analyses

To eliminate the effects of differences in computing scale, we used log
transformations to normalize the BEMF produced by the averaging,
PCA, and single-threshold approaches. We averaged the BEMF calcu-
lated by the above three methods and further analyzed the BEMF
through the following steps. Firstly, to explore the differences in BEMF
between Koppen climate biomes (tropical, temperate, dry, con-
tinental, and polar), one-way ANOVAs with the Least Significant Dif-
ference (LSD) multiple comparisons were applied in R 4.1.1 software.
Then, linear regression analysis was performed in SigmaPlot 10.0
(Systat Software, Inc., Chicago, IL, USA) to investigate relationships (R?)
between the BEMF and climate (precipitation and temperature) across
the Kdppen climate biomes and globally, the computational formula as
follows:

Y=aX+Y, @)

where Yis the dependent variable of BEMF; « is the coefficient between
variables of Y and X; X represents the climate of precipitation or tem-
perature; Yy is a constant.

Secondly, given the strong correlation between temperature and
BEMF at the global scale (Fig. 2a), piecewise linear regression fitting
was conducted in SigmaPlot 10.0 to identify the existence of any
thresholds, the computational formula as follows:

1

NI =D+, (-t t.<t<tT
T,—¢ ==
y= { ! (8)

Dally=0+35(t=T))
) Ty <<ty

where y represents BEMF; ¢ represents the climate of temperature; ¢; is
the minimum value of ¢’ ¢, is the maximum value of ¢; T; repesents the
threshold of MAT in our study; y; y,, and y; are the values of BEMF that
corresponding to &, Ty, and t,, respectively.

Indeed, an abrupt change of BEMF was detected using this
method at a MAT threshold of ~16.4 °C (Fig. 2b), and this figure was
plotted using Origin 2024 (Origin Ro, Version 2024. OriginLab Cor-
poration, Northampton, MA, USA). We then used linear regression
analysis to evaluate the relationships between environmental factors
of climate (MAT, and MAP), soil physical properties (pH, clay, and bulk
density), as well as biodiversity properties (soil biodiversity, and plant
species richness) and BEMF (Fig. 2 c, d), and plotted these figures by R
4.1.1 software with the packages of “ggplot2” and “gridExtra”. Mean-
while, if the absolute value of the coefficient of determination between
the environmental factors and BEMF is >0.1, the factor can be con-
sidered an important determinant affecting BEMF, and further used in
the SEM.

Thirdly, SEM was used to elucidate the direct and indirect rela-
tionships between BEMF, climate, soil properties, and biodiversity. An
a priori structural equation modeling, based on previous studies**”*,
hypothesized causal relationships among these factors (Fig. S19).
Before modeling, correlations between BEMF and its indicators were
assessed to identify key influential factors. The model was para-
meterized using the selected dataset in AMOS 21.0 (Amos Develop-
ment Corporation, Chicago, IL, USA). Model fit was evaluated using the
root mean square error of approximation (RMSEA; acceptable fit:
0.00 < RMSEA < 0.05), chi-squared test (x*), and probability level (p;
acceptable fit: p>0.05)5.

Next, we assume that other factors (e.g., land-use, soil proper-
ties, and biodiversity) remain unchanged in the future to isolate the
impact of climate change on BEMF. Our SEM results provide con-
vincing evidence that temperature and precipitation primarily con-
trol BEMF in high and low BEMF patterns, respectively. Based on
previous studies® ®, to screen machine learning models with high
accuracy for simulating BEMF, four models (Random Forest, Boos-
ted Regression Trees, Support Vector Machine, and Gradient
Boosting Machine) were used in our study. We found that the Ran-
dom Forest model exhibited high robustness and accuracy for pre-
dicting BEMF across both MAT<16.4°C (high BEMF) and
MAT >16.4°C (low BEMF) regions (Table S4). Consequently, we
utilized the Random Forest model to simulate future BEMF changes
under climate change scenarios. In detail, in both temperature-
regulated and precipitation-regulated regions, the Random Forest
algorithm was deployed to estimate BEMF and map its spatial pat-
terns under three different future climate scenarios. SSP126 repre-
sents the sustainable development and low-emission pathway,
SSP370 represents the imbalance development and intermediate
emission pathway, and SSP585 represents the rapid development
and high emission pathway®®. Future bioclimatic data (MAT, mean
diurnal range, isothermality, temperature seasonality, max tem-
perature of warmest month, min temperature of coldest month,
temperature annual range, mean temperature of wettest quarter,
mean temperature of driest quarter, mean temperature of warmest
quarter, and mean temperature of coldest quarter, MAP, precipita-
tion of wettest month, precipitation of driest month, precipitation
seasonality, precipitation of wettest quarter, precipitation of driest
quarter, precipitation of warmest quarter, precipitation of coldest
quarter) were obtained from the following ten models: ACCESS-
CM2, CMCC-ESM2, EC-Earth3-Veg, GISS-E2-1-G, INM-CM5-0, IPSL-
CM6A-LR, MIROC6, MPI-ESM1-2-HR, MRI-ESM2-0, and UKESM1-0-LL.
In both temperature- and precipitation-regulated regions, the future
bioclimatic data were divided into training (70%) and testing (30%)
datasets. We configured the Random Forest regression model with
500 decision trees using the “randomForest” package in R software
version 4.1.1. The model was then used to predict BEMF spatial
patterns under the three different SSPs for two future periods (2021-
2060 and 2061-2100). Model performance was evaluated using
several metrics: correlation coefficient (CC), relative bias (BIAS),
Nash-Sutcliffe coefficient efficiency (NSE), root mean square error
(RMSE), and mean error (ME), calculated using test datasets. These
metrics assessed the reliability of the predicted BEMF values. This
comprehensive approach, leveraging extensive bioclimatic data and
rigorous validation metrics, ensures the reliability and robustness of
the Random Forest model in mapping BEMF under different climate
scenarios.

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

Data availability

The calculated belowground ecosystem multifunctionality (BEMF) and
the predicted future BEMF generated in this study have been depos-
ited in the Institute of Tibetan Plateau Research, Chinese Academy of
Sciences, with open access (https://doi.org/10.11888/Terre.tpdc.
301230). Detailed information for the ecosystem function data and
environmental factors data used in this study is provided in the Sup-
plementary Information (Table S2).

Code availability

The related data analyses and modeling were performed using R 4.1.1
and Python 3.1.5. The code is publicly available at https://doi.org/10.
11888/Terre.tpdc.301230.
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