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Abstract Ecosystem multifunctionality (EMF) is a crucial factor in protecting biodiversity and regulating
climate dynamics. However, the global and regional dynamics of EMF are currently limited to field
experiments, resulting in an incomplete understanding of the spatial patterns and driving mechanisms of EMF.
We focused on biogeochemical cycles to quantify the spatiotemporal dynamics of EMF in China and determine
the impact of environmental factors on EMF. Our findings indicate that climate and topography are the primary
drivers of EMF. More importantly, over 66% of the study area is expected to experience a decline in EMF by the
end of the twenty‐first century across various future climate scenarios. Under high‐emission scenarios in
particular, EMF could be on an unsustainable trajectory, putting increased pressure on terrestrial ecosystems and
exacerbating their degradation. These results highlight that more robust policies need to be designed to mitigate
ecosystem degradation triggered by climate change.

Plain Language Summary Understanding ecosystem multifunctionality (EMF) is crucial for
conserving biodiversity and regulating climate. However, the geographic patterns and environmental drivers of
EMF on a large scale remain unclear. Our evaluation of EMF dynamics across China revealed significant
geographic patterns and identified climate and topography as the primary drivers. Projections indicate that over
66% of China could experience declines in EMF by the end of the century, particularly under high‐emission
scenarios. These findings underscore the urgent need for stronger policies to prevent widespread ecosystem
degradation.

1. Introduction
Terrestrial ecosystems provide a range of functions that support human productive activities, including biomass
production, energy cycling, and information transfer (Wagg et al., 2014; Zavaleta et al., 2010). Nevertheless,
dramatic climate change is altering the functions of terrestrial ecosystems at unprecedented rates, leading to a
rapid decline in ecosystem stability and water shortages, accelerated desertification, and continuous biodiversity
loss (Cardinale et al., 2012; Gamfeldt et al., 2008; Song et al., 2020; van der Plas, 2019). Global warming is
indisputable and likely to reach or exceed 1.5°C in the near future if sustainable practices are not implemented,
which would have a remarkable impact on our survival and development (Masson‐Delmotte et al., 2021; Oliver
et al., 2015; Schuur et al., 2015). Land use is also strongly reducing ecosystem functions such as vegetation
productivity (Sun, Fu, et al., 2021; Sun, Liang, et al., 2021) and litter decomposition (Both et al., 2017). Global
plans and initiatives to protect the environment, reduce negative influences on natural resources, and promote
ecosystem sustainability are currently being implemented, including the Convention on Biological Diversity, the
United Nations Convention to Combat Desertification, and the United Nations Framework Convention on
Climate Change. Quantifying and monitoring ecosystem functions have become the keystone for assessing
ecosystem sustainability as these actions have advanced (Carpenter et al., 2009). Consequently, it is of great
importance to accurately understand the comprehensive capacity of multiple ecosystem functions (ecosystem
multifunctionality, EMF) for regional sustainable management (Hector & Bagchi, 2007; Manning et al., 2018;
Oliver et al., 2015).

Previous reports have mostly focused on EMF changes and driving forces (Jing et al., 2015; Wang, Liu,
et al., 2022; Wang, Sun, et al., 2022). The relationship between biodiversity and EMF has been explored in
grassland, dryland, and forest ecosystems (Jing et al., 2015; Maestre et al., 2012; van der Plas et al., 2016).
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Numerous in situ experiments have found that biodiversity can increase EMF, with varying dynamics depending
on the geographic units (Bradford et al., 2014; Delgado‐Baquerizo, Maestre, Eldridge, et al., 2016; Delgado‐
Baquerizo, Maestre, Reich, et al., 2016; Gamfeldt & Roger, 2017; Jing et al., 2020). Habitat conditions also
play a crucial role in regulating EMF across different ecosystems. Specifically, environmental changes within
climatic zones may impact EMF more strongly than biodiversity (Fry et al., 2016; van der Plas, 2019; Wang
et al., 2023; Xu et al., 2021; Zirbel et al., 2019). For example, drought can directly affect EMF via altering carbon,
nitrogen and phosphorus cycles in arid regions (An et al., 2019), whereas climate can indirectly regulate EMF by
affecting biodiversity across spatial scales, as demonstrated in field experiments (Fry et al., 2016; Jing et al., 2015;
Maestre et al., 2012). In short, the interaction between biological and abiotic factors determines the provision and
spatiotemporal variation of EMF. However, while meta‐analyses synthesize EMF findings across multiple sites,
they remain constrained by spatial discontinuity and inconsistent methods (Garland et al., 2021; Jing et al., 2015).
By contrast, remote sensing products are characterized by ready availability and extensive spatial coverage, which
is essential for capturing spatial patterns and drivers of EMF across climatic gradients (Zhou et al., 2025).

We hypothesized that geographic differences in EMFwould be regulated primarily by regional climate dynamics.
To test this hypothesis, we evaluated the spatial distribution of terrestrial EMF in China and explored the effects of
topography, climate, soil properties, and plant biodiversity on EMF across eight climatic zones. These zones
include the plateau climatic zone (PC), the northern temperate zone (NT), the mid‐temperate zone (MT), the
southwestern temperate zone (SWT), the southeastern temperate zone (SET), the northern subtropical zone
(NST), the mid‐subtropical zone (MST), and the southern subtropical zone (SST). Additionally, we predicted
future EMF variations using a random forest algorithm to determine the effects of various socioeconomic
pathways and global warming. We excluded lake, ice, and snow ecosystems due to the lack of comprehensive
spatial data on their ecosystem functions.

2. Materials and Methods
2.1. Division of Climatic Zones

We divided the study area into eight zones according to the climatic gradients defined by China's National
Meteorological Administration and topographical features: PC, NT, MT, SWT, SET, NST, MST, and SST
(Figure 1a). PC, MT, and SWT are in arid and semi‐arid regions, consisting primarily of grassland and desert. SET
is situated in a sub‐humid region, comprising primarily forest and grassland ecosystems. NT, NST,MST, and SST
are located in humid regions where forests dominate the landscape. PC has an average altitude of over 4,000 m,
making it the highest zone, and it exhibits unique alpine climatic characteristics (Sun et al., 2020).

2.2. Ecosystem Functions

Soil physical and chemical properties, vegetation, and microorganisms are essential indicators for quantifying
EMF. We selected 14 variables: soil available nitrogen (SAN), soil available phosphorus (SAP), soil total ni-
trogen (STN), soil total phosphorus (STP), soil organic matter (SOM), soil microbial biomass carbon (SMBC),
soil microbial biomass nitrogen (SMBN), soil microbial biomass phosphorus (SMBP), aboveground biomass
carbon (ABC), belowground biomass carbon (BBC), vegetation leaf nitrogen (VLN), vegetation leaf phosphorus
(VLP), vegetation root nitrogen (VRN), and vegetation root phosphorus (VRP), according to previous research
(Garland et al., 2021; Meyer et al., 2018).

SAN, SAP, STN, STP, and SOM were obtained from the National Tibetan Plateau Data Center (Shangguan &
Dai, 2021) with a resolution of 30″ and a depth of 0.045 m, while SMBC, SMBN, and SMBP were acquired from
the Zenodo platform (Gao et al., 2022) with a resolution of 30″ and a depth of 0.30 m. ABC and BBC were also
obtained from the Oak Ridge National Laboratory Distributed Active Archive Center (Spawn & Gibbs, 2020)
with a spatial resolution of 10″. Bilinear interpolation is suited for continuous variables like biomass as it pre-
serves spatial gradients by weighting neighboring pixels (Bovik, 2009). The above‐mentioned data sets were
resampled to a resolution of 30″ using bilinear interpolation in R software version 4.0.0 (R Core Team, 2020).
Validation against a mass‐conserving baseline (area‐weighted mean aggregation) confirmed small mass deviation
(<0.001% for ABC and BBC), high spatial correlation (ABC: r = 0.997; BBC: r = 0.996) and low root mean
square error (ABC: RMSE = 14.34 Mg C ha− 1; BBC: RMSE = 5.47 Mg C ha− 1).
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Vegetation traits (VLN, VLP, VRN, and VRP) were obtained from the Dryad digital repository (Zhang
et al., 2021) with a resolution of 30″. In detail, SAN, SAP, STN, and STP are essential nutrients for plant growth
(Jing et al., 2015). SOM is associated with soil fertility and nutrient cycling, whereas SMBC, SMBN and SMBP
are associated with the sequestration of soil carbon and nitrogen (Maestre et al., 2012). ABC and BBC can
represent material productivity. In summary, these 14 indicators provide a crucial foundation for EMF assessment
(Isbell et al., 2011).

2.3. Environmental Factors

2.3.1. Bioclimate

Regional climate changes determine the structure and function of various ecosystems (Delgado‐Baquerizo,
Maestre, Eldridge, et al., 2016; Delgado‐Baquerizo, Maestre, Reich, et al., 2016; Jing et al., 2015). Considering
multidimensional bioclimatic factors and examining their impact on the dynamics of ecosystem function is of
particular significance (Garcia et al., 2014). To ensure consistency in assessing climate change impacts, we
used 19 bioclimatic indicators in both historical and future periods (Table S1 in Supporting Information S1).
Current bioclimatic data are available in Fick and Hijmans (2017). Future bioclimatic data are available at
https://www.worldclim.org/data/cmip6/cmip6_clim30s.html. Future bioclimates were produced using an
ensemble of 11 global climate models: ACCESS‐CM2, CMCC‐ESM2, EC‐Earth3‐Veg, GISS‐E2‐1‐G,

Figure 1. Spatial pattern and difference of ecosystem multifunctionality. (a) Spatial patterns of ecosystem multifunctionality. (b) Elevation‐dependent change in
ecosystem multifunctionality. (c) Kruskal‐Wallis analysis of ecosystem multifunctionality based on climatic zones. (d) Fitted linear relationships between NPP and
ecosystem multifunctionality based on climatic zones. Climatic zones are as follows: plateau climatic zone (PC), northern temperate zone (NT), mid‐temperate zone
(MT), southwestern temperate zone (SWT), southeastern temperate zone (SET), northern subtropical zone (NST), mid‐subtropical zone (MST), and southern
subtropical zone (SST).
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INM‐CM5‐0, IPSL‐CM6A‐LR, MIROC6, MPI‐ESM1‐2‐HR, MRI‐ESM2‐0, UKESM1‐0‐LL, and BCC‐
CSM2‐MR. The data from these models were averaged to project future bioclimates. The projections are
divided into the following periods: 2021–2040, 2041–2060, 2061–2080, and 2081–2100. Each period corre-
sponds to the four Shared Socioeconomic Pathways (SSPs): SSP126, SSP245, SSP370, and SSP585. These
pathways represent sustainability, middle of the road, regional rivalry, and fossil‐fueled development,
respectively (Riahi et al., 2017).

2.3.2. Topography

Topographic effects can alter general climate patterns (Wang et al., 2023). A digital elevation model (DEM) was
obtained from the SRTM 90mDEM digital elevation database (Jarvis et al., 2008) with a spatial resolution of 30″,
which was generated according to the most recent data resampling of the Shuttle Radar Topography Mission
(SRTM) V4.1 data. Other topographic factors, such as slope and aspect, were extracted from the DEM data using
R software version 4.0.0 (R Core Team, 2020).

2.3.3. Soil Abiotic Properties

Soil abiotic properties are important indicators for identifying the mechanisms driving EMF (Garland
et al., 2021), which include bulk density, clay concentration, porosity, and pH. They were obtained from the
National Tibetan Plateau Data Center (Shangguan & Dai, 2021) with a resolution of 30″ and a depth of 0.045 m.
Moreover, soil moisture content was downloaded from the Zenodo platform (Zhang et al., 2022) with a spatial
resolution of 30″.

2.3.4. Plant Biodiversity

To quantify the relationship between biodiversity and EMF, we used a global species richness data set with a
resolution of 30″, obtained from the German Centre for Integrative Biodiversity Research (Sabatini et al., 2022).

2.4. Net Primary Productivity

Net primary productivity (NPP) is a crucial indicator of the health and sustainable development of terrestrial
ecosystems (Field et al., 1998). Thus, we used NPP to evaluate EMF performance. NPP was derived from the
MOD17A3HGF V6 data set (Running & Zhao, 2021) with a horizontal resolution of 15″ and an annual interval.
Subsequently, the data were resampled to 30″ using bilinear interpolation in R software version 4.0.0 (R Core
Team, 2020), thereby maintaining the same spatial resolution as other products.

2.5. Assessing EMF

Several methods have been proposed for calculating EMF, including the single‐function method (Jing
et al., 2015), the turnover method (Hector & Bagchi, 2007), the averaging method (Jing et al., 2015; Wagg
et al., 2014), the single‐threshold method (Gamfeldt et al., 2008; Zavaleta et al., 2010), the multi‐threshold
method (Bradford et al., 2014), and the multivariate‐model method (Dooley et al., 2015). Considering applica-
bility for large‐scale assessment, three complementary methods were selected to calculate EMF: (a) the averaging
method, which provides an integrated measure of overall function via averaging all ecosystem functions; (b) the
principal‐component method, which identifies key dimensions of covariance among ecosystem functions; and (c)
the multi‐threshold approach, which determines areas that meet critical benchmarks for multiple functions
simultaneously. These three methods have different characteristics, to avoid being limited by any single method,
we averaged their results to obtain a more comprehensive assessment of EMF.

2.5.1. Averaging Method

The averaging method is the most extensive and simple approach for quantifying EMF. Specifically, each
ecosystem function was first standardized, and then EMF was obtained by averaging the ecosystem functions at a
spatial pixel scale. The averaging method is defined as follows:

EMFaverage =
1
F
∑
F

i=1
g( ri( fi)) (1)
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where F is the number of ecosystem functions, fi is the value of ecosystem function i, ri is a mathematical function
that converts values to positive values, and g is a standardized function.

All ecosystem functions first needed to be standardized to ensure that they were on the same scale. We used the
method of converting maximum values to standardize the ecosystem functions:

Nmax =
EFi

MAX5%
(2)

where EFi is the ith value of an ecosystem function, and MAX5% is the average of the highest 5% of the ecosystem
function rankings. MAX5% was calculated using the “xarray” and “gdal” packages in the Python software version
3.13.5 (Python Software Foundation, 2023).

2.5.2. Principal‐Component Method

The principal‐component method is a common form of multivariate analysis that primarily utilizes the concept of
dimensionality reduction to extract important information from multidimensional data (Abdi & Williams, 2010).
These derived variables are called principal components (PCs). The obtained PCs are independent and can
represent most of the information in the original data set. These PCs are then weighted by contribution rates and
summed to calculate EMF. The formula is listed below:

EMFPCA = ∑
n

i=1
αiPCi (3)

where PCi is the principal component i, αi is the contribution rate corresponding to PC i and n is the number of PCs
selected. The principal components are selected with a cumulative contribution rate of at least 75% (He
et al., 2020).

2.5.3. Multi‐Threshold Method

The multi‐threshold method is a common approach to calculating EMF. We implemented this approach in three
steps: (a) calculating quantile‐based thresholds at 10% intervals from 10% to 90% of each function's maximum
value (defined as the 95th percentile value); (b) converting function values to binary indicators (1 if ≥ threshold,
0 otherwise) at each threshold level; and (c) summing these binary indicators to compute EMF. The final inte-
grated EMF was computed by averaging the results obtained at each threshold level using the R “terra” package.

Three kinds of EMF grid data were obtained using the above methods. We averaged grids on a pixel scale,
considering the characteristics of each method, to produce the “mean” product. Prior to integration, the three
EMFs were standardized to a common 0–1 scale using min‐max normalization to ensure comparability across
their different measurement scales.

2.6. Spatial Similarity of EMF

The comparison map profile (CMP) method was selected for analyzing spatial similarities and consistencies in the
EMF grid data. The principle of CMP is to analyze spatial consistency by setting the size of the moving window
(Gaucherel et al., 2008). The cross‐correlation coefficient (CC) and absolute distance (AD) were utilized to assess
the degrees of similarity and consistency. The absolute distance was calculated as follows:

AD = abs(x − y) (4)

where x and y represent the average pixel values in the moving windows applied to the first and second remote
sensing images, respectively; and abs() is a function that converts a value to an absolute value. The lower the AD,
the higher the similarity between the two images. Cross‐correlation represents the similarity or difference of two
images in the gradient direction, calculated as follows:
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CC =
1
N2 ∑

N

i=1
∑
N

j=1

(xij − x) ( yij − y)
σxσy

(5)

σ2x =
1

N2 − 1
∑
N

i=1
∑
N

j=1
(xij − x)2 (6)

where xij and yij represent the pixel values of row i and column j in the moving window of the two images x and y,
respectively, N is the total number of pixels in each moving window, and σx and σy are the standard deviations of
the pixel values in the two comparison moving windows. The maps of the AD and CC values were calculated 20
times, with the window size increasing from 2 × 2 pixels to 21 × 21 pixels (Gaucherel et al., 2008; Li et al., 2018).
The similarity analysis was performed using CMP software version 2.1 (Gaucherel et al., 2018).

2.7. EMF Differences

To assess the differences in EMF across different environments, the Kruskal‐Wallis test (Kruskal &Wallis, 1952)
was employed. This non‐parametric approach is particularly advantageous for ecological data, which often does
not adhere to the assumptions of a normal distribution. It effectively handles samples of different sizes and
variances, which is a common occurrence in multidisciplinary environmental research. The Kruskal‐Wallis test
was performed using the “scipy.stats” package in Python software version 3.13.5 (Python Software
Foundation, 2023).

2.8. Drivers of EMF

Pearson correlation coefficients were determined using the “PerformanceAnalytics” package in R software
version 4.0.0 (R Core Team, 2020) to confirm the degree of correlation between EMF and the environmental
variables (topography, climate, soil abiotic factors, and biodiversity). For each climatic zone, a principal‐
component analysis was conducted on the following three variable categories: topography, climate, and soil
abiotic factors. The first two principal components from each category were retained to create composite envi-
ronmental factors. To address multicollinearity, variables with variance inflation factors (VIF) <5 were selected
for inclusion in subsequent analyses (Hu et al., 2021; Jing et al., 2015). Then, separate structural equation models
(SEMs) were constructed for each climatic zone to quantify direct and indirect pathways influencing EMF. The
assessment of model fitness was conducted by the Akaike Information Criterion (AIC), Fisher's C statistics, and
the associated P‐values. The “piecewiseSEM” package in R software version 4.0.0 (R Core Team, 2020) facil-
itated the construction of models and the decomposition of effects, enabling the partitioning of total effects into
direct and indirect components.

2.9. Predicting Dynamics of EMF

The random forest algorithm is a machine‐learning method based on classification and regression trees. It is
considered to be one of the most accurate prediction methods in regression modeling (Cutler et al., 2007).
Random forest algorithms have been widely applied in the field of environmental remote sensing, including land‐
cover classification, and environmental and water resource management (Booker & Snelder, 2012). Many
environmental variables typically influence EMF when mapping future spatial patterns, and the relationship
between these variables is complex. For the prediction of future EMF, we made two key assumptions: (a) non‐
climatic variables (including soil abiotic properties, topography, and biodiversity) would remain constant at
present‐day levels, and (b) the observed relationships between EMF and environmental drivers would persist
under future climate conditions. To this end, a random forest regression algorithm and future bioclimate data were
utilized to predict the spatial pattern of EMF under future scenarios. Specifically, the bioclimatic data was divided
into training and test sets at a ratio of 4:1 from the different climatic zones. The training‐test split was imple-
mented through stratified random sampling by climatic zone using the “caret” package in R software version
4.0.0 (R Core Team, 2020), which maintains ecological representativeness within each climatic zone while
guaranteeing data independence between the training and test sets. Subsequently, a random‐forest regression
model comprising 500 decision trees was established for the purpose of training. Finally, the model was employed
to predict the spatial pattern of the EMF under different climatic zones. The random‐forest regression was
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developed via the “randomForest” package in R software version 4.0.0 (R Core Team, 2020). The reliability of
the predicted results was ensured by adopting the correlation coefficient (r) and root mean square error (RMSE).

3. Results
3.1. EMF Across China

We evaluated three EMF products, considering the differences in the methods for quantifying EMF (seeMethods)
(Figure S1 in Supporting Information S1). We further calculated the spatially explicit indices CC and AD at
multiple scales to examine spatial similarities between the three results using the CMP method. Both CC > 0.85
and AD < 0.14 indicated that the three EMFs had highly consistent and similar spatial structures and values
(Figure S2 in Supporting Information S1). Nevertheless, these methods were still spatially heterogeneous in
certain areas. To reduce spatial variation and uncertainty in these methods, the “mean” EMF product was
calculated (Figure 1a), which notably improved after averaging (Figures S2d–S2f and S2j–S2l in Supporting
Information S1). Specifically, the “mean” EMF product showed superior spatial agreement with the individual
methods, as evidenced by higher consistency (CC > 0.93) and lower discrepancy (AD < 0.08), thereby effectively
reducing extreme discrepancies among methods.

The spatial pattern of EMF in China presented a heterogeneous geographical pattern. Specifically, the average
EMF in China was 0.41, with approximately 56% of the study area below this average value (Figure 1a). It was
demonstrated that regions in northeastern China, the southeastern Tibetan Plateau, the Tianshan Mountains, and
the Altai Mountains experienced high EMF, while the low EMF was observed in the Taklimakan Desert and
Loess Plateau. Among the various land use types, EMFwas found to be highest in forests, followed by grasslands,
and barren lands (Figure S3 in Supporting Information S1). Furthermore, EMF exhibited distinct topographic
gradient characteristics, with four elevation thresholds identified at 582 m, 1,373 m, 3,726 m, and 5,477 m
(Figure 1b). Interestingly, EMF increased to reach its maximum at the 3,726‐m contour lines, which were pri-
marily located on the edge of the Tibetan Plateau (Figure S4 in Supporting Information S1).

A Kruskal‐Wallis analysis revealed that EMF differed significantly among different climatic zones (P < 0.001,
Figure 1c), suggesting that climate may influence the spatial distribution of EMF. EMFwas found to be highest in
NT, followed by PC, primarily in regions with harsh cold climates and high latitudes. EMF was lowest in SWT,
which contains the Taklimakan Desert. NPP and EMF were significantly positively correlated across climatic
zones (Figure 1d). The correlation between NPP and EMF was the strongest in MT, with a coefficient of 0.75.

3.2. Links of Environmental Factors With EMF

Environmental factors play important roles in determining EMF. We first assessed the relationships between
bioclimatic factors and EMF (Figure 2). The findings revealed that most temperature factors (>82%) exhibited a
significant inhibitory effect (P < 0.05) on EMF across all climatic zones, with the exception of PC. In SWT, the
negative impact of most temperature factors on EMF was more substantial. Temperature fluctuations (i.e., mean
diurnal range, isothermality, and annual range of temperature) harmed EMF in PC. Conversely, mean diurnal
range in temperature and isothermality exhibited significant positive effects (P < 0.05) on EMF in tropical zones
(NST, MST, and SST). In NT, the seasonality and annual range of temperature were found to have a significant
positive impact (P< 0.05) on EMF. The majority of precipitation factors demonstrated significant positive effects
(P < 0.05) on EMF in PC, MT, SWT, and SET, while remarkable negative effects (P < 0.05) were observed in
NST, MST, and SST. The study found that precipitation seasonality exhibited a strong positive effect (P < 0.05)
on EMF in tropical zones (NST,MST, and SST), but demonstrated a weaker negative or neutral effect in polar and
temperate zones.

Furthermore, linkages among the abiotic properties of soil, topographic factors, biodiversity, and EMF were
explored in Figure 2. Notably, elevated soil bulk density tended to impair EMF across most climatic zones. In
contrast, soil pH showed divergent effects. Higher pH enhanced EMF in NST, MST, and SST, whereas lower
values were beneficial in other zones. Regarding topography, slope exhibited a positive influence on EMF, albeit
strictly within an optimal range. Most strikingly, biodiversity displayed contrasting relationships with EMF
across regions, with strong positive correlations in PC, MT, and SWT but negative associations in NST, MST,
and SST.
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We then constructed SEMs to assess the relative strengths of direct and indirect relationships among bioclimate
variables, soil abiotic properties, topography, biodiversity and EMF among different climatic zones. The results
of the SEMs demonstrated an excellent fit (1.35 < Fisher's C < 9.54, P > 0.05, Figure S5 in Supporting In-
formation S1) and the standardized total effects revealed bioclimate and topography factors as the predominant
regulators of EMF across climatic zones (Figure 3). Notably, it was found that soil abiotic factors had the largest
positive and integrated effects (standardized total effect = 0.82) on EMF in PC, followed by topography and
bioclimate. In most climatic zones, bioclimate exerted substantial direct effects on EMF, particularly in the NST,
MST, and SWT. Furthermore, the bioclimate indirectly enhanced EMF by mediating soil abiotic properties. The
effects of topography were primarily indirect, operating through climate modulation. Biodiversity showed
inconsistent effects, with a significant positive effect on PC (standardized total effect = 0.22) and significant
negative impacts in MT (standardized total effect = − 0.29) and NT (standardized total effect = − 0.16).

3.3. EMF Change Under Future Climatic Scenarios

Bioclimate and topography are the main driving factors of EMF across climatic zones. Topography in most areas
may have been less affected by biological and abiotic factors over long timescales. To predict future EMF, it was
hypothesized that non‐climate variables would remain unchanged at the current level. We predicted changes in
EMF according to quantitative estimates from the SSPs, namely SSP126, SSP245, SSP370, and SSP585
(Figure 4), until the end of the century. The random‐forest model demonstrated robust and accurate performance
(R > 0.88, RMSE < 0.04), as evidenced by validation analysis (Figure S6 in Supporting Information S1). Our
estimates indicated that, under the SSP126, SSP245, SSP370, and SSP585 scenarios, 66.20%, 67.79%, 70.18%,
and 69.69% of the study area, respectively, would be degraded by the year 2100. The most severely degraded
areas were mainly located in northeast and southern China, and the western Tibetan Plateau, with the highest
degree of degradation occurring in northeastern China. Conversely, increases in EMF were predominantly
projected in the eastern Tibetan Plateau and the Loess Plateau, indicating potential heterogeneity in the impacts of
climate change. Temporal analysis revealed a consistent and progressive decline in EMF across all scenarios
(Figure 5). Initial periods demonstrated moderate losses, with a range of − 4.48% to − 5.02%. However, by the end
of the century, there was a marked intensification in the reduction of EMF, reaching − 5.68% (SSP126), − 7.74%
(SSP245), − 9.71% (SSP370), and − 10.33% (SSP585).

Figure 2. Relationship between environmental factors and ecosystem multifunctionality in the climatic zones. Heatmap showed significant correlations (P < 0.05). The
color of the square denoted a positive (blue) or negative (red) correlation, and color intensity indicated the strength of the correlation. Environmental factors were
grouped into four categories (colored backgrounds of the column names): bioclimate variables, soil abiotic properties, topography, and biodiversity. Climatic zones are
as follows: plateau climatic zone (PC), northern temperate zone (NT), mid‐temperate zone (MT), southwestern temperate zone (SWT), southeastern temperate zone
(SET), northern subtropical zone (NST), mid‐subtropical zone (MST) and southern subtropical zone (SST). The rows of the heatmap represented EMF in different
climatic zones, while the columns represented environmental factors.
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The tendencies of EMF revealed that only the PC exhibited EMF increases. However, all other zones showed a
gradual decline in the different scenarios, particularly in the high‐emission scenario (Figure 6). By the year 2100,
under SSP585, MT exhibited the most pronounced decline (22.97%, 0.092), followed by NT (9.52%, 0.066). The
sustainable development pathway (SSP126) has been confirmed to facilitate EMF stabilization during the latter
half of the present century, while accelerated declines were demonstrated in SSP585. This discrepancy un-
derscores the imperative for the adoption of sustainable development pathways.

4. Discussion
4.1. Nondeterminacy and Size of EMF

EMF is essential for evaluating the health, stability, and sustainability of an ecosystem (Garland et al., 2021;
Mastrangelo et al., 2014). Nevertheless, EMF assessment is uncertain owing to variability in indicator selection
and methodological differences, both of which reduce the reliability and comparability of EMF assessment (Jing
et al., 2015; Maestre et al., 2012). A primary challenge in EMF assessment lies in the selection of appropriate
ecosystem functions. While studies have employed anywhere from 2 to 82 indicators, this wide variability in-
troduces uncertainty, as different function sets may lead to divergent conclusions about ecosystem performance
(Garland et al., 2021). The choice of indicators should reflect specific ecosystem processes (e.g., nutrient cycling,
productivity, or decomposition) rather than abiotic drivers (e.g., soil pH, moisture, or bulk density), which are
environmental constraints rather than true function outputs (Garland et al., 2021; Maestre et al., 2012; Meyer
et al., 2018). Despite this, the accurate quantification of EMF remains challenging due to trade‐offs or re-
dundancies among ecosystem functions (Bradford et al., 2014; Byrnes et al., 2014; Lavorel & Grigulis, 2012).
Meanwhile, the temporal discrepancy between ecosystem function data sets must be considered. For instance, soil
chemistry data, microbial biomass data, biomass carbon data, and vegetation traits span different decades. While
these data sets represent the most comprehensive and authoritative sources available for our study region, it is
recognized that temporal discrepancies may introduce some uncertainty in our integrated analysis. Furthermore,
the diverse approaches to assessing EMF pose considerable limitations for researchers, hindering the comparison
of results across studies. Given these difficulties, we adopted a multi‐method approach, using the “mean” EMF
across different quantification techniques to reduce bias and enhance robustness at the spatial pixel scale (Figure
S2 in Supporting Information S1).

Figure 3. Standardized total effects of environmental factors on ecosystem multifunctionality in the climatic zones. (a) Plateau climatic zone (PC). (b) Northern
temperate zone (NT). (c) Mid‐temperate zone (MT). (d) Southwestern temperate zone (SWT). (e) Southeastern temperate zone (SET). (f) Northern subtropical zone
(NST). (g) Mid‐subtropical zone (MST). (h) Southern subtropical zone (SST). The standardized total effect represented the sum of direct and indirect standardized path
coefficients derived from structural equation models. Positive values indicated enhancing effects on ecosystem multifunctionality, while negative values indicated
suppressing effects. Environmental factors were categorized into four groups: bioclimate variables, soil abiotic properties, topography, and biodiversity.
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Figure 4. Magnitude of changes in ecosystem multifunctionality between the present and 2100 under various climatic
scenarios. (a) SSP126 (sustainability). (b) SSP245 (middle of the road). (c) SSP370 (regional rivalry). (d) SSP585 (fossil‐
fueled development).

Figure 5. Percentage change of ecosystem multifunctionality in China under different climatic scenarios. The bar plot shows percentage changes of ecosystem
multifunctionality relative to baseline conditions for four future periods (2040, 2060, 2080, 2100) under four climatic scenarios (SSP126, SSP245, SSP370, SSP585).
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Figure 1 presented that EMF was higher in northeastern China and the southeastern Tibetan Plateau and lower in
arid areas, suggesting the spatial heterogeneity of EMF. Another study indicated that EMF was generally high in
cold areas but decreased with rising temperatures (Maestre et al., 2012). Warming can lead to increased surface‐
water evaporation and continuous soil drought (Dai et al., 2018), which will ultimately reduce biodiversity and
affect ecosystem functions and services (Delgado‐Baquerizo, Maestre, Eldridge, et al., 2016; Delgado‐Baquerizo,
Maestre, Reich, et al., 2016). The rate of material circulation, though, is slow in cold regions, which favors the
accumulation of soil organic material (Lange et al., 2015; Schuur et al., 2015). Furthermore, EMF is also higher in
alpine meadows than alpine steppes, possibly due to variations in precipitation (Song et al., 2020; Wang, Liu,
et al., 2022; Wang, Sun, et al., 2022). Precipitation is higher in alpine meadows, contributing to increased species
richness and improved ecosystem stability and sustainability (Delgado‐Baquerizo et al., 2017; Maestre
et al., 2012). The elevational pattern of EMF in our study revealed four distinct thresholds (582, 1,373, 3,726, and
5,477 m), showing more complex variation than the previous field study (3,900 m within a 3,030–5,000 m
sampling elevation range, Wang et al., 2023). While the field study provided in situ observed data within their
specific elevation band, our pixel‐scale analysis encompassed the complete elevation gradient across diverse
topographic positions. The incorporation of vegetation functional traits, notably leaf and root nutrient concen-
trations, enhanced EMF sensitivity to elevation‐driven ecological changes. Altitude regulates the variations of
climatic factors, hydrothermal patterns, and plant community composition (Pan et al., 2017). A study of an alpine
transect with altitudinal gradients ranging from 3,813 to 4,807 m demonstrated that altitude and climate affect
plant height, aboveground biomass, species richness, and the ratio of palatable species, and alter aboveground
EMF. It is evident that harsh habitats in high‐altitude areas (above 3,726 m), such as significant temperature
differences and dry air, are not conducive to the survival of many organisms and lead to decreases in species
richness. Conversely, the mild and humid climates in low‐altitude regions (ranging from 1,373 to 3,726 m) foster
high species richness and biological resources, consequently resulting in high ecosystem functions (Chen
et al., 2022). This phenomenon defines that EMF and biodiversity are consistent with the hypothesis of the “mid‐
altitude bulge” along altitudinal gradients (Lomolino, 2001; Whittaker & Niering, 1975).

4.2. Climate and Topography Determine the Spatial Pattern of EMF

EMF varied significantly (P < 0.001) across the eight climatic zones (Figure 1c), indicating that changes in
temperature and precipitation patterns could govern the spatial distribution of EMF. We therefore explored the
mechanisms and drivers of EMF in different climatic zones. Our findings identified climate and topography as the
key drivers of the spatial distribution of EMF (Figure 3). Furthermore, soil abiotic properties emerge as the
dominant driver of EMF, surpassing the direct effects of bioclimate factors (Figure 3 and Figure S5 in Supporting
Information S1) in PC. In detail, soil‐mediated control likely stems from the unique ecological constraints of
alpine ecosystems (Wang et al., 2021). The cold, nutrient‐limited conditions in PC strongly suppress microbial
decomposition rates and nutrient cycling, which results in soil biogeochemical properties acting a critical

Figure 6. Dynamics of ecosystemmultifunctionality in the climatic zones under different climatic scenarios. Each subplot shows temporal trends of EMF for: (a) Plateau
climatic zone (PC). (b) Northern temperate zone (NT). (c) Mid‐temperate zone (MT). (d) Southwestern temperate zone (SWT). (e) Southeastern temperate zone (SET).
(f) Northern subtropical zone (NST). (g) Mid‐subtropical zone (MST). (h) Southern subtropical zone (SST).
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bottleneck for alpine ecosystem function (C. Zhang et al., 2023; D. Zhang et al., 2023). Additionally, the rela-
tively stable thermal and hydrological regimes in PC may enable soil properties to maintain a more sustained
effect on ecosystem processes. Moreover, bioclimate factors primarily affect EMF by mediating soil abiotic
properties, rather than through direct effects (Figure S5 in Supporting Information S1). Previous reports
demonstrated that a warm‐humid environment plays a key role in enhancing community carbon accumulation
rates via modulating the availability of soil nutrients (soil available nitrogen, and soil available phosphorus)
across the Tibetan Plateau (Sun et al., 2020). Furthermore, increased water and heat availability stimulates the
activities of soil microorganisms, which indirectly promotes soil mineralization and potentially enhances plant
resource utilization, thereby supporting the sustainability of EMF (Chen et al., 2018; Melillo et al., 2002).

Temperature harmed EMF in the temperate regions compared to PC, while precipitation promoted EMF
(Figure 2). This is consistent with findings that warming can diminish relevant belowground ecosystem functions
related to nutrient cycling, and soil fertility, and ultimately impair EMF, as demonstrated in dryland ecosystems
(Hu et al., 2021). Biodiversity presented an inhibitory effect on EMF in NT and MT (Figure 3 and Figure S5 in
Supporting Information S1), whereas a positive role was observed in a broad range of taxa and ecosystems
(Lefcheck et al., 2015). In northern China, an unexpected negative correlation between soil microbial diversity
and soil multifunctionality has been documented (Hu et al., 2021), consistent with findings in some natural
ecosystems (Gamfeldt & Roger, 2017; Jing et al., 2020; van der Plas, 2019). One possible explanation is that
increased microbial diversity could foster competition and suppress key species that are essential for nutrient
cycling, thereby disturbing symbiotic microbial relationships (Delgado‐Baquerizo, Maestre, Eldridge,
et al., 2016; Delgado‐Baquerizo, Maestre, Reich, et al., 2016; Delgado‐Baquerizo et al., 2020). Under environ-
mental stress, microbial species adapted to drought or low nutrient conditions may become dominant. This
competitive exclusion leads to reduced overall diversity, yet key ecosystem functions can be maintained or even
enhanced. Such disturbances are likely to inhibit plant growth and undermine soil multifunctionality. Moreover,
land‐use pressures can decouple the positive associations between plant richness and functions in the grasslands
of northern China (Zhu et al., 2020).

Similarly, temperature also exerted an inhibitory effect on EMF in tropical regions (Figure 2). However, iso-
thermality and the mean diurnal temperature range had a positive impact on EMF. Some studies have reported that
within the suitable temperature range for vegetation growth, a greater diurnal temperature variation is associated
with higher vegetation production (Mccormick et al., 2006; Wan et al., 2009). Photosynthesis yields more organic
matter during the day, and lower night‐time temperatures reduce vegetation respiration, thereby increasing net
nutrient accumulation (Fu et al., 2016; Peng et al., 2004; Piao et al., 2015). While most precipitation indicators
decreased EMF, the seasonality of precipitation increased EMF in NST, MST, and SST. The reason is that
different species are active at different growth periods, depending on seasonal rainfall patterns (e.g., wet and dry
seasons). This temporal niche complementarity ensures that ecosystem functions are maintained across seasons.
Moreover, although annual precipitation is higher in the tropics than in other regions, slight variations in pre-
cipitation can alter the water cycle, which can affect river flow and subsequently the ecosystem functions (Dubois
et al., 2014; Potter et al., 2005). In the tropics, seasonal precipitation availability positively controls soil microbial
respiration, leading to increased carbon storage and vegetation productivity (Feng et al., 2012; Rohr et al., 2013).

4.3. EMF Will Be Lost Rapidly on a Centurial Scale

It is anticipated that climatic changes and human pressure will escalate continuously until the end of the century,
posing a threat to various ecosystems (Berdugo et al., 2020; Zscheischler et al., 2018). The rapid loss of EMF
(Figures 4 and 5) is primarily driven by climate‐induced ecosystem degradation (Allan et al., 2015; Birkhofer
et al., 2018). Warming, altered precipitation regimes, and increased extreme climate events have reduced the
resilience and function of ecosystems across multiple climatic zones (Tang et al., 2025). For instance, climate
changes resulted in forest degradation, declined cropland productivity, and diminished carbon sequestration and
soil fertility directly (Fernández‐Martínez et al., 2019; Qiao et al., 2022). Under climate change, additional
consideration of land‐use changes (e.g., reduction in cropland and forest) may potentially exacerbate EMF loss
(Figure S7 in Supporting Information S1), though the future impact of these changes remains uncertain (Bayer
et al., 2023; Krause et al., 2019; Kuang et al., 2021). In addition, our projections assumed static soil properties,
topography and biodiversity to isolate climate effects, but these factors will likely co‐evolve with climate change.
Soil organic matter may decline in intensively managed areas but increase in reforested regions, creating spatial
heterogeneity in EMF responses (Liu et al., 2025; Van Rijssel et al., 2025). Similarly, species range shifts could
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alter EMF patterns, with time lags in high‐altitude ecosystems (Maestre et al., 2012; Xu et al., 2024). Given these
complex and interacting dynamics, proactive management becomes essential.

Our projections indicate a gradual increase in EMF in PC across future scenarios (Figure 6). This trend can be
attributed to several climate‐mediated factors. Moderate warming extends the growing season and improves
thermal conditions for vegetation (Yan et al., 2024). Furthermore, altered precipitation patterns may enhance
water availability in historically arid areas (C. Zhang et al., 2023; D. Zhang et al., 2023). These combined hy-
drothermal changes are conducive to increased plant productivity and biomass accumulation, which in turn
contribute significantly to enhanced ecosystem carbon sequestration (Sun et al., 2024). Despite these positive
developments in PC, other climatic zones are experiencing EMF degradation, which requires urgent attention.
Therefore, we propose several policy priorities to mitigate further EMF degradation. First, it is imperative that
regional climate adaptation strategies should account for the varying vulnerabilities across climatic zones. This
necessitates a particular focus on protecting the most vulnerable temperate zones while supporting the sustainable
development pathways on the Tibetan Plateau. Second, EMF projections should be incorporated into regional
land‐use planning frameworks to guide conservation efforts in sensitive ecological areas (Scherzinger
et al., 2024). Moreover, successfully mitigating EMF degradation requires coordinated, cross‐sectoral policies
(Sun, Fu, et al., 2021; Sun, Liang, et al., 2021). These policies must align ecological protection with sustainable
development goals. Ultimately, these measures should be implemented within China's existing Ecological
Conservation Redline framework to ensure their efficacy and institutional support.

5. Conclusions
Our comprehensive assessment of EMF in China reveals remarkable differences in EMF among different climatic
zones and confirms that climate and topography are the primary drivers. Future projections indicate that more than
66% of EMF will experience degradation under different future climate scenarios at the end of this century.
Especially, the rapid loss of EMF will be severe and long‐lasting under high‐emission scenarios. Our findings
provide important insights into EMF patterns and dynamics, but several limitations should be noted. EMF
assessment inherits uncertainties from indicator selection and integration approaches. Meanwhile, our predictions
assume a stable relationship between climate and EMF, alongside static non‐climatic factors. Future research
should incorporate dynamic environment models and anthropogenic influences to better predict the response of
EMF to global change. Despite these limitations, our study highlights the urgent need to maintain EMF to mitigate
climate change.
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