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Climate variability is increasingly threatening forest ecosystem functioning and carbon sink stability, reducing
resilience and triggering abrupt state transitions. Ecosystem productivity resilience (EPR)—the ability to
maintain and recover carbon sequestration function under disturbance—is a key dimension of functional resil-
ience. Declining EPR often precedes functional anomalies and signals increased risk of critical transitions.
However, previous studies have largely focused on temporal trends and lack spatially explicit methods for
assessing resilience states and transition risks. We develop a composite indicator framework to quantify EPR
variation using critical slowing down (CSD) metrics derived from gross primary production (GPP) time series. By
integrating structure and process characteristics, we identify EPR states and potential transitions under climate
change. Applied across China from 2000 to 2018, the framework reveals that 57.47% of forests experienced an
EPR decline, primarily driven by climatic water availability. Coniferous-broadleaf forests in the temperate zone
experienced the most severe abrupt declines under both water surplus and deficit. Reductions in EPR and pro-
ductivity are statistically linked and emerge as ecosystems approach critical thresholds. Notably, 24.58% of
forests have transitioned from a state of uniform stability to unstable multistability. As projected EPR degra-
dation escalates under persistent warming, high-risk transitions increasingly cluster in boundary areas and high-
vulnerability shifts toward productive lower latitudes. Our findings highlight the urgency of incorporating the
EPR indicator system into resilience assessments and informing ecological adaptation management.

1. Introduction 2004; Gladstone-Gallagher et al., 2019; Greenwell et al., 2019; Holling,

1996; Scheffer et al., 2001). These delayed responses across ecosystem

Forests comprise 80-90 % of global plant biomass (Pan et al., 2011)
and play a fundamental role in providing ecosystem services and
achieving climate goals (Friedlingstein et al., 2022; McDowell et al.,
2020; Reid et al., 2005). However, they are endangered by climatic
stressors (such as high temperatures, increased water stress and evap-
orative demand) and land use-related disturbances, raising substantial
concerns (Anderegg et al., 2015; Hoek van Dijke et al., 2022; Liu et al.,
2024). Among them, hydroclimatic fluctuations have been observed to
accelerate forest mortality (Senf et al., 2020) and induce annual carbon
fluxes of up to 2-3 gigatons (Green et al., 2019). Empirical and experi-
mental evidence indicate that disturbances directly degrade resilience,
preceding functional anomalies and ecosystem collapse (Folke et al.,
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structure, processes, and functions underscore the need to prioritize
long-term functional resilience over merely short-term service provision
(Aguirre-Gutiérrez et al., 2022; Oliver et al., 2015).

Ecosystem productivity resilience (EPR), defined as the ability of the
carbon sequestration function to withstand and recover from environ-
mental perturbations, represents a key dimension of functional resil-
ience. It drives ecosystem energy and carbon exchange, supports
persistence and functional diversity, and sustains service provision
(Cook-Patton et al., 2020; Folke et al., 2004; Poorter et al., 2016). Low-
EPR forests are more susceptible to both ecosystem structure and pro-
cesses destabilization (Cumming and Peterson, 2017). The “marble in a
cup” conceptual model (Holling, 1996; Walker et al., 2004) illustrates
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that the size of the attraction basin determines the structural stability of
a system with multiple stable states, reflecting self-organizing capacity
within processes (Method. S1 and Fig. S1). Far from the critical
threshold, systems exhibit broad and deep basins of attraction, as well as
a swift recovery rate from perturbations (Andersen et al., 2009; Scheffer
and Carpenter, 2003). As tipping points are approached, the basin
shrinks and the recovery rate slows, and system states become increas-
ingly autocorrelated due to critical slowing down (CSD) (Scheffer et al.,
2009). Once thresholds are crossed, disturbances may trigger frequent
and abrupt fluctuations between alternative states and give rise to
multiple coexisting attractors. This manifests as a self-sustained
runaway multistable state, leading to permanent loss of EPR and car-
bon sequestration capacity, accelerating climate change and under-
mining biodiversity and socioeconomic systems (Bochow and Boers,
2023; Flores et al., 2024; McDowell et al., 2020; Scheffer et al., 2001).
Thus, declines in EPR (Scheffer et al., 2009) and structure-process sta-
bility (Keith et al., 2023) serve as early warnings of catastrophic tran-
sition. Given escalating disturbance regimes (Flores et al., 2024; Seidl
et al., 2017), monitoring EPR tipping dynamics to guide preemptive
management has become increasingly urgent.

Despite its importance, large-scale assessment of EPR remains
limited (Oliver et al., 2015). Growing studies infer resilience decline
using CSD indicators, typically manifested as heightened temporal
autocorrelation (TAC) and variance in time series (Dakos et al., 2015;
Liu et al., 2023; Rietkerk et al., 2021; Scheffer et al., 2001, 2009). Lag-
one autocorrelation (AR(1)) captures system memory and recovery rate,
while variance reflects the magnitude of natural fluctuations (Dakos
et al.,, 2008). However, these trend-based approaches offer limited
insight into the structure-process characteristics of resilience. An indi-
cator framework for identifying EPR states and anticipating potential
transitions is still lacking.

We develop a systematic approach that combines CSD metrics with
structure-process characteristics to assess EPR. First, EPR variation is
estimated using CSD metrics derived from satellite-based gross primary
production (GPP) time series. GPP, the primary photosynthetic carbon
flux, underpins ecosystem functioning and is a widely accepted proxy for
productivity (Anav et al., 2015; Smith and Boers, 2023a). AR(1), with
variance as an auxiliary component, is applied for comparative analysis
(Seddon et al., 2016; Smith et al.,, 2022; Smith and Boers, 2023b,
2023a). Prolonged degradation results in abrupt forest declines (ADs),
triggering critical transitions due to reduced resilience (Forzieri et al.,
2022; Kefi et al., 2013; Scheffer et al., 2009). EPR signals were validated
through comparison with ADs—identified as GPP anomalies (Hu et al.,
2018)—and with event records, including flux-tower observations.
Second, given the limited post-disturbance recovery of ecosystems
(Arani et al., 2021; Johnson et al., 2025), we identify EPR states across
ADs (Gao et al., 2016; Keith et al., 2023). Process characteristics are
represented by EPR change amplitude and rate (Arani et al., 2021;
Bathiany et al., 2024). Structure attributes—resistance, latitude, and
precariousness—reflect recovery capacity limits, systemic change
resistance, and proximity to critical thresholds (Folke et al., 2004;
Gladstone-Gallagher et al., 2019; Oliver et al., 2015; Walker et al.,
2004). These are characterized using basin topologies in terms of basin
width, depth (Meyer et al., 2018), and number of alternative attractors
(Lohmann et al., 2024). Conceptual quantification and integration
enable spatial assessment of EPR dynamics, broadening its applicability
to large-scale, real-world ecosystems.

We apply the indicator framework across China, a major contributor
to global forest expansion and a key terrestrial carbon sink, where
ecological threshold risks are of increasing concern (Guo et al., 2023).
China spans multiple climatic zones and exhibits pronounced gradients
in elevation and water availability, with distinct temperate-subtropical
ecotones (Niu et al., 2025). Long-standing forestry policies further un-
derscore the practical urgency of resilience assessment. Moreover, while
climate projections suggest growing hydroclimatic divergence and ex-
tremes (Liu et al., 2024; Zaitchik et al., 2023), it remains uncertain
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whether higher temperatures and CO5 under high-emission scenarios
enhance resilience (Merganicova et al., 2019). Leveraging ensemble GPP
datasets (2000-2018), we assess forest EPR dynamics from historical to
future climates (2060-2080). Objectives are to: (1) quantify EPR
spatiotemporal variation and drivers; (2) validate applicability of CSD
metrics for EPR estimation; (3) characterize EPR states and identify
potential transitions; (4) assess future risk of EPR across scenarios. By
linking carbon sink variability with functional resilience, the framework
elucidates mechanisms driving EPR trajectories. It enables pixel-level
diagnosis of resilience states, supporting risk mapping, early warning,
and adaptive forest management under climate change.

2. Material and methods

We propose a four-module indicator framework integrating satellite-
based indices with machine learning (Fig. 1): (1) EPR quantification
based on GPP-derived CSD metrics and attribution analysis via boosted
regression tree (BRT) models; (2) validation of EPR signal through
spatiotemporal alignment of AD events and observed records; (3)
identification of EPR states and potential transitions through structur-
e—process characteristics; and (4) assessment of future EPR and transi-
tion risks across climate scenarios. The detailed workflow and
parameterization are provided in Fig. S2.

2.1. Forest study area selection

To define ecologically representative and consistent forest grid cells,
we used three annual land cover datasets: MODIS MCD12Q1(500 m,
2001-2018), ESA-CCI (300 m, 2000-2018), and China Land Cover
Dataset (CLCD, 30 m, 2000-2018) (Yang and Huang, 2021) (Table S1).
These datasets were chosen for harmonized classification schemes and
validated regional accuracy. All data were resampled to 500 m and
aggregated into 0.05° x 0.05° grids. Only grid cells with forest cover
exceeding 50 % were retained as valid samples. No temporal lag was
applied in sample integration, as vegetation responds to climatic fluc-
tuations within one year or less (Gampe et al., 2021; Seddon et al.,
2016). Annual data from each product were consolidated, and over-
lapping samples across datasets were identified. A total of 69,335 cells
(0.05° x 0.05°) were retained to define the study area and applied as a
spatial mask for analyses. Intact forest accounted for 4.02 % of the study
area. Forest types were derived from the Vegetation Map of the People’s
Republic of China (1: 1,000,000) (Fig. S3), including grass forests, shrub
forests, marsh forests, cultivated forests, coniferous forests, con-
iferous-broadleaf forests, broadleaf forests, and alpine forests.

2.2. Datasets

2.2.1. Gross primary production (GPP) ensemble datasets

To mitigate biases in productivity estimation, we integrated five GPP
datasets derived from different modeling approaches, including statis-
tical methods, light use efficiency (LUE) models, and machine learning
techniques (Table S2). Statistical models establish relationships between
site-level carbon flux observations and remote sensing or climate vari-
ables, such as terrestrial vegetation’s near-infrared reflectance (NIRv)
(Badgley et al., 2017). They effectively capture seasonal and interannual
dynamics (Wang et al., 2021b). LUE models, including MODIS (MOD17)
(Zhao et al., 2005), the revised EC-LUE (Zheng et al., 2020), and the two-
leaf LUE (TL-LUE) (Bi et al., 2022), are computationally efficient and
incorporate environmental constraints to improve estimation of vege-
tation responses (Anav et al., 2015). Machine learning algorithms derive
predictive functions from observed patterns and exhibit strong adapt-
ability to complex data structures. FluxSat v2.0 integrates FLUXNET
eddy covariance data with satellite observations to produce daily GPP
estimates, and performs comparably or better than leading products
(Joiner and Yoshida, 2020) (Fig. S4). In this study, EPR were indepen-
dently derived from each GPP dataset to compare spatiotemporal
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Fig. 1. The indicator framework for assessing forest EPR and transition risk.

consistency. Pixel-level mean EPR values were extracted for subsequent
analysis.

2.2.2. Vegetation dynamics data

To monitor vegetation and disturbance responses underlying EPR
dynamics, we used three MODIS products: (1) Leaf Area Index (LAI)
(MCD15A2H, 500 m, 8-days 2000-2024) (2) Normalized Difference
Vegetation Index (NDVI) (MOD13Q1,250 m, 16-days 2000-2024) and
(3) Enhanced Vegetation Index (EVI) (MOD13Q1,250 m, 16-days
2000-2024). These datasets were aggregated to 0.05° resolution using
spatial averaging.

2.2.3. Climate driver datasets

To assess the influence of climate on EPR, we integrated ground-
based observations with downscaled model projections. Monthly data
were obtained from the China Meteorological Administration. 427
meteorological stations were selected for data quality, temporal conti-
nuity, and spatial representativeness. Variables included maximum and
minimum evaporation (EVPmax/EVPmin), precipitation (PRE), air
temperature (TEM), air pressure (PRS), relative humidity (RHU), sun-
shine duration (SSD), wind speed (WIN), and ground surface tempera-
ture (GST, 0 cm). Future climate projections were derived from ten
General Circulation Models (GCMs) in the Coupled Model Intercom-
parison Project Phase 6 (CMIP6): ACCESSCM2, BCCCSM2MR,
ECEarth3Veg, FIOESM20, GISSE21G, INMCM50, IPSLCMG6ALR,
MPIESM12HR, MRIESM20, and UKESM10LL (Table S3). Three shared
socioeconomic pathways (SSPs) representing different COy emissions
trajectories were selected: low (SSP2-RCP4.5), medium-high
(SSP3-RCP7.0), and high (SSP5-RCP8.5). Climate zones, defined by the
Committee for Natural Regionalization of the Chinese Academy of Sci-
ences, were classified into temperate, central subtropical, and plateau
types based on forest distribution (Fig. S3).

2.2.4. Standardized precipitation evapotranspiration index (SPEI)

SPEI, calculated from precipitation and potential evapotranspiration
using the Penman-Monteith method, is a widely adopted index of
climate variability (Gampe et al., 2021; Guo et al., 2023; Jiao et al.,
2021). The 3-month SPEI series from the same meteorological stations

was used to identify soil moisture and vegetation water availability
(Wang et al., 2021a). SPEI values were categorized into water deficit
(SPEI < — 0.5), normal state (—0.5 < SPEI < 0.5), and water surplus
(SPEI > 0.5), with greater absolute values indicating larger anomalies.
Geographically Weighted Regression Kriging (GWRK) was used to
interpolate continuous SPEI surfaces from station observations. This
method first applied GWR to model spatial relationships between SPEI
and environmental covariates, producing a local trend surface. Re-
siduals were interpolated via ordinary kriging with a fitted semivario-
gram and combined with the trend to produce the final surface
(Bahmani et al., 2021). The dataset was randomly divided into 342
calibration and 85 validation sites. Residual normality was assessed
using the one-sample Kolmogorov-Smirnov test, and predictive perfor-
mance was evaluated through 10-fold cross-validation (CV) (Table S4).

2.3. EPR indicator framework

2.3.1. Deseasoning and detrending

To ensure stationarity and avoid spurious alarms, seasonal-trend
decomposition by Loess (STL) was applied to each pixel (Cleveland
et al.,, 1990). Seasonality and long-term trends were removed from all
GPP and vegetation datasets (LAL, EVI, NDVI), and only the residual
component was retained for EPR estimation. Climatic and vegetation
predictors were retained with original variability to ensure robust
attribution analysis.

2.3.2. EPR quantification and attribution analysis

EPR was quantified using AR(1), with variance used to assess the
consistency of temporal trends (Forzieri et al., 2022; Scheffer et al.,
2009; Smith et al., 2022). This indicator, calculated over the entire time
series for forest pixels, is referred to as the average TAC.

To explore drivers of EPR, Boosted Regression Tree (BRT) models
were employed across climate zones. BRT is a machine learning method
that combines boosting and regression, optimizing learning rate and tree
complexity to improve performance (Elith et al., 2008; Friedman, 2001).
It effectively handles missing data and nonlinear interactions (Hong
et al., 2020). The model used average TAC as the response variable.
Predictors included vegetation (forest cover and NDVI) and climate
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variables (EVP, PRE, TEM, PRS, RHU, SSD, WIN, and GTS) (Bochow and
Boers, 2023; Forzieri et al., 2022; Liu et al., 2024; McDowell et al., 2020)
(Table S5). All predictors were standardized using z-scores (Friedman,
2001), and models were implemented using the ’gbm’ R package. To
mitigate overfitting, 80 % of the data was used for training and 20 % for
validation. Model tuning and performance evaluation were conducted
using 10-fold CV. The optimal parameters included a tree complexity of
5, a bag fraction of 0.5, and a learning rate of 0.005 or 0.01 depending
on the sample size. For each climate zone, 100 BRT models were con-
structed, and the median prediction was used as the final EPR estimate
(Fig. S5).

Annual TAC time series and their temporal trends were analyzed
using a 3-year sliding window, which balances sensitivity to abrupt
shifts and statistical robustness over the study period (Forzieri et al.,
2022; Smith et al., 2022). Climate zone-based BRT models were applied
to disentangle climatic and vegetation contributions, removing con-
founding signals from the vegetation-driven TAC. Long-term linear
trends in the enhanced TAC series (8TAC) were used as the CSD indi-
cator. 8TAC was calculated using Kendall rank correlation (1) applied to
AR(1) and variance time series. A t value of 1 or — 1 indicates a
persistent increasing or decreasing trend, respectively. Statistical sig-
nificance was tested using 10,000 phase-shuffled surrogates, generated
by Fourier transform with randomized phases and inverse reconstruc-
tion to preserve variance and autocorrelation (Dakos et al., 2008; Smith
et al., 2022). A threshold of P < 0.05 was used.

Site-level validation was conducted at four flux tower
sites—Xishuangbanna, Dinghushan, Qianyanzhou, and Changbaish-
an—spanning tropical to temperate forests with distinct hydroclimatic
conditions (Fig. S3). At each site, CSD indicators of forest pixels were
compared with monthly variability in GPP derived from 2003 to 2010
flux observations.

2.3.3. Characterizing of EPR states and transition

To characterize EPR states under varying levels of ecosystem
degradation, we identified forest ADs. ADs were defined as negative GPP
anomalies during the growing season (May-October), relative to the
long-term mean. For each pixel i, month m, and year y, the baseline
monthly mean Him and standard deviation o;,, were calculated from
2000 to 2018 GPP data. An AD of severity level n € {1,2,---,6} was
recorded when:

GPPipmy < fiy —N X Oim (€8}

where n is the largest value for which Eq. (1) holds. An AD was retained
only if the anomaly was concurrently detected in at least two satellite
products. Larger n values reflect more extreme deviations and severe
ecosystem alterations. We employed the Mann-Whitney U test to
examine statistical relationships between identified ADs and preceding
TAC values, assessing whether more severe events were associated with
higher antecedent TAC.

To assess general EPR responses to climate variability across ADs, we
binned the data using percentile thresholds (1st-99th). Using the binned
averages, 100 bootstrap nonlinear regressions were conducted to
quantify the amplitude and rate of EPR change to climate variability,
representing process characteristics. Kernel density estimation was
applied to quantify TAC distribution and detect potential multimodality.
Gaussian Mixture Models were fitted to the density curves, with the
number of components determined by CV and the Bayesian Information
Criterion. Attractor width, depth, and number were extracted from the
fitted parameters to characterize the EPR structure attributes. These
structure-process characteristics across ADs facilitated the identification
of distinct states and transitions.

2.3.4. Assessment of EPR transition under future climate change
To project EPR and occurrence probabilities of transitions, we
established climate zone-based BRT models (Fig. S6). The models were
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driven by monthly temperature and precipitation from GCMs, averaged
over future time windows. An ensemble of 100 top-performing random
models was used to generate the final spatial predictions. To categorize
regions as at-risk or not at-risk based on successive transition occurrence
probabilities, a threshold was determined by maximizing sensitivity and
specificity using the 2016 data (excluding the last two years due to AR
(1) instability from the moving window). The final cutoff was derived as
the mean optimal value across folds (Fig. S7) and was applied to classify
future risk under each RCP.

2.3.5. Uncertainty and robustness analysis

We tested the robustness of EPR estimates by adjusting sensitive
processing parameters. As vegetation indices are widely used to assess
ecosystem resilience (Oliver et al., 2015; Smith and Boers, 2023b), we
compared 8TAC derived from vegetation indices (NDVI, EVI, and LAI)
and GPP to evaluate consistency (Fig. S8). Uncertainties were further
assessed by applying a stricter seasonal decomposition setting (seasonal
= 13) instead of “periodic”, and by varying the sliding window length
(5-year) in AR(1), variance, and Kendall 7 calculations (Figs. SO and
510).

3. Results
3.1. Forest EPR decline is primarily driven by climatic water availability

Vegetation indices (NDVI, EVI, LAI) increased significantly in most
regions, except for a decline in the southeastern plateau zone (Fig. S11).
Climatic water deficits were most pronounced at the boundary between
temperate and central subtropical regions, whereas an increase in water
surplus occurred across central subtropical and northeastern temperate
areas (Fig. S11d). The study area exhibited a high average GPP (121.55
gCm?month ™) with a significant upward trend, except in some pla-
teaus and northwestern temperate regions (Fig. S4). TAC values were
generally higher in plateau and central subtropical areas but lower in
temperate and southernmost regions (Fig. 2a; Fig. S12). The lowest
average EPR was observed along the boundary between the plateau and
central subtropical zones. The central subtropical zone also showed the
most pronounced decreasing trend. Variance trends were generally
consistent with the latitudinal pattern of 8TAC, exhibiting a significant
upward EPR trend at northernmost latitudes (Fig. 2b; Fig. S13). Notably,
55.64 % of forests showed declining EPR as well as increasing GPP
trends (8GPP) (Fig. 2¢). This pattern was most evident in the central
subtropical zone, resulting in expanding yet more vulnerable carbon
sinks.

The BRT revealed that the average TAC was primarily driven by
NDVI, EVPmin, and SPEI, with pronounced nonlinear interactions
(Fig. 2d). Attribution analysis showed that climate variability accounted
for over 90 % of the variation in annual TAC and §TAC. Tmax, SPEL, and
PRE—variables linked to climatic water availability—emerged as the
dominant drivers (Fig. 2e). In temperate forests, SPEI was identified as
the strongest predictor, with both water deficit and surplus diminishing
EPR (Fig. S14).

3.2. Statistical link between EPR signal and abrupt decline under water
surplus and deficit

Throughout the study period, forest ADs exhibited higher frequency
and severity at northern latitudes and diminished towards the south
(Figs. 3a and b). Coniferous-broadleaf and broadleaf forests in the
northern temperate zone experienced the highest total AD frequencies
(49.40 events). Central subtropical shrub forests had the lowest AD
frequency (17.43 events) and severity (n = 1-2). For forest pixels, TAC
in the month antecedent to an AD event was consistently higher than in
months without AD and increased with AD severity. These patterns were
statistically significant across all datasets (P < 0.001).

Remote sensing-derived TAC signals showed spatiotemporal
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Fig. 2. Spatiotemporal variation of forest EPR and its drivers. (a) Spatial distribution of average TAC, with each pixel representing the mean across datasets
during the study period. Frequency distribution of TAC trends (§TAC) categorized by climate zones, with vertical dashed lines showing the distribution mean. (b)
Direction of EPR trends (positive/negative) for annual AR(1) and variance. Linear trends are calculated based on 3-year rolling window estimates; only trends with P
< 0.05 are shown in colors. (c) Spatial distribution of areas with four combinations of GPP trends (8GPP) and 8TAC decreases/increases indicated by different colors.
(d) Dominant driving factors of average TAC, with each factor’s contribution range derived from all datasets. (e¢) Dominant factors and partial dependence re-
lationships driving 8TAC, with solid lines indicating median responses across 100 model runs.

alignment with observed events. Sharp TAC increases coincided with
high-frequency GPP anomalies during the growing season and with
documented severe droughts and flooding (Figs. 3c and d). Variance
trends were similar to TAC but less sensitive in capturing anomalies
(Fig. S15). At the site scale, changes in TAC were significantly correlated
with intermonthly GPP variability across flux tower sites (P < 0.05;
Fig. S16). Consistent temporal patterns were also observed across
vegetation types, with 8TAC values indicating a general EPR decline
(Fig. S17). Type-specific differences in EPR magnitude and variability
were aligned with observed ADs (P < 0.001).

Climatic water availability, represented by SPEI, showed significant
differences between forest pixels experiencing ADs and those without (P
< 0.001). Specifically, water deficit and surplus were associated with AD
occurrence in 98.62 and 95.62 % of the area, respectively (Figs. 4a and
b). In the central subtropical zone, central regions were widely affected
by water deficit, while eastern areas suffered extensively from water
surplus. The temperate zone, with a broad SPEI range and frequent
anomalies, was highly vulnerable to both water surplus and deficit
(Fig. 4c). Most vegetation types were more sensitive to water deficit;
however, coniferous-broadleaf forests, alpine forests, and marsh forests
were particularly prone to severe ADs in water surplus conditions
(Fig. 4d). Additionally, a few severe AD events (n = 6) occurred under
normal SPEI without detectable climatic anomalies (Fig. S18) and were
excluded from subsequent analyses.

3.3. EPR states transition from uniform stability to unstable multistability

Relationships between EPR and climatic water availability exhibited
regionally nonlinear patterns, and EPR state characteristics varied
across ADs. In the central subtropical zone, forests showed weaker
resistance to water deficit compared to surplus (average change rate:
0.82 (0.72); Fig. 5a). With increasing water surplus, forests in the
plateau climate zone displayed the lowest recovery rate (average change
rate: 1.21(0.24, 0.72)). When water became scarce, TAC in temperate
forests exhibited concentrated anomalies, leading to a sudden EPR
decline. Increasing AD severity further heightened the sensitivity of EPR
responses (Fig. 5b), with fluctuations around the median of bins
becoming progressively larger (P<0.001). Under climatic positive
feedback, forests experiencing more severe ADs showed an accelerated
decline in recovery rate (P < 0.001).

Notably, two distinct EPR states were identified based on structur-
e—process characteristics. The EPR of forests experiencing small ADs (n
= 1-3) exhibited more concentration and less variation, showing a
gradual, threshold-dependent but reversible pattern. The TAC response
to SPEI exhibited a unimodal distribution (P < 0.05) with a single wide
and deep attractor (P < 0.001), representing the uniform stability (State
I) (Fig. 5¢). Conversely, the EPR of forests experiencing severe ADs (n =
4, 5) underwent significant step changes, oscillated across regions of
phase space, and transitioned among attraction basins. The TAC
response to SPEI was multimodal (P < 0.05), with two close-by but
disconnected narrow and shallow attractors (P < 0.001), defining the
unstable multistability (State II) (Fig. 5d). This marks the critical
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Fig. 3. Abrupt forest declines (ADs) spatial distribution and EPR signals. (a) Spatial distribution of total AD frequency during the study period. (b) Spatial
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transition in EPR from uniform stability (State I) to unstable multi-
stability (State II). State II is characterized by a complex landscape of
coexisting narrow and shallow attraction basins, as well as high ampli-
tudes and rates of CSD change. Overall, 24.58 % of forests underwent
this critical transition (AD (n = 4): 21.19 %, AD (n = 5): 3.39 %), with
the highest occurrence rates observed in coniferous-broadleaf (37.32 %)
and broadleaf forests (30.95 %). Given the dual impacts of water surplus
and deficit, the thresholds most likely to occur under both conditions
were recorded as the maximum limits a balanced ecosystem could
tolerate. Remarkably, most transitioned forests occurred in boundary
regions at the convergence of diverse climates, topographies, tectonic
environments, and biomes (Figs. 5e and f).

3.4. Escalating spatial risk of forest EPR under future climate scenarios

Our results revealed a spatially persistent and intensifying pattern of
EPR risk from historical to future climate across scenarios. Importantly,
SSP2-4.5 is projected as the worst-case EPR scenario for 2060-2080,
with climate variables leading to the highest transition occurrence
probabilities (0.18; (95 % CI:0.05-0.89)) and most significant EPR loss
(Fig. 6). Applying a probability threshold of 0.11(Fig. S7), up to 67.15 %
of China’s forests would be at risk of EPR critical transition (Fig. 6a).
High probabilities occurred mainly in plateau and southern temperate
forests, particularly in boundary areas. These regions coincide with
areas projected to experience significant increases in temperature and
precipitation (Fig. S19). Furthermore, under SSP2-4.5 scenario, 59.22 %
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of forests are expected to continuously decline in EPR, with the most
pronounced deterioration in plateau and central subtropical zones
(Fig. 6b). In eastern subtropical zones, increasing risks are mainly driven
by substantially increased precipitation (53.8 %) rather than reduced
temperature (46.2 %) (Fig. S6b). This pattern exacerbates the negative
impacts of water surplus (Fig. 4b). In contrast, under the SSP5-8.5 sce-
nario, temperate forests are expected to undergo the greatest average
EPR improvement. Temperate forests benefit more from rising temper-
atures, with the relative importance of 59.3 % (Fig. S6a), alleviating
water surplus limitations. Notably, up to 96.32 % of forests predicted to
experience declining EPR are currently undergoing positive GPP trends,
accounting for 57.04 % of the study area (Fig. 6¢). Although the pro-
portion of vulnerable carbon sinks has slightly increased compared with
recent decades (Fig. 2c), their distribution has shifted markedly toward
the productive south.

4. Discussion
4.1. Application of critical slowing down in ecosystem function

Critical slowing down has emerged as an effective approach for
measuring ecosystem resilience and anticipating critical transitions
(Dakos et al., 2015; Liu et al., 2023; Scheffer et al., 2009). Its application
across China’s forests confirmed its robustness in EPR estimation, a key
dimension of functional resilience. This finding is supported by consis-
tent spatiotemporal patterns (Fig. 1; Figs. S9 and S10) and by alignment
with previous studies (Forzieri et al., 2022; Piao et al., 2005; Seddon
et al., 2016; Smith et al., 2022). TAC analysis provided early signals of
ecosystem degradation severity, as evidenced by correspondence with

ADs and record events (Fig. 3), extending the resilience theoretical
framework.

The indicator system facilitates fine-scale assessment of EPR varia-
tion, revealing previously overlooked patterns. Central subtropical for-
ests, crucial carbon sinks with notable growth (Aguirre-Gutiérrez et al.,
2022; Smith and Boers, 2023a), are experiencing a persistent EPR
decline projected to continue. Conversely, despite productivity declines
amid frequent anomalies (Forzieri et al., 2022), northern forests are
projected to experience increasing EPR (Fig. 2a—c). It should be noted
that EPR may not increase consistently with greening or carbon sink
growth (Yan et al., 2025), highlighting delayed responses and potential
structural-functional decoupling. Coniferous-broadleaf forests exhibi-
ted the highest yet most variable EPR, while coniferous forests showed
the lowest levels (Fig. S17); both were associated with elevated transi-
tion risks (Fig. 5; Smith and Boers, 2023b). Mixed forests benefit from
trait diversity, but structural complexity could amplify temporal fluc-
tuations (Lipoma et al., 2024) or induce resilience inertia (Aguirre-
Gutiérrez et al., 2025). In contrast, broadleaf forests tend to show low
resistance to water variability (Xu et al., 2024). This underscores the
need to prioritize long-term resilience over short-term provisioning and
to incorporate linkages among structure, processes, and functions into
monitoring frameworks. Moreover, climatic water availability emerged
as a dominant driver of EPR variation (Fig. 2e; Poorter et al., 2016).
While most studies have emphasized the impacts of water deficit
(Gampe et al., 2021; Guo et al., 2023; Li et al., 2023; Liu et al., 2024), the
anomalies attributed to water surplus merit further investigation
(Fig. 4).

In this study, the 3-year window was more effective in capturing
abrupt EPR shifts; the 5-year window improved trend stability but
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surplus, larger thresholds corresponded to greater EPR, whereas for water deficit, smaller thresholds corresponded to greater EPR.

tended to smooth out sudden changes, potentially underestimating early
warning signals (Figs. S9-S10 and S15). Among datasets, MODIS and
FluxSat v2.0 GPP were found to be more accurate in measuring the EPR
trend, though MODIS somewhat overestimated (Fig. 3).

4.2. Characterizing EPR states and potential transitions

This study developed an operational indicator framework to identify
EPR states by integrating structure (basin width, center, and attractor
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number) and process (amplitude and rate of change) characteristics. We
detected two EPR states across forest ADs, allowing an understanding of
complex adaptive ecosystems. The EPR transition from uniform stability
to unstable multistability is characterized by coexisting alternative
attractors with narrower and shallower basins, as well as higher am-
plitudes and rates of CSD change (Fig. 5). The dynamic equilibrium of
carbon cycling within severe forest ADs has shifted, significantly
diminishing capacity for self-organization and adaptive feedbacks under
persistent climate change.

For example, certain northern forests under prolonged mild water
deficits (SPEI = -1.5 to 0.5) underwent a series of alterations in
ecological processes and physiological responses. These likely reflect
gradual yet substantial shifts in species composition, favoring drought-
tolerant species with lower carbon assimilation capacity (Li et al.,
2020). Water stress caused incremental hydraulic failures, constraining
transpiration and photosynthesis (Sanchez-Martinez et al., 2025). The
ongoing decline in EPR was accompanied by disruptions in carbon and

water cycling among vegetation, soil, and the atmosphere, undermining
the ecosystem’s self-regulatory capacity and stability (Green et al.,
2019; Liu et al., 2024). Consequently, long-standing feedback between
EPR and environmental conditions has shifted, driving forests into an
undesired alternative state. In State II, the complex landscape heightens
functional sensitivity to initial conditions and forcing variations. This
leads to a sudden decline in ecosystem service capacity and may cross
thresholds. Given the dual impact of water availability and uncertainty
in tipping dynamics, exact thresholds are not provided for regions where
transitions have not yet occurred. We highlight types of climatic dis-
turbances affecting specific regions (Figs. 4a and b) and probabilities of
future critical transitions (Fig. 6a).

4.3. Predicting EPR for adaptive management under rapid climate change

Our projections suggest the progressive spatial risk of EPR decline
and shifts in vulnerability under ongoing climate change. Consistent
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patterns reduce uncertainty in future trajectories, enabling effective
forest management and planning. The results indicate a sustained pos-
itive effect of high-emission scenarios on EPR until the 2060-2080
period, supported by independent studies (Cui et al., 2024; Li et al.,
2023). However, edge effects exacerbated by climate variability are
likely to have greater negative impacts on biodiversity and ecosystem
processes (Gao et al., 2024). Forests located at climatic and geographic
boundaries—such as temperate-subtropical ecotones—may therefore
be at heightened risk of transition(Fig. 6a). Moreover, management ef-
forts should prioritize mitigating the southward shift of vulnerable
carbon sinks, characterized by high productivity, declining resilience,
and elevated transition risk. Degradation and fragmentation in low-
latitude forests (Aguirre-Gutiérrez et al., 2022; Cook-Patton et al.,
2020; Seddon et al., 2016), coupled with heightened sensitivity to
climate fluctuations (McDowell et al., 2020; Smith and Boers, 2023a),
suggest that antagonistic processes may be occurring.

The proposed framework constructs functional resilience metrics
from CSD indicators derived from GPP time series, enabling large-scale
EPR assessment in real-world ecosystems. By linking EPR variation with
structure—process characteristics, it generates spatially explicit tools for
diagnosing risks and anticipating state transitions. The framework
serves as a decision-support basis for developing effective mitigation
and targeted management in climate-vulnerable regions. In such re-
gions, strategies to counteract water surplus and deficit impacts (Figs. 5a
and b) include increasing forest heterogeneity and biodiversity (Flores
et al., 2024; Oliver et al., 2015; Poorter et al., 2016), introducing
drought-resistant species, and applying water strategies such as with-
drawal constraints and efficient irrigation (Li et al., 2023; Merganicova
et al.,, 2019). Resilience-informed interventions are essential for
ecological restoration and climate adaptation (Cook-Patton et al., 2020;
McDowell et al., 2020; Rietkerk et al., 2021), thereby facilitating
ecosystem maintenance or transformation into desirable configurations
(Chaparro-Pedraza and de Roos, 2020; Folke et al., 2004; Scheffer et al.,
2001).

4.4. Limitations and future perspectives

While our approach leverages remotely sensed GPP datasets and CSD
indicators to estimate EPR, several uncertainties remain. These include
sensor noise, input data heterogeneity, and inherent limitations of GPP
products (Smith et al., 2023; Wang et al., 2021b). Additionally, as SPEI
lacks direct representation of soil moisture and streamflow, it may
reduce sensitivity to certain hydrological stress signals. At the frame-
work level, exogenous disturbances (e.g., logging, pathogens) and
vegetation structure or functional traits are not incorporated, limiting
process-based ecological interpretation. Future work should incorporate
trait-based resilience mechanisms and capture cross-scale hydroclimatic
variability and interactions (Lenton et al., 2024). Combining flux tower
and field observations with remote sensing would further strengthen the
assessment of resilience and transition risk.

5. Conclusions

This study develops a composite indicator framework to estimate
EPR and identify transitions across China’s forests. By integrating CSD
with resilience characteristics, it enables a large-scale assessment of
transition risks. The key findings are as follows: (1) CSD metrics derived
from GPP effectively estimate EPR, a key dimension of ecosystem
functional resilience, and reveal its degradation, which is statistically
linked to abrupt productivity declines; (2) structure-process character-
istics of EPR support the identification of state transitions from uniform
stability to unstable multistability; (3) predictive patterns of high-risk
boundary areas and high-vulnerability spatial shifts provide actionable
insights for climate mitigation and adaptation. The framework is
applicable to diverse terrestrial ecosystems and ecosystem functioning,
providing a science-based and spatially explicit tool for regeneration,
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restoration, and afforestation. Given the increasing and persistent im-
pacts of climate change on ecosystem tipping dynamics, this study
promotes EPR monitoring as an urgent priority for ecological planning
and policy development.
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Forest cover datasets are publicly available at https://www.
earthdata.nasa.gov/data/catalog/Ipcloud-mcd12q1-061; https://www.
esa-landcover-cci.org/; https://zenodo.org/records/15853565. Daily
SPEI datasets were obtained from https://doi.org/10.6084/m9.
figshare.12568280. Downscaled climate projections of CMIP6 are
available at https://www.worldclim.org/data/cmip6.html. GPP data-
sets were obtained from https://doi.org/10.6084,/m9.
figshare.12981977.v2; https://doi.org/10.5067/MODIS/MOD17A2H.
061; https://doi.org/10.6084,/m9.figshare.8942336.v3; https://doi.
org/10.5061/dryad.dfn2z352k; https://doi.org/10.3334/ORNLDAAC/
1835.  Vegetation datasets are available at https://doi.
org/10.5067/MODIS/MCD15A2H.006; https://doi.org/10.5067/MOD
IS/MOD13Q1.061. Flux tower observations were derived from
https://www.chinaflux.org/index.aspx. All model code is available
from the references studies (Liu et al., 2023; Smith and Boers, 2023b).

No new algorithms were developed in this study. Relevant codes for
analyzing China’s forests are available from the corresponding author
upon reasonable request.
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