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a b s t r a c t 

Ecosystem resilience is a key indicator of proximity to tipping points in terrestrial ecosystems, with declining 

resilience generally reflecting a heightened risk of abrupt transitions between ecosystem states. However, quanti- 

tative assessments of resilience change remain highly uncertain, owing to the inherently multidimensional nature 

of ecosystem resilience, as well as inconsistencies among assessment methodologies and ecosystem state variables 

used to infer resilience change. By synthesizing core ecosystem resilience concepts and evaluating multiple in- 

dicators and satellite-based vegetation state variables within established theoretical frameworks, we reveal sub- 

stantial inconsistencies in inferred resilience trends: 59.6% and 42.8% of pixels show disagreement under the 

frameworks of critical slowing down and flickering, respectively, and 69.3% of show inconsistent trends across 

four satellite-based vegetation state variables (EVI, CSIF, LAI and kNDVI). Integrating dynamic global vegetation 

model simulations with observations further identifies climate change as the dominant driver of global ecosys- 

tem resilience changes, with temperature playing a key role. Together, these findings indicate that under ongoing 

global warming, neglecting conceptual differences in resilience and inconsistencies in representing critical tran- 

sitions can lead to systematic misinterpretation of ecosystem stability and tipping-point risks, underscoring the 

urgent need for ecosystem-specific resilience assessment. 
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. Introduction 

Ecosystem resilience broadly refers to the capacity of an ecosystem to

bsorb disturbances while maintaining its fundamental functions, struc-

ure, and key characteristics [ 1 , 2 ]. Terrestrial ecosystems are highly sen-

itive to climate change and increasingly intensified human disturbances

 3 ]. When the magnitude or persistence of these drivers exceeds the tol-

rance thresholds, defined by biotic and abiotic feedbacks that sustain

tability, ecosystems may lose balance and undergo abrupt state shifts

 4 , 5 ]. Assessing the risk of such transitions, and thereby safeguarding

egetation functioning and ecosystem services, fundamentally depends

n understanding ecosystem resilience [ 6 , 7 ]. However, the inherent

omplexity of ecosystems, together with the combined effects of natural

nd anthropogenic disturbances [ 8 ], has led to divergent conceptualiza-

ions and interpretations of resilience across studies [ 9 , 10 ]. Therefore,
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larifying ecosystem resilience concepts and conducting robust global

ssessments are essential for accurately characterizing ecosystem re-

ponses, identifying potential tipping-point risks, and informing sustain-

ble ecosystem management. 

Current quantitative assessments of changes in ecosystem resilience

rimarily rely on a range of resilience metrics developed under differ-

nt theoretical frameworks, together with the corresponding selection of

egetation state variables. Theory and empirical evidence suggest that as

cosystem resilience declines and approaches critical transition thresh-

lds, early warning signals, such as critical slowing down (CSD) and

ickering (FLI), may emerge [ 11 , 12 ]. Indicators derived from these phe-

omena and signals have been widely employed to detect weakening of

ystem resilience and increasing collapse risk [ 13–15 ]. Vegetation state

ariables, which capture key aspects of ecosystem structure and func-

ion, form the basis of resilience indicator construction and are central
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and FLI frameworks. 
o diagnosing ecological processes and system change [ 7 , 16 ]. However,

ariations in resilience metrics and state variables selection across stud-

es have introduced substantial uncertainties in the spatial patterns, con-

istency, and comparability of resilience assessments [ 17 , 18 ]. To date,

hese discrepancies have not been systematically quantified or evaluated

t the global scale. 

The dynamics of ecosystem resilience are governed by the integrated

ffects of multiple driving factors [ 19 , 20 ]. Studies focusing on climate

hange have shown that the global decline in ecosystem resilience is pri-

arily associated with increased temperature variability, rising mean

emperatures, and greater precipitation variability [ 21 , 22 ]. Changes in

tmospheric CO2 concentration influence ecosystem resilience through

oth fertilization and radiative effects. While the CO2 fertilization ef-

ect may partially alleviate the detrimental impacts of climate change

y enhancing vegetation productivity, the radiative forcing associated

ith elevated CO2 levels can intensify the occurrence of severe droughts,

hereby accelerating the decline of ecosystem resilience [ 23 , 24 ]. Land

se change is also emerging as a critical factor influencing ecosystem

esilience, particularly at regional scales. In the Amazon rainforest, the

ecovery capacity of ecosystems has markedly declined in areas near

uman activities, with anthropogenic disturbances further accelerating

he degradation of ecosystem resilience [ 25 ]. Although previous stud-

es have explored the specific impacts of various external drivers on

hanges in ecosystem resilience, there is still a lack of clear understand-

ng of which factors dominate ecosystem resilience dynamics and their

patial distribution patterns at the global scale. 

In this study, we first systematically review major ecosystem re-

ilience concepts relevant to global environmental change research,

ith particular emphasis on clarifying differences in definitions, the-

retical linkages, and research priorities across perspectives. Build-

ng on this foundation, we focus on ecological resilience associ-

ted with critical ecosystem transitions and, using two represen-

ative theoretical frameworks, systematically evaluate uncertainties

n resilience changes inferred from different indicators and vegeta-

ion state variables. By integrating dynamic global vegetation mod-

ls with observational data, we further quantify the relative roles of

limate change, land-use change, and atmospheric CO2 concentration

hanges in driving ecosystem resilience changes. Finally, we discuss

he key sources of uncertainty in ecosystem resilience assessments

nd outline directions for improving the quantification of ecosystem

esilience. 

. Materials and methods 

.1. Data 

We characterized global vegetation dynamics using four remotely

ensed vegetation indices: Leaf Area Index (LAI), kernel Normalized Dif-

erence Vegetation Index (kNDVI), Enhanced Vegetation Index (EVI),

nd Solar-Induced Chlorophyll Fluorescence (SIF). LAI, a fundamental

ndicator of ecosystem structure, was obtained from the Moderate Res-

lution Imaging Spectroradiometer (MODIS) LAI product for the period

003–2020 [ 26 ]. As a complementary proxy for ecosystem productivity,

e employed kNDVI, which is defined as: 

𝑁𝐷𝑉 𝐼 = tan ℎ
(
𝑁𝐷𝑉 𝐼

2 ) (1) 

nd has been shown to effectively reduce saturation effects and enhance

obustness to noise while maintaining strong correlations with primary

roductivity. The NDVI data used to construct the kNDVI dataset were

erived from the MOD13Q1 product at a spatial resolution of 250 m

VI, which is widely used to characterize vegetation greenness and mon-

tor vegetation dynamics, was also obtained from the MOD13Q1 dataset

 27 ]. Solar-induced chlorophyll fluorescence (SIF), a mechanistically

ased indicator of photosynthetic activity, was acquired at an original

patial resolution of 0.05° and a temporal resolution of 4 days [ 28 ], and
2

as temporally aggregated to monthly means to ensure consistency with

he other datasets used in this analysis. All datasets were resampled to

 uniform spatial resolution of 0.1° using bilinear interpolation, and the

nalysis period for all datasets was consistently set to 2003–2020. 

We also used leaf area index (LAI) simulated by the TRENDYv10

odel intercomparison project and the Global Carbon Budget 2021

 29 ], including outputs from CLM5.0,ISBA-CTRIP,LPJ-GUESS,LPX-

ern,OCN,ORCHIDEEv3,SDGVM,VISIT,YIBs, to identify the controlling

actors of the global resilience changes (Tables S1 and S2). All models

ere run under four scenarios (Table S3). These four scenario simula-

ions enable us to quantify the impacts of the CO2 effect, climate change,

nd land cover change, respectively. 

To identify the dominant climatic drivers of ecosystem re-

ilience change, we employed four core climate variables: tempera-

ure, precipitation, radiation, and vapor pressure deficit (VPD). The

onthly temperature at 2 m above the land surface was obtained

rom the ERA5-Land dataset provided by the ERA5-Land reanal-

sis product at 0.1° spatial resolution for the 2003–2020 period

 https://cds.climate.copernicus.eu/datasets ). Air temperature was con-

erted from Kelvin to degrees Celsius (°C) by subtracting 273.15.

onthly precipitation, vapor pressure deficit (VPD), and downward sur-

ace shortwave radiation were obtained from the TerraClimate dataset

rovided by the Climatology Lab [ 30 ], which is a high-resolution dataset

 ∼4 km) widely used to analyze changes in global surface and upper-

tmosphere meteorological elements. We applied the bilinear method

o resample the climate data with a spatial resolution of 0.5 degrees,

nsuring consistency with the model results. 

.2. Data processing and preparation 

To improve robustness and cross-dataset comparability, we applied

trict pixel-level quality control before calculating resilience metrics and

tandardized the analysis period to 2003–2020, thereby reducing biases

rising from differences in temporal coverage. To reduce the influence of

issing or unreliable observations, particularly in high-latitude regions

here retrievals can be sparse outside the growing season, pixels with

 20% missing values in the vegetation time series were excluded. An-

ual 500-m land-cover data (2003–2020) were then used to mask non-

egetated areas, including bare earth, snow, and anthropogenic land

overs [ 31 ]. The remaining vegetated pixels were reclassified into four

egetation types: forest, savanna, shrubland, and grassland [ 32 ]. All ob-

ervational data utilized for analysis were resampled to a common spa-

ial resolution of 0.1°. 

.3. Methods 

.3.1. Resilience and trend estimation 

To remove the influence of the seasonal variability, we first sub-

racted the monthly mean from the time series of vegetation variables

EVI, KNDVI, LAI, and CSIF). Long-term trends were removed from the

eseasonalized time series using the detrend function in MATLAB [ 24 ].

he resulting residuals were then employed to calculate a suite of sta-

istical early warning indicators, including the first-order autoregressive

oefficient (AR1), variance (VAR), skewness (SK), and kurtosis (KUR)

 33 , 34 ]. These indicators, along with the composite early warning indi-

ators (CEWI), were used to quantify ecosystem resilience [ 35 ]. 

We applied a 5-year sliding window to quantify temporal changes in

cosystem resilience and conducted Kendall’s 𝜏 to determine the direc-

ion of resilience trends for each pixel. Kendall’s 𝜏 measures rank corre-

ation, commonly used to characterize resilience dynamics [ 36 ]. Values

f 𝜏 = 1 and 𝜏 = − 1 indicate consistently increasing and decreasing

rends, respectively, whereas 𝜏 = 0 denotes the absence of a monotonic

rend. The Pearson correlation coefficient (r) was used to assess the con-

istency of temporal changes in ecosystem resilience between the CSD

https://cds.climate.copernicus.eu/datasets
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.3.2. Data Concurrence Index (DCI) and preference ratio 

To quantify the consistency of ecosystem resilience changes across

ultiple vegetation state variables, we introduced the Data Concurrence

ndex (DCI) [ 37 , 38 ], defined as: 

𝐶𝐼 = 1 
𝑁𝐷 

𝑁𝐷 ∑
𝑖 =1 

ℎ𝑖 𝑆𝑇𝑖 

||𝑆𝑇𝑖 ||
(2) 

here ND denotes the number of variables, ST i is the trend of the i th

ariable, and h i indicates whether the trend is statistically significant.

he DCI integrates both the direction and significance of trends across

atasets, ranging from − 1 to 1. Positive values indicate a consistent de-

line in ecosystem resilience, whereas negative values indicate a consis-

ent increase. Based on the magnitude of the DCI, ecosystem resilience

hanges are classified into three categories: uncertainty (UNC; − 0.5 ≤

CI ≤ 0.5), likely change (LIK ± ; − 0.75 < DCI < − 0.5 for LIK + and 0.5

 DCI < 0.75 for LIK− ), and certain change (CER ± ; − 1 ≤ DCI ≤ − 0.75

or CER + and 0.75 ≤ DCI ≤ 1 for CER− ). 

To assess the relative distribution of uncertainty (UNC) across cli-

ate zones and vegetation types, we applied a preference ratio, defined

s the proportion of a given climate zone or vegetation type within

he UNC category normalized by its proportion over the entire study

rea [ 39 ]. This metric quantifies whether uncertainty is over- or under-

epresented in specific regional types, with values greater than one in-

icating higher-than-average concentrations of uncertainty and values

ess than one indicating lower concentrations. 

.3.3. Drivers of resilience changes 

Dynamic vegetation models (DGVMs) allow the isolation of indi-

idual drivers in scenario and factor-separation experiments, enabling

uantitative assessment of the independent effects of climate change,

and-use change, and atmospheric CO2 on ecosystem resilience (Ta-

le S3). Leveraging this advantage, we analyzed LAI outputs from nine

GVMs participating in the TRENDY v10 S0–S3 scenario experiments to

nvestigate the drivers of ecosystem resilience. The contributions of CO2 
oncentration change, climate change, and land-use change to ecosys-

em resilience change were quantified by calculating the differences in

cosystem resilience derived from LAI across different scenarios, namely

1–S0, S2–(S1 + S0), and S3–S2. At the pixel scale, the driver associated

ith the largest absolute value of the resilience change difference was

esignated as the dominant driver. To ensure robust attribution, only

rid cells where DGVM-simulated patterns were spatially consistent with

bservational estimates were retained for driver identification. This fil-

ering step excluded regions where model outputs diverged substantially

rom observations, thereby reducing potential misattribution. 

Given the limited capacity of DGVMs to distinguish the relative con-

ributions of individual climate factors, we further incorporated ob-

ervational climate data to identify the specific climate drivers in re-

ions where DGVMs indicated climate change as the dominant driver

t the regional scale. To address the strong multicollinearity among cli-

ate variables, we applied ridge regression to estimate the influence of

ach climate factor on ecosystem resilience changes [ 40 , 41 ]. Fivefold

ross-validation was used to select the optimal regularization param-

ter, avoiding overfitting while ensuring the robustness of the regres-

ion coefficients. The climate variable with the largest absolute ridge

egression coefficient was identified as the dominant climatic driver of

cosystem resilience change for each pixel. 

. Review of concepts and measurements of ecosystem resilience 

nder global change 

Terrestrial ecosystems are highly sensitive to external drivers, includ-

ng press disturbances (e.g., climate warming) and pulse disturbances

e.g., extreme climatic events and natural disasters), both of which can

ignificantly affect ecosystem resilience [ 42 , 43 ] ( Fig. 1 a). Under global

nvironmental change, changes in ecosystem resilience can induce shifts
3

n ecosystem structure and function, ultimately driving transitions be-

ween ecosystem states [ 44 ] ( Fig. 1 a). Ecosystems differ markedly in

heir responses to disturbances, which directly gives rise to multiple

nterpretations of ecosystem resilience in both definition and measure-

ent [ 45 ]. When disturbance intensity is low, ecosystems typically fluc-

uate around their current stable state and are therefore often regarded

s having a single stable state (e.g., states A or B as illustrated in Fig. 1 b).

owever, when disturbance intensity or frequency overwhelms internal

tabilizing feedbacks, the system may cross a critical threshold and shift

o an alternative stable state [ 46 ] ( Fig. 1 b). This progression from lo-

alized responses to state transitions directly underlies the divergence

mong resilience definitions in terms of their focal mechanisms and as-

essment objectives. 

Within the broader framework of resilience, ecosystems can exhibit

esilience in two ways: one is the time or speed required for an ecosys-

em to return to its original state following disturbance, and the other is

he ability to withstand disturbances and avoid transitioning to a differ-

nt stable state (i.e., state shift) [ 47 , 48 ]. Existing research distinguishes

hese two forms of resilience as engineering resilience and ecological

esilience [ 49 ]. Ecological resilience focuses on how close an ecosystem

s to a critical threshold [ 50 , 51 ] ( Fig. 1 b; i.e., tipping point), whereas

ngineering resilience emphasizes the ability of ecosystems to recover

rom disturbances [ 52 ] ( Fig. 1 c; i.e., Recovery). Beyond conceptual dis-

inctions, these differences directly shape the selection of indicators, the

esign of methodologies, and the interpretation of results in resilience

ssessments. 

The concept of ecological resilience emphasizes the existence of mul-

iple stable states and the associated risk of critical transitions, focusing

n the likelihood that a system is approaching a critical threshold and,

n its capacity, to anticipate potential state shifts ( Fig. 1 b). Recent ad-

ances in early warning signals (EWS) have provided important theoreti-

al and methodological tools for assessing ecological resilience [ 53 ]. Un-

ike engineering resilience approaches that rely on explicitly identified

isturbance events, EWS do not depend on specific disturbance types;

nstead, they are grounded in dynamical systems theory and identify

ritical transitions by detecting changes in the statistical properties of

cosystem state variables as a system approaches a state shift [ 54 , 55 ].

mong these approaches, critical slowing down (CSD) and flickering

FLI) are widely adopted and form the core analytical framework of this

tudy. 

Critical slowing down (CSD) originates from nonlinear dynamical

ystems theory. As a system approaches a bifurcation or critical point,

ts recovery from perturbations progressively slows. This behavior is typ-

cally reflected by increases in autocorrelation and variance of key state

ariables and is commonly quantified using the first-order autoregres-

ive coefficient (AR1) and variance (VAR) [ 56 ]. Owing to their relatively

eak dependence on specific mechanistic assumptions and their direct

pplicability to observed time series, CSD-based indicators are among

he most widely used and comparable early warning signals. 

In some cases, critical proximity is not primarily expressed as a grad-

al slowing of recovery, but rather as increasingly frequent transitions

etween alternative stable states. To compensate for the limited sensitiv-

ty of critical slowing down (CSD) under such conditions, flickering the-

ry (FLI) has been introduced as a complementary framework [ 57 , 58 ].

s systems approach critical transitions, frequent switching between sta-

le states can alter the distributional properties of state variables, lead-

ng to systematic changes in skewness (SK) and kurtosis (KUR) [ 59 ].

hese features provide information on critical proximity that is comple-

entary to CSD. When system dynamics are dominated by such state

witching, state-variable distributions deviate from single-state symme-

ry and exhibit enhanced asymmetry and extreme fluctuations, making

LI an effective indicator of transition risk. More broadly, both CSD

nd FLI can characterize critical proximity using long-term observa-

ional time series without detailed knowledge of internal system mech-

nisms, enabling large-scale comparisons across regions and ecosystem

ypes. 
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Fig. 1. Concept and key process of ecosystem resilience. (a) Schematic diagram of the drivers and impacts of ecosystem resilience changes. (b) Schematic diagram 

of ecological resilience. A small ball represents the stable state of each ecosystem. The arrowed vertical dashed lines represent the unique basins of attraction associated 

with each stable state under specific environmental conditions. A curved dotted line indicates resilience changes in different environmental conditions. A red dotted 

line means a tipping point. (c) Conceptual diagram of engineering resilience and related concepts. The red arrow is used to indicate a pulse disturbance. 
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Engineering resilience typically assumes a single attractor and fo-

uses on the magnitude of ecosystem responses and recovery rates fol-

owing ( Fig. 1 c). Concepts such as resistance, recovery, and sensitiv-

ty have been applied [ 60–62 ]. Resistance characterizes the ability to

aintain structure and function under pulse disturbances (e.g., fires or

xtreme droughts), recovery describes the speed or efficiency of return-

ng to baseline state following disturbance [ 63 ], and sensitivity reflects

he magnitude of ecosystem responses to short-term climate variability

r long-term pressures [ 64 ]. These indicators generally rely on identi-

able disturbance events and pre-disturbance baseline states, making

hem suitable for event-based process analyses. However, this perspec-

ive implicitly assumes that the system remains within the same attrac-

or and that no change in the basin of attraction has occurred. When

cosystems exhibit multiple stable states or approach critical thresholds,
4

ngineering resilience indicators may suggest strong apparent recovery

espite a substantial decline in overall system stability, thereby under-

stimating the risk of abrupt regime shifts. 

Engineering resilience characterizes local stability and recovery dy-

amics within an existing stable state, whereas ecological resilience cap-

ures global stability, the structure of basins of attraction, and the sys-

em’s proximity to critical thresholds. Although conceptually distinct,

ngineering resilience and ecological resilience are closely linked in

ractice. Recent studies suggest that ecological resilience is a prereq-

isite for engineering resilience —an ecosystem can only recover to its

riginal state if it avoids shifting to a new stable state [ 18 ]. Thus, if an

cosystem fails to recover over time, it may face an increased risk of state

hift. It means the complete process illustrated in Fig. 1 c takes place un-

er both Stable state A and Stable state B corresponding to Fig. 1 b. In
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Fig. 2. Consistency of the resilience trends based on CSD and FLI. (a) Spatial distribution of the consistency of resilience trends based on CSD and FLI. CSD is 

defined where AR1 and VAR both show a positive or negative trend. FLI is defined where SK and KUR show a positive or negative trend. ALL donates all indicators 

show consistent resilience changes. UNC donates only a single indicator that exhibited a significant change under each theoretical framework. FLI donates ecosystem 

resilience changes detected solely through the flickering phenomenon, while CSD refers to those identified exclusively via critical slowing down dynamics. The signs 

( + ) and (− ) refer to resilience gain and loss, respectively. (b) Per-grid-cell resilience trend as a function of mean annual temperature and precipitation based on CSD, 

(c) as in (b), but based on FLI. The CSD is represented by the AR1 indicator, and the FLI is represented by the SK indicator. 
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his study, we therefore focus on ecological resilience to evaluate shifts

n ecosystem critical risk under global change, and to systematically

xamine the consistency and uncertainty of resilience changes across

ultiple early warning indicators and ecosystem state variables. 

. Results 

.1. Ecosystem resilience changes under different theoretical frameworks 

To ensure the comparability of results across different theoretical

rameworks, we adopted the leaf area index (LAI) as a unified vegeta-

ion state variable, thereby minimizing uncertainties arising from vari-

ble selection. We first examined the overall patterns of ecosystem re-

ilience change and associated uncertainties under the assumption that

he two theoretical frameworks, critical slowing down (CSD) and flick-

ring (FLI), operate independently (Figs. S1,S2). Under the CSD frame-

ork, resilience change was considered to be reliably identified only

hen the first-order autocorrelation (AR1) and variance (VAR) exhib-

ted consistent directional trends within the same pixel. Based on this
5

riterion, significant resilience change was detected in approximately

0.4% of pixels ( Fig. 2 a, ALL and CSD), while the remaining 59.6% ex-

ibited uncertain signals. Similarly, under the FLI framework, resilience

hange was deemed established when skewness (SK) and kurtosis (KUR)

onsistently indicated the same direction of change. Using this crite-

ion, the FLI analysis identified clear resilience changes in 57.2% of pix-

ls ( Fig. 2 a, ALL and FLI), with uncertainty persisting in the remaining

2.8%. 

We further assessed the overall direction of ecosystem resilience

hange and the associated uncertainties by integrating results from both

SD and FLI. Among pixels with clearly identified resilience trends un-

er both theoretical frameworks, around 39.9% exhibited declining re-

ilience ( Fig. 2 a, signs (− )), 32.4% showed increasing resilience ( Fig. 2 a,

igns ( + )), and 27.7% remained uncertain ( Fig. 2 a, UNC). Resilience

ecline was identified in 23.4% of pixels based on the CSD indicators

 Fig. 2 a, CSD(− ) and ALL(− )), and in 31.1% based on FLI indicators

 Fig. 2 a, FLI(− ) and ALL(− )). These areas are mainly located in northern

nd western North America, eastern and western Amazonia, central and

outhern Africa, central and eastern Europe, and central and southeast-
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Fig. 3. Comparison of ecosystem resilience changes under two theoretical frameworks across different regions. (a–d) Temporal trends of ecosystem resilience 

in four climate zones. (e–h) Temporal trends of ecosystem resilience in four vegetation types. CSD is represented by the AR1 indicator, and FLI is represented by 

the SK indicator. “𝜏” denotes the Kendall 𝜏 of the ecosystem resilience time series, and “r ” denotes the Pearson correlation between CSD and FLI, indicating the 

consistency of resilience changes under the two frameworks. “∗ ” indicates p < 0.05. 
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rn Australia ( Fig. 2 a). Conversely, resilience increases were detected in

6.9% of pixels under the CSD framework (CSD( + ) and ALL( + )) and in

6.1% under the FLI framework (FLI(− ) and ALL(− )), respectively. Re-

ions with increasing resilience are primarily distributed across central

orth America, central Amazonia, eastern Africa, Southeast Asia, and

ortheastern Australia ( Fig. 2 a). Further analysis of pixels with clearly

dentified resilience changes under each theoretical framework reveals

hat ecosystem resilience loss is more severe in areas with lower precip-

tation and lower temperatures ( Fig. 2 b,c). 

In addition, focusing on pixels with clearly identified resilience

hanges, we systematically compared how the CSD and FLI frameworks

haracterize ecosystem resilience changes across different climate zones

nd vegetation types ( Fig. 3 , Methods). At the climate-zone scale, both

ropical and cold regions exhibited significant declines in ecosystem re-

ilience under CSD and FLI frameworks, as indicated by consistently pos-

tive Kendall’s 𝜏 values. In tropical regions ( Fig. 3 a), the Kendall’s 𝜏 for

SD and FLI are 0.52 ( p < 0.05) and 0.55 ( p < 0.05), respectively, while

n cold regions ( Fig. 3 d), the corresponding values are 0.73 ( p < 0.05)

nd 0.52 ( p < 0.05). Correlation analysis further supports these find-

ngs, revealing stronger temporal consistency in resilience decline is ob-

erved in cold regions ( r = 0.76, p < 0.05; Fig. 3 d), followed by tropical

egions ( r = 0.44, p < 0.05; Fig. 3 a). In contrast, resilience changes in

rid ( Fig. 3 b) and temperate regions ( Fig. 3 c) exhibit substantial uncer-

ainty, characterized in unstable trend signals, inconsistent directional

ssessments, and weak statistical significance across theoretical frame-

orks. This indicates that ecosystem responses to external disturbances

n these regions are highly complex and heterogeneous, with different
6

esilience indicators capturing distinct aspects of ecosystem dynamics

ue to their differing sensitivities to underlying ecological processes. 

Across vegetation types, forest (CSD: 0.77, FLI: 0.63, p < 0.05), sa-

anna (CSD: 0.77, FLI: 0.62, p < 0.05) and grasslands (CSD: 0.29, FLI:

.32, p < 0.05) all exhibited significant declines in resilience under both

SD and FLI ( Fig. 3 ). Notably, savanna ecosystems show the strongest

greement between CSD- and FLI-based assessments, with a correlation

oefficient of 0.82 ( p < 0.05) ( Fig. 3 g), substantially exceeding that ob-

erved in forest ecosystems ( r = 0.48, p < 0.05; Fig. 3 e). Grasslands

isplay also demonstrate high temporal consistency between the two

rameworks ( r = 0.77, p < 0.05; Fig. 3 h). By contrast, shrubland ecosys-

ems show a higher degree of uncertainty in resilience changes. Shrub

s predominantly distributed in arid regions, and this finding is consis-

ent with the resilience uncertainty identified at the climate zone scale

n arid areas, further supporting our conclusions regarding the spatial

attern of uncertainty in ecosystem resilience changes ( Fig. 3 f). 

.2. Ecosystem resilience changes across vegetation state variables 

This section examines changes in ecosystem resilience and the as-

ociated uncertainties as inferred from different vegetation state vari-

bles. To reduce the dependence of resilience assessment on indica-

or selection, we introduce composite early warning indicators (CEWI)

o provide a unified quantification of resilience change [ 65 , 66 ]. CEWI

as first constructed using four applied vegetation variables: LAI, EVI,

NDVI, and CSIF (Fig. S2). We then evaluated the consistency of pixel-

cale resilience changes across these variables using the Data Concur-
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Fig. 4. Consistency of ecosystem resilience changes across vegetation variables. (a) Spatial distribution and consistency of ecosystem resilience changes based 

on four vegetation variables. The ring chart shows the overall consistency and inconsistency in the direction of the four state variables, indicating whether all four 

variables at a given pixel point toward the same direction of resilience change. (b) Spatial proportions of each consistency category corresponding to panel (a). 

CER (i.e., virtually certain) denotes regions with a certain gain/loss in ecosystem resilience. LIK (i.e., likely) denotes regions with a potential gain/loss in ecosystem 

resilience. UNC denotes areas with high uncertainty in ecosystem resilience changes. The signs ( + ) and (− ) refer to resilience gain and loss, respectively. Pixels 

lacking resilience values in at least one of the studies were excluded from the comparative analysis. (c) Preference ratio in UNC regions across four climate regions. 

(d) Preference ratio in UNC regions across four vegetation types. Preference ratio is defined as the proportion of a given climate zone or vegetation type within the 

uncertainty category, divided by its proportion across the entire study area (Methods). The study area in (a) corresponds to the region covered by the CSIF dataset. 
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ence Index (DCI) (See methods). Overall, only approximately 30.7%

f pixels exhibited consistent resilience trends across all four vegeta-

ion variables, whereas 69.3% showed substantial disagreement, high-

ighting considerable uncertainty in resilience assessments arising from

ariable selection ( Fig. 4 a). Based on the distribution of DCI values,

lobal ecosystem resilience changes were further classified into five

ategories: certain decrease (CER− ), likely decrease (LIK− ), certain in-

rease (CER + ), likely increase (LIK + ), and uncertain (UNC) change

See Methods). Despite the pronounced inter-variable inconsistency, the

onsistency analysis reveals an overall decline in global ecosystem re-

ilience. Approximately 42.2% of pixels exhibited decreasing resilience,

ncluding 17.7% classified as CER− and 24.5% as LIK− . In contrast,

2.9% of pixels showed increasing resilience, with 12.9% and 19.9%

alling into the CER + and LIK + categories, respectively. The remain-

ng 24.9% of pixels were characterized by uncertain resilience changes

 Fig. 4 a, UNC). 

To further characterize the spatial distribution of uncertainty arising

rom different vegetation state variables, we conducted a focused anal-

sis of pixels classified as uncertain (UNC) using the preference ratio

etric (see Methods). The preference ratio measures the relative concen-

ration of uncertainty within a region or ecosystem type, enabling the

dentification of areas with disproportionately high uncertainty. Our re-

ults show that uncertainty is strongly concentrated in tropical regions,

hich exhibit a preference ratio of 1.9 ( Fig. 4 c), and in forest ecosys-

ems, with a preference ratio of 1.1 ( Fig. 4 d). This indicates that these re-

ions contribute most to the overall uncertainty in ecosystem resilience

uantification and are characterized by greater variability across vege-
 n  

7

ation indices. In contrast, arid regions (preference ratio = 0.5; Fig. 4 c)

nd grassland ecosystems (preference ratio = 0.9; Fig. 4 d) display the

owest preference ratios, suggesting a higher level of consistency in

esilience estimates derived from different vegetation indices in these

reas. 

.3. Key drivers of changes in ecosystem resilience 

Dynamic vegetation models offer critical support for quantifying the

ontribution of climate change, atmospheric CO2 concentration, and

and-use change on ecosystem resilience. Here, leaf area index (LAI)

erived from model outputs was used as the ecosystem state variable,

nd resilience changes were evaluated separately for each indicator to

ccount for indicator-dependent model variability. Overall, the dynamic

egetation model reproduced observed patterns of ecosystem resilience

hange across more than half of the study domain (Fig. S3). We limited

ur analysis to regions where model-simulated resilience trends were

onsistent with observations. The attribution results consistently indi-

ate that climate change is the dominant driver of terrestrial ecosystem

esilience change, followed by atmospheric CO2 concentration, whereas

and-use change plays a comparatively minor role ( Fig. 5 ). For the AR1

nd VAR-based indicators associated with the CSD phenomenon, cli-

ate change (including both negative and positive contributions, CLI−
nd CLI + ) is the dominant driver of ecosystem resilience changes in

1.3% ( Fig. 5 a) and 63.2% ( Fig. 5 b) of the pixels, respectively, with

redominantly negative effects. Although the SK and KUR indicators do

ot display clear spatial patterns, statistical analyses consistently iden-
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Fig. 5. Drivers of global ecosystem resilience change based on CSD. (a,c) Attribution of global ecosystem resilience trends derived from AR1 (a) and VAR (c), 

defined as the factor contributing most to the increase or decrease in resilience at each pixel. (b, d) Proportional distribution of dominant drivers based on AR1 (b) 

and VAR (d), indicating the fraction of pixels where each driver is dominant. “+ ” indicates a positive effect on resilience trends, and “− ” indicates a negative effect. 

(e–f) Proportional distribution of dominant climatic drivers based on AR1 (e) and VAR (f), showing the fraction of pixels dominated by each climate variable. TEM, 

VPD, RAD, and PRE represent temperature, vapor pressure deficit, shortwave radiation, and precipitation, respectively. 
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studies. 
ify climate change as the primary driver of resilience changes in 51.7%

nd 53.1% of pixels, respectively (Fig. S4). 

After establishing that climate change is the dominant driver of

cosystem resilience changes, we further quantified the relative con-

ributions of individual climatic factors. To this end, temperature, pre-

ipitation, radiation, and vapor pressure deficit (VPD) were selected

s four core climate variables, and ridge regression was applied at

he pixel scale within regions where model simulations were consis-

ent with observational data, in order to identify the dominant cli-

atic drivers of ecosystem resilience change (Methods). Our results in-

icate that temperature is the primary driver of global terrestrial ecosys-

em resilience change, exerting a substantially stronger influence than

ther climatic variables, followed by VPD ( Figs. 5 e,f and S4). In ad-

ition, climate change manifests not only through shifts in long-term

ean states but also through changes in climatic variability. Further

nalyses reveal that changes in the climatic mean state exert a signif-

cantly stronger influence on ecosystem resilience than climatic vari-

bility (Figs. S5,S6), indicating that resilience responses at the global
8

cale are primarily driven by persistent shifts in long-term mean climate

onditions. 

. Discussion and future direction 

.1. Capturing the multidimensional nature of ecosystem resilience across 

isturbance scenarios 

We systematically reviewed the major concepts of ecosystem re-

ilience in the current literature and found that definitions emphasizing

ifferent aspects of resilience fundamentally reflect its multidimensional

ature. Further analysis indicates that quantitative assessments based

n these conceptual frameworks are largely dependent on the types of

isturbances experienced by ecosystems. Consequently, resilience quan-

ified under different disturbance contexts often represents distinct eco-

ogical processes and response capacities, which, to some extent, limits

he direct comparability and integrated interpretation of results across
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t  
Existing resilience assessments based on resistance and recovery

ommonly rely on the implicit assumption that ecosystems fluctuate

round a fixed reference or stable state [ 48 , 67 ]. However, under on-

oing climate change and intensifying human influence, the use of fixed

istorical baselines or long-term means may obscure gradual structural

nd functional adjustments in ecosystems, leading to systematic misin-

erpretation of resilience levels. Meanwhile, climate-based sensitivity

nalyses provide valuable insights into ecosystem responses to long-

erm background changes [ 60 , 68 ], but these approaches typically as-

ume linear and stationary climate–ecosystem relationships. As a re-

ult, they are better suited to persistent environmental pressures, while

emaining limited in their ability to capture nonlinear responses and

brupt shifts associated with extreme or compound disturbances. In re-

ions prone to droughts, heatwaves, or compound extremes, sensitivity

etrics alone may therefore underestimate proximity to critical thresh-

lds. We emphasize that future resilience quantification should adopt

 disturbance-scenario-driven framework. This requires first identify-

ng the dominant disturbance shaping ecosystem structure and func-

ion, and explicitly defining the disturbance context of the assessment.

eference states or stability assumptions should then be specified in

 disturbance-dependent manner, rather than defaulting to historical

aselines or long-term averages. Finally, cross-ecosystem comparisons

hould be restricted to cases with comparable disturbance contexts and

eference states, while accounting for differences in ecosystem structure,

unction, and response characteristics, to avoid conceptual ambiguity

nd assessment bias. 

.2. State variable selection and observational data challenges in ecosystem

esilience assessment 

From a system-level perspective of ecosystem resilience, our study

emonstrates that the choice of state variables can substantially influ-

nce the inferred patterns of resilience change. Ecosystem resilience de-

ived from a single state variable captures only one dimension of ecosys-

em health and thus reflects attribute-specific “local resilience ”, rather

han overall structural and functional stability [ 55 ]. Consequently, re-

iance on a single variable may overlook key processes such as struc-

ural reorganization or functional transitions, limiting a comprehensive

nderstanding of resilience dynamics. Moreover, existing ecosystem re-

ilience indicators are highly sensitive to data noise, posing significant

hallenges for reliably characterizing ecosystem resilience using obser-

ational data [ 69 ]. For instance, in high-latitude regions, short grow-

ng seasons and frequent gaps in remote sensing observations hinder

he effective detection of resilience changes [ 70 ]; in tropical and forest-

ominated regions, the high uncertainty of optical remote sensing in-

ices reduces the reliability of resilience assessments [ 71 ]. 

To address these limitations, future research should pursue coordi-

ated methodological and data-driven advances. Integrate multi-source

emote sensing with ecosystem model simulations to address obser-

ation gaps in high-latitude regions and reduce optical remote sens-

ng uncertainties in tropical resilience assessments. Incorporating state

ariables that better capture ecosystem structure and function, such as

iomass and functional diversity, would improve the ecological repre-

entativeness of resilience evaluations. Priority should also be given to

cologically sensitive regions, where long-term ground observations can

onstrain and validate model- and remote sensing–based resilience esti-

ates, enhancing their robustness and reliability. 

.3. Limitations and methodological challenges of early-warning signals in 

cosystem resilience assessment 

Ecosystem resilience assessments based on early-warning signals

rovide important methodological support for detecting ecosystem state

ransitions and the approach to critical tipping points. However, our re-

ults show that different early-warning indicators often exhibit substan-

ial uncertainty in characterizing changes in ecosystem resilience. Most
9

xisting early-warning approaches rely on monotonic temporal trends in

ey statistical properties as signals of an approaching critical transition

 36 ]. However, such monotonic trends are highly sensitive to the choice

f temporal scale [ 72 ]. In the absence of clearly constrained reference

aselines, statistical trends observed at different timescales may corre-

pond to fundamentally different ecological processes, thereby compli-

ating a consistent ecological interpretation of resilience changes. Theo-

etically, early-warning signals are based on the ball-and-cup model and

he multiple stable states hypothesis [ 73 ], yet under nonstationary en-

ironmental conditions, it is often unclear whether ecosystems exhibit

ell-defined stable states or occupy high- or low- stability regimes. 

We emphasize that efforts should focus on advancing early-warning

ignals from simple statistical trends to state-constrained resilience di-

gnostics. Based on ecosystem structure and environmental context, po-

ential stable states should be identified using empirical knowledge and

cosystem attributes to guide signal interpretation [ 74 ]. The applicabil-

ty and limits of indicators should be assessed across ecosystem types

nd temporal scales to avoid equating statistical signals with critical

ransition risk. Integrating stable-state identification with time-scale dif-

erentiation can improve the reliability and ecological interpretability of

tate-transition detection. 

.4. Identifying the key drivers and regulatory factors of ecosystem 

esilience change 

Our study reaffirms the central role of climate change in driving

hanges in ecosystem resilience and further emphasizes temperature as

he dominant climatic factor shaping resilience dynamics. Previous stud-

es consistently show that declines in ecosystem resilience are closely

ssociated with increases in mean temperature and temperature vari-

bility [ 75 ]. On the one hand, sustained warming systematically alters

lant physiological processes, thereby weakening the ecosystems’ ca-

acity to maintain structural and functional stability [ 76 ]; on the other

and, enhanced temperature variability increases environmental insta-

ility, making ecosystems more prone to functional fluctuations and

ven destabilization. In addition, warming-induced droughts often act

s strong pulse disturbances that directly impact ecosystems and sub-

tantially reduce their ability to withstand external perturbations [ 77 ]. 

Ecosystems may partially adjust to long-term warming through phys-

ological regulation, community reorganization, or functional substitu-

ion [ 78 , 79 ]; however, whether these adaptive processes can effectively

uffer resilience loss when warming rates exceed the system’s intrin-

ic regulatory capacity has yet to be systematically and quantitatively

valuated. This gap reflects the fact that existing studies have largely

ocused on external climatic drivers of resilience change, while com-

aratively underestimating the role of intrinsic ecosystem structural

ttributes —such as community composition, functional diversity, and

tructural complexity —in modulating and buffering resilience responses

 80 ]. It is necessary to quantitatively assess the upper limits of ecosystem

egulatory capacity under different warming rates and their contribu-

ions to resilience maintenance, and to explicitly incorporate ecosystem

tructural characteristics as key modulators within resilience assessment

rameworks to clarify their buffering or amplifying effects under climatic

tress. Developing an integrated framework that links climatic drivers,

cosystem structure, and multi-scale disturbance processes will further

trengthen the mechanistic basis and predictive capability of ecosystem

esilience assessments, thereby enhancing the identification and antici-

ation of ecosystem stability risks under climate change. 

. Conclusion 

Under intensifying global warming and the progressive activation

f multiple global tipping elements, accurately characterizing ecosys-

em resilience is essential for anticipating ecosystem state transitions

nd associated tipping risks. However, divergent conceptual interpre-

ations of resilience, together with the use of different resilience indi-
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ators and vegetation state variables, lead to substantial inconsisten-

ies in resilience assessments, limiting the robustness of global compar-

sons. Our results reveal that, under the CSD and FLI frameworks, 59.6%

nd 42.8% of pixels, respectively, yield significantly different resilience

hange assessments, while approximately 69.3% of pixels exhibit incon-

istent trends across four vegetation state variables. 

Further analyses reveal strong ecosystem dependence in these incon-

istencies: temperate regions and arid ecosystems dominated by shrub-

ands exhibit the lowest agreement across resilience indicators, whereas

ropical ecosystems dominated by forests show greater uncertainty, pri-

arily driven by the choice of vegetation state variables. Finally, we

onfirm that climate change is the dominant driver of global ecosys-

em resilience evolution and identify temperature change as a key fac-

or restructuring global resilience patterns. These results emphasize

he need for targeted frameworks to assess ecosystem resilience un-

er global warming by integrating resilience multidimensionality, sta-

le state characteristics, and disturbance types, thereby minimizing sys-

ematic misinterpretation and informing management and adaptation

trategies. 
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