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Divergent vegetation recovery shaped by
drought, heat and compound extremes
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Compound drought and heat extremes (CDHEs) under global warming pose significant threats to
terrestrial ecosystems. However, the concurrent impacts of heat events and diverse drought types, as
well as 3D (longitude, latitude, and time) vegetation recovery patterns, remain poorly understood.
Here, we defined compound integrated drought-heat extremes through coupling heat extremes with
diverse droughts and assessed basin-scale 3D vegetation recovery under varying hazards. The
severity ofCDHEs increasedglobally during 1982-2019,with the affected area expandingby10million
km². Drought was a primary driver of vegetation loss, leading to longer vegetation recovery periods
than either CDHEs or heat events, with approximately 44% of recovery events lasting longer than 10
months. In equatorial and high-latitude basins, CDHEs drove prolonged recovery events, though
patterns varied among vegetation types. Spatially, vegetation loss generally kept pace with droughts,
with extensive loss dominating low-latitude basins. This was less pronounced for CDHEs, which
exhibited limitedmigration distances and could promote vegetation growth in some regions, including
Europe and Central Asia. SHAP analysis revealed that temperature was a key factor shaping
vegetation responses to CDHEs. Our study advances understanding of multivariate CDHEs, drought
and heat impacts on vegetation responses, informing ecosystemmanagement under climate change.

With climate change, droughts and heat extremes have become increasingly
prevalent globally1,2. A growing body of evidence indicates that human-
induced warming has amplified the frequency of compound drought and
heat extremes (CDHEs) since the mid-20th century, a trend projected to
continue3. These extreme events impair vegetationphysiological functions4,5

and can trigger large-scale tree mortality or ecosystem collapse6,7. Deci-
phering vegetation responses to CDHEs is becoming increasingly vital as it
provides a scientific basis for maintaining ecological functions and securing
ecosystem services8,9.

Droughts, as defined by the World Meteorological Organization
(WMO), can be classified into several types, including meteorological,
hydrological, and agricultural droughts10,11. During a CDHE,multiple types
of drought and heat extremes can occur simultaneously due to land-
atmospheric feedbacks, leading to complex impacts12. However, the mul-
tivariatenatureofCDHEsoften lacks in-depth specification, asmost current

CDHE indices are bivariate, considering only one type of drought. This
limitation means bivariate CDHE indices might underestimate the impact
of CDHEs on ecosystems, potentially biasing the diagnosis of vegetation
recovery, particularly resilience and recovery time13,14. This necessitates new
CDHE indices that integrate various hydrometeorological variables or
combine heat extremes with different types of droughts.

Climate extremes profoundly impact vegetation resilience by directly
limiting recovery from greenness losses15–17. Specifically, plants often
struggle to rebound after abnormal temperature and precipitation. Vege-
tation resilience is typically defined as its ability to maintain its state,
structure, composition, and richness when exposed to external perturba-
tions, and to recover from temporary environmental fluctuations18. During
recovery, incomplete or delayed restoration of functions can make ecosys-
tems more vulnerable19,20. Although recent studies have explored global
vegetation recovery after different extreme events, debates persist regarding
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vegetation resilience across different basins and under diverse disturbances,
particularly in response to drought, heat, andCDHEs21–23. Moreover, due to
the nonlinear interactions between precipitation and temperature, the
impacts of drought, heat, and CDHEs on vegetation vary widely across
different intensity levels24–27. This inconsistency is likely influenced by local
environmental factors, vegetation type, and geophysical conditions such as
topography28,29. Furthermore, the occurrence and evolution of CDHEs are
inherently three-dimensional (3D, involving longitude, latitude, and time),
because these events develop as continuous spatiotemporal phenomena
rather than as isolated disturbances. Consequently, vegetation recovery
responses also exhibit dynamic spatiotemporal characteristics. Recent stu-
dies have explored 3D frameworks to characterize spatial movement,
duration, area, and severity of hazards30–32, but rarely for vegetation recovery
patterns. Conventional 1D or 2D approaches generally characterize vege-
tation responses either as temporal changes at individual locations or as
spatial snapshots33,34. Although these approaches describe when or where
impacts occur, they overlook the continuous spatiotemporal migration of
hazards and vegetation recovery. In contrast, the 3D framework represents
CDHEs and vegetation recovery as continuous spatiotemporal objects,
enabling us to track their migration pathways through time. Event-based
vegetation recovery emphasizes the ecological consequences of hazard
events rather than grid-scale responses. This provides a new perspective for
quantifying recoverymigration and evaluating whether vegetation recovery
follows or diverges from hazard migration.

Here, we evaluated 3D vegetation recovery patterns following drought,
heat, and CDHEs across major basins worldwide from 1982 to 2019. By
integrating an Integrated Drought Index (IDI) and Compound Drought
andHeat Index (CDHI)with 3D spatiotemporal clustering, we captured the
continuous spatiotemporal development, persistence, andmigrationofboth
hazards and vegetation recovery processes. LightGBM and SHAP analyses
were further applied to identify the dominant drivers of vegetation

responses. We found that drought generally resulted in slower and more
persistent vegetation recovery than heat and CDHEs. Our outcomes would
provide a new perspective for understanding vegetation recovery under
compound climate extremes and improve assessments of vegetation
responses.

Results
To characterize vegetation responses to drought, heat, and CDHEs, we
applied a unified 3D framework integrating longitude, latitude, and time.
Drought conditions were represented by an IDI, which combines meteor-
ological, hydrological, and agricultural drought information, while heat
stress was characterized using the Standardized Temperature Index (STI).
CDHEs were identified when IDI <−1 and STI > 1, and their severity was
quantified using a CDHI derived by coupling the two indices. Vegetation
responses were evaluated using the Standardized Vegetation Index (SVI),
derived from detrended and deseasonalized Normalized Difference Vege-
tation Index (NDVI) data, and were characterized by resistance, recovery
rate, and recovery time. Event dynamics were further examined by tracking
the migration of event centroids, defined as the movement of the weighted
centroid of each 3D event cluster throughout its lifetime.

Spatiotemporal patterns of CDHEs (1982–2019)
We first presented the climatology of CDHEs for each grid cell. CDHEs
primarily occurred in basins near the equator, such as the northernAmazon
River Basin in South America and the Nile River Basin in Central Africa, as
well as in parts of northeastern Asia (Fig. 1a–c). Many of these basins
exhibited average CDHI severity values ranging from six to eight, and
average durations exceeding 3 months. Notably, event-based analysis
showed that high-severity and long-duration events were concentrated in
basins that collectively account for approximately 15% of the global land
area. In most basins, the centroids of long durations (>3 months) and high
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Fig. 1 | Spatiotemporal patterns of CDHEs. a–cGrid-based climatology of severity
(dimensionless), duration (months), and intensity (dimensionless), respectively,
from 1982 to 2019 across 43 basins. d Latitudinal distributions of mean severity,
duration, and intensity within each 10° moving zonal band at 2° latitudinal incre-
ments; shaded envelopes indicate the interquartile ranges. e Event-based climatol-
ogy of CDHEs, with colors and sizes of the circles representing the duration
(months) and severity (106km2month), respectively. f Trends in CDHE intensity
across the 43 basins (month−1). g Shifts in CDHE categories between 1982–1992 and

2009–2019; numbers within rectangles denote hazard areas and lines between rec-
tangles with numbers show changing hazard areas between two subperiods.
hProportions of grids dominated by significantly increasing (red), decreasing (blue),
and non-significant (grey) trends in CDHE intensity over the 43 basins, with basin
numbers shown below corresponding to the basin IDs in Supplementary Fig. 1.
Significant trend testing was performed using a two-sided Mann–Kendall test with
the normality approximation for the null distribution (P < 0.05, n = 456). The cor-
responding grid-cell P values are provided in Supplementary Data 1.
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severity (>12 × 10⁶ km² month) were predominantly concentrated in the
central parts of basins,with themostprominentoccurrences in theAmazon,
theCongoRiver basin inCentralAfrica, and theGanges andMekong basins
in South Asia (Fig. 1e). In Asia, higher-latitude basins such as the Yenisey
and Amur Rivers experienced more severe CDHEs than lower-latitude
basins. By contrast, the average severity of CDHEs in North American
basins (~7 × 106 km2 month) was generally lower than in other continents.

The significant intensification of CDHEs spread across nearly 80% of
global river basins, including those in southwestern North America, eastern
Europe, North Africa, West Asia, western Brazil, and eastern Asia (Fig. 1f,
h).TheAmazonBasin emergedas ahotspot forCDHE intensification,while
some river basins, such as the Nelson-Saskatchewan and South Interior
basins, instead became wetter and colder. A closer analysis of CDHE
changes across the five climatic regions revealed that wet-cold areas
decreased by 14.2 million km², whereas light dry-heat, moderate dry-heat,
and extreme dry-heat areas increased by 11.63, 2.14, and 0.34 million km²,
respectively, from1982 to 2019 (Fig. 1g).Overall, the results indicated a shift
from wet-cold to dry-heat conditions. For dry-heat lands, only 30,000 km²
transitioned from moderate dry-heat to light dry-heat, and 560,000 km²
shifted from light dry-heat to normal. By contrast, 10million km² of normal
lands became light dry-heat, and 13.37million km²moved fromwet-cold to
normal, explaining the expansion of dry-heat conditions by more than 10
million km² from 1982 to 2019 - an area larger than Canada.

Spatial relationships between vegetation and multiple hazards
To distinguish the effects of CDHEs, drought, and heat on vegetation, we
applied three partial-correlation schemes (Fig. 2): Scheme 1 controlled for
drought and heat, Scheme 2 controlled for heat and CDHEs, and Scheme 3
controlled forCDHEs anddrought.We foundpositive correlations between
vegetation andCDHEs in central NorthAmerica (e.g., theMississippi River
Basin), East Asia (e.g., the Yangtze and Lena River basins), southern South
America, and the Zambezi River Basin in East Africa (Fig. 2b, j). In contrast,
negative correlations were common in the western Amazon River basin,
South Africa (e.g., the Orange River basin), Central Asia, and European
basins such as the Danube. Overall, vegetation was mostly positively cor-
related with CDHEs, with 55.8% showing positive correlation, of which
25.7% were significantly positive - substantially higher than the proportion
of significant negative correlations (18.5%).When considering the effects of
temperature and drought, the proportions of significantly positive and
significantly negative correlations changed slightly to 23.1% and 16.5%,
respectively (Supplementary Fig. 2). In comparison, the partial correlation
between integrated drought and vegetation (controlling for CDHEs and
heat) showed similar patterns to the CDHE relationship but with higher
significance levels. The proportions of significantly negative and positive
correlations were 32.5% and 27.6%, respectively (Fig. 2e, j). The partial
correlations between heat and vegetation were nearly balanced between
positive and negative values, but were weaker overall than those between
drought and vegetation (19.1% significantly positive vs. 19.2% significantly
negative). Negative correlations between heat and vegetation were observed
in the eastern Amazon basin, Central Africa, the northern Nile Basin, and
theYeniseyRiver Basin in northernAsia, whereas positive correlationswere
concentrated in thewesternAmazonandmuchofEastAsia,with significant
areas mainly around the equator (Fig. 2h, i, j). We found that drought
showed a stronger correlation with vegetation (60.1%, the sum of 32.5%
positive and 27.6% negative significance) than heat (38.3%, the sum of
19.1% positive and 19.2% negative significance). These differences may be
associated with basin geography and vegetation type. Across specific river
basins, partial correlations were generally stronger than simple correlations,
indicating that the interaction of drought and heat could modulate indivi-
dual hazard impacts (Supplementary Figs. 3 and 4).

Further analysis showed thatwhen temperature effects were controlled
for, the proportions of significantly positive and negative correlations
between drought and vegetation decreased to 26.7% and 22.3%, respectively
(Supplementary Fig. 2d–f). Similarly, after accounting for the effects of
drought, theproportions betweenheat andvegetation alsodecreased (13.8%

positive vs. 12.6% negative). Inmost basins, the apparent effects of heat and
drought on vegetation were mutually reduced after controlling for their
covariation. Conversely, in the eastern Amazon basin, both heat and inte-
grated drought were negatively correlated with vegetation, leading to
negative correlation hotspots of CDHEs and vegetation. This trend
remained consistent across different vegetation types (Fig. 2a–c). Overall,
the correlation between vegetation and drought was more significant for
most vegetation types (>40%), whereas for closed shrublands (CSH) and
evergreen broadleaf forests (EBF), the correlation between vegetation and
heat was stronger (>50%).

Vegetation recovery post CDHE, drought and heat events
The 2D analysis showed that the spatial patterns of vegetation recovery rate
largely alignedwithCDHE intensity, with regions experiencingmore severe
CDHEs generally exhibiting slower recovery (Figs. 1c and 3a, d, g). Low
recovery rates were mainly observed in eastern Siberia, Central Asia, the
westernUnited States, theAmazonBasin, and theAustralianGreatArtesian
Basin, whereas relatively rapid recovery occurred in northern Eurasia,
eastern Europe, the Mississippi River Basin, southern South America, and
parts of Africa. Spatial patterns of vegetation resistance were broadly similar
to those of recovery rate, with resistance below 90% predominantly located
inmid-to-high latitudes (>50°Nand>25°S).Notably, for drought, the global
proportion of vegetationwith resistance below 85%was higher (>40%) than
for CDHEs or heat events, particularly in Siberia. The spatial alignment of
vegetation recovery time following drought, heat events, and CDHEs was
relatively weak. After drought, areas where vegetation requiredmore than 8
months to recover were concentrated in central North America and the
Yangtze River Basin. Globally, approximately 10% of land took more than
8months to recover fromdrought, a higher proportion than forCDHEs and
heat events alone. In contrast, nearly 90% of areas recovered from heat
events within 3 months.

Consistent with these global patterns, basin-level analyses showed that
high-latitude basins generally exhibited higher recovery rates following
CDHEs, whereas tropical and subtropical basins recovered more slowly
following drought (Fig. 3j, and Supplementary Figs. 5–8). Asia, Africa,
Australia, and the Amazon Basin exhibited particularly low post-drought
resistance, whereas CDHE impacts were most pronounced in North
America and southern South America. Areas with lower resistance also
tended to exhibit longer recovery times. Vegetation recovery also varied
among dominant vegetation types. For example, EBF in the Amazon Basin
exhibited the slowest recovery, longest recovery time, and lowest resistance
following drought, while vegetation in most Asian river basins also showed
consistently low drought resistance and prolonged recovery.

Using CDHI, IDI, −STI, and SVI, the proposed 3D framework iden-
tified 650 vegetation-recovery events following CDHEs, 657 following
integrated droughts, and 941 following heat events during 1982–2019
(SupplementaryTables 5 and 6). The spatial distributions of recovery events
were broadly similar among the three hazard types (Fig. 4a–c). However,
recovery events following drought typically required longer recovery times
and lower recovery rates than CDHEs and heat events, with nearly 21% of
events showing rates below 5 month−1 and approximately 44% having
recovery times exceeding 10months. Long recovery times and low recovery
rates were mainly concentrated in the Nile, Danube, and Yangtze basins. In
the Amazon and Danube basins, vegetation recovery was mainly char-
acterized by recovery times of 3–6 months.

For CDHEs, high-latitude basins such as the Yenisey and Ob Basins
experienced longer recovery times and lower recovery rates compared to
low-latitude basins in Asia. In Africa, the spatial patterns of recovery rates
and times varied considerably among basins, whereas in other continents,
high recovery rates and short recovery times were more common (Fig. 4a).
In general, high-latitude basins experienced longer recovery times and lower
recovery rates than lower-latitude basins, although vegetation recovery was
not solely determined by hazard severity. For example, vegetation in the
Amazon and Tocantins basins exhibited short recovery times despite
experiencing prolonged and severe CDHEs, indicating that regional
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geography and vegetation types also play important roles in shaping vege-
tation recovery.We further compared event-based (3D) vegetation recovery
with grid-scale (2D) vegetation recovery across different continents (Sup-
plementary Table 7). Notably, recovery rates from the event-based per-
spective (i.e., 3D framework) were generally lower than those from a grid-
scale perspective, particularly in Africa (27.99 vs. 53.25), South America
(28.66 vs. 55.21), and Oceania (21.00 vs. 37.06). Vegetation recovery time
showed continent-specific differences. Event-based recovery durationswere
generally longer than grid-scale estimates in Asia, North America, and
Europe, whereas they were noticeably shorter in Africa and Oceania. This
contrasting pattern suggests that the effects of spatiotemporal continuity on
vegetation recovery differ among continents. These findings demonstrate

that incorporating spatiotemporal continuity provides a different perspec-
tive on vegetation recovery dynamics.

Drivers and migration patterns of vegetation responses
to CDHEs
We used the Light Gradient Boosting Machine (LightGBM) model com-
bined with the SHapley Additive exPlanations (SHAP) interpretability
algorithm to identify the drivers of NDVI. Six predictors with a 1-month
lead time, including transpiration, precipitation, runoff, soilmoisture,mean
air temperature, and wind speed, were used as model inputs, while NDVI
was used as the output variable. The results revealed two distinct correlation
patterns between vegetation and CDHI (Fig. 5, and Supplementary Fig. 9).
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Fig. 2 | Relationships between vegetation and CDHEs, drought, and heat events.
Partial correlations of vegetation with CDHE (a–c Scheme 1, controlling for inte-
grated drought and heat), integrated drought (d–f Scheme 2, controlling for heat and
CDHE), and heat events (g–i Scheme 3, controlling for CDHE and integrated
drought). a, d, g Latitudinal distributions of mean partial correlation coefficients for
schemes 1, 2 and 3 within each 10° moving zonal band at 2° latitudinal increment.
The interquartile ranges indicate with the shaded envelopes. b, e, h Spatial

distribution of themean partial correlation coefficients in schemes 1, 2 and 3 over the
43 basins, with basin numbers shown below corresponding to the basin IDs coded in
Supplementary Fig. 1. c, f, i Proportions of grids with significantly positive, negative,
and non-significant partial correlations in schemes 1, 2 and 3 for different plant
functional types (see Supplementary Fig. 1). j Same as c, f, and i but for individual
basins. Statistical significance was assessed using a two-sided t-test (P < 0.05). The
corresponding grid-cell P values are provided in Supplementary Data 2.
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In regions where vegetation loss was closely associated with CDHEs, soil
moisture, mean air temperature, and transpiration were the dominant
drivers. SHAP values indicated positive contributions of precipitation and
temperature, whereas runoff contributed negatively. Temperature-
dominated effects were mainly observed in high-latitude basins, while
runoff- and soil moisture-dominated influences were concentrated in tro-
pical and subtropical regions. This indicates that temperature-related stress
may amplify evaporative demand and thus intensify vegetation loss under
CDHEs. In regions where vegetation recovery was closely associated with
CDHE occurrence, soil moisture, transpiration, and runoff emerged as the
dominant influencing factors. In contrast, mean air temperature played a
smaller role in vegetation-recovery regions, suggesting that the responsewas
primarily regulated by water availability, which could buffer climatic stress
and favor vegetation recovery. Notably, temperature appeared to be the
main factor differentiating the two vegetation response patterns under
otherwise similar hydroclimatic controls.

To distinguish the effects of water limitation, thermal stress, and their
interaction on vegetation loss, we compared the 3D migration patterns of
vegetation loss with those of CDHEs, drought, and heat events. Consistent
migration directions indicate a positive contribution of hazards to vegeta-
tion loss,whereas divergent directions suggest anegative effect. Inmost river
basins, vegetation loss migrated in directions consistent with those of the
three hazards (Fig. 4, and Supplementary Fig. 10).Meanmigrationdistances
of CDHEs, drought, heat, and vegetation loss were 68.57 km, 82.65 km,
71.25 km, and 60.98 km, respectively, with CDHEs exhibiting a more

spatially limited extent than individual heat or drought events. Larger
migration distances in warmer regions suggest broader spatial impacts of
hazards, partly explaining why drought was associated with lower vegeta-
tion recovery rates and longer recovery times thanCDHEsor heat events. In
North America, the migration directions of vegetation loss centroids were
generally consistent with hazard centroids, with relatively short migration
distances (<30 km), indicating spatially constrained vegetation loss due to
hazards. In the Mississippi Basin, vegetation loss closely tracked drought
migration in both direction and distance, suggesting that drought domi-
nated vegetation responses. In contrast, migration distances were sub-
stantially larger in Asia and Australasia (>70 km), particularly in the
Khatanga, Amur, andMurray basins, indicating broader areas of vegetation
damage. In Europe and Central Asia, vegetation loss centroids often
diverged from hazard trajectories, as observed in the Don, Danube, and
Ayeyarwady basins, suggesting that hazard migration did not always cor-
respond to vegetation decline. In Africa, migration distances were generally
short near the equator but increased toward higher latitudes.

To further examine migration patterns, we analyzed migration pat-
terns in the Amazon Basin during the period of maximum vegetation loss
(June 1982–July 1984) at 3-month steps (Supplementary Fig. 11). CDHE
migration closely followed that of heat events, originating in the northwest,
merging with drought centroids in the central basin, and then shifting
westward before weakening. In contrast, drought migration was highly
consistent with vegetation loss, with drought centroids persistently located
in the central basin. These results indicate that drought was the primary

Fig. 3 | Vegetation recovery characteristics post
CDHE, drought and heat events. a–iRecovery rate,
resistance and recovery time for CDHE, drought
and heat events lasting three months or longer.
jDominant hazard impacting vegetation recovery in
each basin. Colors within each basin indicate the
dominant hazard with most strongest impacts.
Surrounding circles show recovery rates following
CDHEs, droughts, and heat events for different
vegetation types in selected basins. Colored sectors
represent vegetation types, as defined in Supple-
mentary Fig. 1. Numbers on the circle diameters
represent recovery rate scales, and those at circle
center indicate basin codes.
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Fig. 4 | Spatiotemporal patterns of vegetation recovery following CDHEs,
droughts, and heat events across major river basins. a–c Vegetation recovery
following CDHEs, drought, and heat events, respectively. Colors and sizes of the
circles represent recovery time and recovery rate, respectively. Surrounding panels
show themigration patterns of CDHE, drought, heat events and vegetation loss, with

numbers indicating basin codes. The tail of each arrow indicates the mean centroid
location at event onset, while the head indicates the mean centroid migration dis-
tance at the event termination month, and the arrow length indicates the average
migration distance of the centroid during the event.
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driver of vegetation loss, while CDHEs during this period were pre-
dominantly heat-dominated. Moreover, regions strongly affected by
drought largely overlapped with regions showing positive correlations
between drought intensity and vegetation loss, further supporting the
dominant role of drought in shaping vegetation loss patterns in the Ama-
zon Basin.

Discussion
This study systematically assessed CDHEs, drought, and heat events and
their ecological impacts at the basin scale. High-severity and long-duration
CDHEs were mainly concentrated in equatorial and high-latitude basins,
with a notable global shift fromwet-cold to dry-heat conditions. Vegetation
generally exhibited lower resistance, slower recovery rates, and longer
recovery times following drought than following CDHEs or heat events,
particularly in low-latitude basins such as the Amazon and parts of Asia.
Our findings are broadly consistent with existing literature that highlights
increasing climate extremes and vegetation sensitivity to drought35–37.
Crucially, we further linked CDHE characteristics to vegetation recovery
rate, resistance, and recovery time at the basin scale. In some regions,
vegetation responses to drought were more severe than those to CDHEs,
possibly because of ecosystem adaptation to concurrent stressors or
temperature-mediated evapotranspiration dynamics38–40. This finding
challenges the assumption that compound extremes always cause greater
ecological damage26,41 and suggests that interactions among hazardsmay be
non-additive or even compensatory effects. The spatial inconsistency
between CDHE severity and vegetation recovery, particularly in the Ama-
zon and South Asia, further indicates that ecosystem responses are strongly
influenced by biogeographic conditions and vegetation types5,42. This
interpretation is supported by our SHAP analysis, which identified distinct
temperature- and water-related controls on vegetation loss and vegetation
recovery regions, respectively, highlighting the role of temperature in
shaping vegetation responses to CDHEs43,44. Moderate heat during drought
may reduce water stress through partial stomatal closure, while mild
drought may enhance subsequent heat tolerance through physiological
adaptationmechanisms. Another important contribution of this study is its
analysis of the centroidmigrationpatterns of climatehazards andvegetation
impacts. The migration of CDHE, drought, heat event, and vegetation loss
centroids reveals the spatial propagation of climate hazards and associated

vegetation impacts. However, in many basins, including the Danube and
Murray basins, hazard migration and vegetation loss migration were spa-
tially asynchronous40,45, implying that vegetation dynamics are jointly
influenced by climate extremes, topography, land use, vegetation compo-
sition, and human activities.

We also compared the spatial variability of average recovery rate,
resistance, and recovery time for extreme events with shorter durations (i.e.,
1 and 2 months) (Fig. 3, and Supplementary Figs. 12 and 13). Vegetation
recovery showed limited spatial variability across event durations and index
timescales, whereas recovery rate and resistance declined markedly with
increasing duration, particularly under CDHEs. In some regions, prolonged
heat events were even associated with shorter recovery times, suggesting
nonlinear or threshold-dependent recovery dynamics46–48. Comparisons
among NDVI, Leaf Area Index (LAI), and Gross Primary Productivity
(GPP) further showed that the spatial patternsof recovery timewere broadly
consistent, although LAI and GPP exhibited lower resistance and recovery
rates, potentially reflecting their faster physiological responses to drought
and heat stress (Supplementary Fig. 14)19. We also compared the IDI with
traditional drought indices, including the Standardized Precipitation-
Evapotranspiration Index (SPEI), Standardized Runoff Index (SRI), and
self-calibrating Palmer Drought Severity Index (scPDSI) from meteor-
ological, hydrological, and agricultural perspectives (Supplementary
Figs. 15–17). Although the overall spatial patterns of vegetation recovery
were generally consistent, notable differences emerged in recovery magni-
tude and resistance estimates, indicating that vegetation recovery assess-
ments are strongly influenced by the drought metric used.

Several limitations should be acknowledged. First, NDVImay saturate
in high-biomass regions and may not fully capture structural or functional
ecosystem changes. Second, the fixed 3-month timescale may not ade-
quately represent scale-dependent drought-vegetation interactions across
ecosystems.Uncertaintyalso remains in interpreting centroidmigrationas a
direct ecological signal, and the use of alternative drought indices or vege-
tation indicators may lead to different assessments of vegetation recovery.
Despite these limitations, this study advances understanding of CDHEs and
their ecological impacts by integrating a 3D event-based framework with
vegetation recovery dynamics at the basin scale. Our findings demonstrate
that vegetation responses to CDHEs are highly context-dependent and are
not necessarily more severe than responses to individual drought events.

Fig. 5 | Spatial patterns of dominant drivers and
SHAP-based contributions. a Regions showing a
positive correlations between NDVI and CDHI;
boxplots summarize SHAP values across the corre-
sponding grids (n = 13,101). bMean absolute SHAP
values of predictor variables across grids with posi-
tive correlations between NDVI and CDHI.
c Regions showing a negative correlations between
NDVI andCDHI; boxplots summarize SHAP values
across the corresponding grids (n = 10,291). dMean
absolute SHAP values of predictor variables across
grids with negative correlations between NDVI and
CDHI. Predictor variables include transpiration
(Tran), precipitation (Pre), runoff (Ro), soil moist-
ure (Sm), mean air temperature (Tmp), and wind
speed (Wind).
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The observed spatial divergence between hazard evolution and vegetation
recovery highlights the importance of local environmental conditions and
ecosystem characteristics in shaping vegetation resilience. The proposed
framework also provides potential applications in vegetation vulnerability
assessment, early warning systems, and climate adaptation planning under
ongoing climate change.

Methods
Hydroclimatic, vegetation, and land-cover datasets
Monthly runoff data for the period 1902–2019 were obtained from the
Global Runoff Reconstruction (G-RUN) dataset at a spatial resolution of
0.5°49,50, which is widely used in large-scale hydrological studies despite
inherent reconstruction uncertainties51. Monthly near-surface temperature
data were derived from the Climatic Research Unit Time-Series, version
4.0852, a global gridded product providing continuous data at 0.5° × 0.5°
resolution for 1982–2021.

The 0.5° SPEIwith a 3-month timescale (SPEI-3)was used to represent
seasonal drought changes and iswidely applied in vegetation growth studies.
Monthly SPEIwas calculatedbased on the historical probability distribution
of precipitation minus potential evapotranspiration53. The 0.5° scPDSI was
calculated from time series of precipitation and temperature together with
fixed parameters related to soil and surface characteristics at each
location54,55. The 3-month SRI (SRI-3) was based on runoff time series and
captured strong seasonality56.

TheNDVI data used in this studywere obtained from theGIMMS-3G
+ dataset (Third-Generation Global Inventory Modeling and Mapping
Studies, Version 1.2)57,58. Serving as a proxy for vegetation growth, this
dataset provides global coverage at a spatial resolution of 0.0833° × 0.0833°
andmonthly temporal resolution, spanning 1982–2021. The originalNDVI
values, derived from bi-monthly Advanced Very High Resolution Radio-
meter observations, provide long-term continuity, global coverage, and
multi-spectral capabilities, making it well-suited for analyzing vegetation
dynamics over extended periods.

To minimize noise from non-vegetated areas, we excluded grid cells
with amultiyearmeanNDVI below 0.1. These bi-monthlyNDVI data were
then aggregated into monthly composites using the maximum value com-
posite method59. Finally, the NDVI data were spatially resampled to a
0.5° × 0.5° resolution to ensure consistency with the climate datasets.
Because vegetation indices exhibited both seasonality and long-term trends,
directly using the raw NDVI time series could obscure short-term climate-
driven variability. Therefore, we applied the Seasonal and Trend decom-
position using Loess (STL) to decompose theNDVI time series andused the
residual component (detrended and deseasonalized) for further analyses60.
To evaluate the robustness of the vegetation recovery results, we further
employed two independent vegetation datasets for robustness assessment.
GPP data were obtained from the EC-LUE model, a global light-use effi-
ciency model that estimates terrestrial GPP based on satellite observations
and meteorological forcing61. LAI data were derived from the GIMMS
LAI4g dataset, a long-term global LAI product generated from AVHRR
observations62.

The Moderate Resolution Imaging Spectroradiometer (MODIS) land
cover data, classified according to the International Geosphere-Biosphere
Programme scheme, were used to exclude barren or unvegetated areas,
snow/ice-covered regions, and water bodies. To ensure classification relia-
bility, a dominant land cover criterionwas applied: a grid cell was assigned a
specific vegetation type only if its areal fraction exceeded 70%; otherwise, the
grid cell was excluded from subsequent analysis63. A schematic diagram of
the 43 basins and vegetation type classifications is presented in Supple-
mentary Figs. 1 and 18.

For the machine learning and SHAP analyses, transpiration and root-
zone soil moisture were obtained from the Global Land Evaporation
Amsterdam Model (GLEAM), a satellite observation-based global dataset
that provides estimates of terrestrial evaporation and root-zone soil
moisture. Monthly precipitation, mean air temperature, and wind speed
were derived from the CRU TS v4.08 high-resolution gridded climate

dataset, while runoff was obtained from the G-RUN global runoff recon-
struction dataset49,52,64.

Development of IDI
We developed the IDI using a copula approach to jointly integrate SPEI-3,
SRI-3, and scPDSI65. Copulas enable the derivation of joint distributions of
two or more variables, regardless of their original marginal distributions.
This composite index integrates meteorological, hydrological, and agri-
cultural drought conditions: SPEI-3 for meteorological drought, SRI-3 for
hydrological drought, and scPDSI for agricultural drought. To determine
the lag time between SPEI and SRI-3, we calculated Pearson correlation
coefficients between monthly SRI-3 and SPEI-3 for the preceding
1–12 months at the grid scale. The lag time was defined as the number of
months corresponding to the maximum correlation coefficient. Similarly,
Pearson correlation coefficients between SRI-3 and scPDSI were calculated
by correlatingmonthly scPDSI values with SRI-3 values from the preceding
1 to 12months, and the lag timewas identified in the sameway66. The spatial
distribution of lag months for each grid is shown in Supplementary Fig. 19.
To avoid potential time-scale bias, we analyzed vegetation recovery rates
using SPEI, SRI, and STI at 1-, 3-, 6-, and 12-month scales (Supplementary
Fig. 20). Recovery rates decreasedwith increasing timescale, especially in the
Amazon basin, while the overall spatial pattern remained consistent.

It is worth noting that using SRI as an intermediate link between
meteorological, hydrological, and agricultural droughts is consistent with
established drought propagation patterns and ensures the strongest corre-
lations among all indices, i.e., drought events were most closely connected.
Additionally, due to differences in drought severity classification thresholds
among SPEI, SRI, and scPDSI, scPDSI values were halved to ensure con-
sistency in severity magnitude across indices and to reduce potential bias in
the joint analysis.

To provide sufficient flexibility in fitting the SPEI-3, SRI-3, and scPDSI
series, seven candidate distributions were considered for the marginal dis-
tribution function: Generalized Normal (GNO), Generalized Extreme
Value (GEV), Generalized Logistic (GLO), Pearson type III (P-III), Gen-
eralized Pareto (GPA), Gumbel (GU), and Weibull (Wei) (Supplementary
Figs. 21–23)67. The specific expression of the distribution functions is shown
in Supplementary Table 1. The Kolmogorov–Smirnov (K-S), Ordinary
Least Squares (OLS) criterion, and Akaike Information Criterion (AIC)
were then applied to identify the optimal marginal distribution function for
each pixel. Next, five commonly used copula functions (Normal-copula,
Gumbel-copula, Clayton-copula, Joe-copula, and Frank-copula) were
employed to construct the joint distribution of SPEI-3, SRI-3, and scPDSI68.
The expressions of these copula models are shown in Supplementary
Table 2. The best-fitting copula for each grid cell was selected based on the
root mean square error (RMSE), AIC, and OLS between the empirical and
theoretical distribution functions. Assuming the SPEI-3, SRI-3, and scPDSI
sequences are random variables X, Y, and Z, the joint distribution with
cumulative probability p could be expressed as69:

PðX ≤ x;Y ≤ y;Z ≤ zÞ ¼ C½FðxÞ; F y
� �

; F zð Þ� ¼ p ð1Þ

where C denotes the copula function, and F xð Þ; F y
� �

and F zð Þ are the
marginal cumulative distribution functions of SPEI-3, SRI-3 and scPDSI,
respectively. IDI can be estimated by taking the inverse of joint cumulative
probability (p) as:

IDI ¼ Φ�1 p
� � ð2Þ

where Φ�1 denotes the inverse cumulative distribution function of the
standard normal distribution. Drought level classificationwas operationally
defined based on climatological percentiles, with drought conditions cor-
responding to approximately the lowest 16% of IDI values. Accordingly,
drought events were identified when monthly IDI values fell below the
threshold of −1. Correlations between the IDI and the individual drought
indices are shown in Supplementary Fig. 24.
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Definition of CDHI
To represent heat-drying conditions, monthly variations in temperature
were considered using the STI at a 3-month timescale, calculated from the
cumulative distribution function70. Heat events were identified when STI
exceeded a threshold of 1. The STI is defined as follows:

G xð Þ ¼ 1

σ
ffiffiffiffiffi
2π

p
Z x

�1
exp � ðt � μÞ2

2σ2

� �
dt ð3Þ

STI ¼ Φ�1 q
� � ð4Þ

where q ¼ G xð Þ, and Φ�1 denotes the inverse cumulative distribution
function of the standard normal distribution, x is the monthly mean near-
surface air-temperature series, μ and σ are themean and standard deviation,
respectively, q is the cumulative frequency.

To comprehensively assess drought and heat conditions, we employed
IDI, which accounts for factors such as runoff and soil moisture availability,
together with STI. Two random variables were defined: X, representing
drought conditions via the IDI, and Y, representing elevated temperature
episodes as measured by STI. A compound drought-heat event was deli-
neated by the simultaneous occurrence of X falling below a specified lower
threshold and Y exceeding an upper limit.

To ensure directional consistency between drought and heat stress,
we multiplied STI by −1 and coupled −STI with the IDI. This
transformation allowed us to calculate the joint probability (PCDH)
of concurrent drought-heat events. First, seven distributions (GNO, GEV,
GLO, P-III, GPA, GU, and Wei) were evaluated to determine the
marginal distribution functions of IDI and STI. The K-S, OLS, and AIC
were then adopted to identify the optimal marginal distribution for
both indices. Next, six commonly used copula functions (Gumbel, Clayton,
AMH, Frank, Joe, and Gaussian) were employed to construct the
joint distribution of IDI and −STI71. The copula functions used in this
study are described in Supplementary Table 3. The goodness of fit was
evaluated using RMSE, AIC, and OLS, while parameters of the univariate
and bivariate distribution functions were estimated using the maximum
likelihoodmethod. Accordingly, the joint distribution P of the two variables
can be expressed as the cumulative probability PCDH through the copula
function C:

PCDH ¼ P X < x;Y < y
� � ¼ C u; vð Þ ð5Þ

where u and v are themarginal cumulative probabilities associated with the
random variablesX and Y, respectively, and Cðu; vÞ denotes the best-fitting
copula function describing the dependence between IDI and −STI.
Conceptually, the CDHI quantifies the joint probability of simultaneous
drought and extreme heat, capturing both the intensity and interdepen-
dence of these two stressors. The CDHI is calculated as:

CDHI ¼ Φ�1½PCDH � ð6Þ

where Φ�1 denotes the inverse cumulative distribution function of the
standard normal distribution. Lower CDHI values indicate greater severity
of concurrent drought-heat events. To interpret CDHI values, we developed
a categorical system to classify compound drought-heat intensities72. The
specific classification thresholds are detailed in Supplementary Table 4,
offering clear demarcations that facilitate a nuanced understanding of these
complex climatic phenomena. In particular, dry-heat conditions are
identified when IDI <−1 and STI > 173, ensuring robustness of the results.
Correlations between CDHI and both drought and heat indices are
presented in Supplementary Fig. 25. CDHE duration is defined as the
number of consecutivemonths duringwhich aCDHE lasts, andCDHEarea
is defined as the area affected by a CDHE event. Severity refers to the
temporal accumulation of absolute CDHI values of all CDHE-affected grids
during a 3DCDHEevent,while intensity is defined as themean severity of a
CDHE, averaged over CDHE duration.

Partial correlation analysis
For statistical robustness and to minimize bias, we employed the Theil–Sen
estimator for non-parametric trend analysis over the 456-month period for
each pixel in our CDHI dataset70,74. This method estimates the actual rate of
change in a linear trend within the time series. Hypothesis testing was
performed using the Mann–Kendall trend test, using a normal approx-
imation to the null distribution75,76. The same analysis was also conducted
for five representative zones (defined in Supplementary Table 4), with each
grid classified accordingly. Each grid was classified into one of these zones
based on the median value of its temporal series during the periods
1982–1992and2009–2019.To explore changes in the surface area of thefive
representative zones over time, we compared the surface area of each
defined zonewith its current area and examined the transitions of pixels and
areas between different climate zones.

Drought, heat, and CDHEs collectively regulate standardized vegeta-
tion indices (SVI). In addition, covariate effects exist among these climatic
variables77. To disentangle these influences, we applied partial correlation
analysis under three schemes: (1) partial correlation between CDHEs and
vegetation, controlling for drought and heat (Scheme 1); (2) partial corre-
lation between drought and vegetation, controlling for CDHEs and heat
(Scheme 2); and (3) partial correlation between heat and vegetation, con-
trolling for drought and CDHEs (Scheme 3). SVI was obtained by stan-
dardizing the cumulative distribution function of detrended and
deseasonalized NDVI. We employed CDHI and IDI to represent CDHEs
and drought, respectively, and −STI to represent heat stress. This trans-
formation enabled consistency in interpretation and meaningful compar-
ison among the three stressor types.

3D identification method
Given that the evolution of drought events was considered spatiotemporally
continuous78,79, a three-dimensional clustering method was applied to
extract IDI, STI, CDHI, and SVI events across space and time. Standardized
indices (IDI, STI, CDHI, and SVI) were used to facilitate the comparison of
vegetation responses to heat and drought across different grids and regions.

Specifically, for eachmonth, grid cells with IDI, CDHI, and SVI values
below predetermined thresholds (−1, −1.5, and −1, respectively) and STI
values above 1 were extracted and grouped into independent event patches
using clustering algorithms. Clusters exceeding a minimum area threshold
(5% of the basin area)80–82 were retained as event patches. Temporal con-
tinuity was then assessed by examiningmonthly patches. If the overlapping
area between patches in two consecutive months exceeded 5% of the basin
area, the event was considered ongoing; if the overlap fell below the
threshold, the event was considered terminated. This procedure was repe-
ated to connect event patches spatially and temporally, forming spatio-
temporally continuous structures and yielding multiple three-dimensional
events. The hazard centroid was the weighted center of the three-
dimensional hazard cluster, which represents the longitude-latitude-time
center of the hazard event.

For each continuous three-dimensional event cluster, “migration”was
defined as the spatiotemporal trajectory of its weighted centroid. The cen-
troidwas calculated on amonthly basis, andmigrationwas quantified as the
displacement of the centroid from the event onsetmonth to the termination
month, with the resulting distance representing the migration length of
that event.

Quantification of vegetation recovery
Vegetation resistance, recovery rate, and recovery time were used as key
indicators of vegetation resilience, quantifying, respectively, (1) the capacity
of an ecosystemorbiome to resist disturbance, (2) the speedof recovery, and
(3) the duration required to return to its pre-disturbance state. Recovery
time (Vt) was defined as the number of months from the first month after
the hazard until vegetation productivity returned to its pre-hazard level for
at least 3 consecutivemonths, following previous studies24,83,84. Recovery rate
(Vs) was defined as the ratio of vegetation productivity regained relative to
the pre-hazard level, calculated using the mean of the 3 months preceding
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the hazard. Resistance (Rs) was defined as the ability of vegetation to
maintain its functioningwhen exposed to a hazard threshold relative to pre-
disturbance levels23,85.

Rs ¼
Gdur

Gpre
ð7Þ

Vs ¼
Gpost � Gdur

Tre � Tdur
ð8Þ

Vt ¼ Tre � Tpost ð9Þ

where Gpre, Gdur and Gpost denote, respectively, the corresponding detren-
ded and deseasonalized NDVI or SVI during the 3 months preceding the
hazard, theminimumNDVI or SVI during the hazard, and themeanNDVI
or SVI when post-hazard vegetation productivity rebounded to its
pre-hazard level for at least 3 consecutive months, with the baseline defined
using a 3-month temporal window preceding each event to minimize the
influence of long-term non-stationarity (e.g., CO2 fertilization and gradual
climate trends). Similarly, Tdur , Tpost ; andTre denote the time when
vegetation productivity reached its minimum value during the hazard, the
first post-hazard month, and the time when vegetation productivity first
returned to its pre-hazard level for at least 3 consecutive months.

The pre-hazard vegetation productivity level was estimated as the
mean detrended and deseasonalized monthly NDVI during the 3 months
preceding each hazard event. Detrended and deseasonalized NDVI is
associated with vegetation fractional cover, which in turn is related to
vegetation productivity. Therefore, using detrended and deseasonalized
NDVI as a proxy for vegetation productivity is well established, especially in
drylands. It is worth noting that when applying the three-dimensional
clusteringmethod, SVIwas employed to reduce errors caused by differences
in vegetation types and to enhance the robustness of the analysis.

To ensure an accurate assessment of vegetation recovery capacity and
minimize the influence of atypical events, we excluded hazard events lasting
less than 3 months and any cases in which another hazard occurred during
the vegetation recovery period.Durationwasdefined as the interval between
the start and end of each hazard event. The analysis focused exclusively on
pixels exhibiting both a hazard event and a vegetation deficit anomaly for
recovery calculations86. For eachgrid cell, vegetation recovery rates, recovery
times, and resistance were quantified following CDHEs, drought, and heat
events. The event type producing the lowest recovery rate and resistance,
and the longest recovery time,wasdesignated as theprimary local constraint
on vegetation recovery. Basin-scale dominant constraints were then iden-
tified by determining themost frequently limiting event type across all grids
within each basin.We further assumed that vegetation responses to changes
in ambient conditions were independent over time; that is, pre-drought
climatic conditions were not assumed to influence vegetation dynamics
during the drought, and no drought memory causing delayed vegetation
responses after the event was assumed83. Only CDHE, drought, heat, and
vegetation recovery events fully contained within the period 1982–2019
were considered in this study.

Machine learning and SHAP analysis
Multicollinearity among predictors was assessed using Pearson correlation
and variance inflation factors. Variables with correlation >0.8, VIF > 10, or
tolerance <0.1 were excluded. Six predictors with a 1-month lead time were
retained: transpiration, precipitation, runoff, soil moisture, mean air tem-
perature, and wind speed. NDVI served as the output variable.

The dataset was randomly split into training (70%) and testing (30%)
sets. The testing set was used only for final evaluation, not for hyperpara-
meter optimization. The LightGBM algorithm was employed for
model fitting87. To enhance stability, threefold cross‑validation was repeated
ten times per grid cell. Model performance was evaluated using Pearson’s r
and RMSE. The SHAP framework was used to quantify the relative

contribution of each predictor to vegetation anomalies88. All data processing
and statistical analyses were performed using R (v.4.5.1)89 and Python
(v.3.14.2)90. Machine learning analyses were conducted using the LightGBM
package (v.4.6.0), and SHAP values were computed using the shap pack-
age (v.0.50.0).

Data availability
SPEI were obtained from http://hdl.handle.net/10261/268088. scPDSI was
available at https://crudata.uea.ac.uk/cru/data/drought/#global. Runoff data
were obtained from the G-RUN dataset, which are available from https://
figshare.com/articles/dataset/G-RUN_ENSEMBLE/12794075, and were
used to calculate the SRI. The monthly near-surface temperature data uti-
lized in this study were obtained from https://crudata.uea.ac.uk/cru/data/
hrg/cru_ts_4.08/cruts.2406270035.v4.08/tmp/. NDVI data used in this
study were obtained from Global Vegetation Greenness (NDVI) from
https://www.earthdata.nasa.gov/data/catalog/ornl-cloud-global-veg-
greenness-gimms-3g-2187-1. The GPP dataset is available at https://
zenodo.org/records/14350035. The LAI dataset is available at https://
zenodo.org/records/8281930. MODIS MCD12Q1 land-cover dataset were
available at https://doi.org/10.5067/MODIS/MCD12Q1.06191. Root-zone
soil moisture and transpiration were derived from https://www.gleam.eu/.
Precipitation, air temperature, and wind speed were obtained from https://
crudata.uea.ac.uk/cru/data/hrg/.

Code availability
The code used in this study is available from the corresponding author upon
reasonable request. The code used for the calculation of 3D clustering
algorithmhas beenmade publicly available throughGitHub (https://github.
com/XinFeng-mm/3D-event-calculation-code) and Zenodo (https://
zenodo.org/records/20528509)92.
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