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PUBLIC SUMMARY

= Soil-driven dry-hot events cause deeper GPP loss (-1.115 g-C-m™2-day ") and slower recovery (+2.238 days).
= Impacts of soil moisture deficits intensify over time, widening divergence from atmospheric-driven events.

= Soil moisture control strengthens with event severity, aridity, and future warming scenarios.
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Compound dry-hot extremes have emerged as a major threat to terrestrial
ecosystem productivity under climate change, yet their impacts are
commonly interpreted through atmospheric conditions alone. Here we
distinguish between compound meteorological dry-hot (CMDH) events,
driven by atmospheric dryness and heat, and compound soil dry-hot
(CSDH) events, in which soil moisture deficits coincide with heat, and
assess their differential effects on global vegetation productivity. Integrat-
ing multiple gross primary productivity (GPP) datasets with climate vari-
ables, we quantify GPP loss and recovery time following CMDH and CSDH
events. Globally, CSDH causes deeper productivity losses than CMDH, with
a mean additional reduction of 1.115 g-C-m™>day™, and prolongs recovery
by 2.238 days on average. These differences have intensified over recent
decades, with CSDH-related GPP losses and recovery times diverging
increasingly from CMDH. The dominance of soil-driven impacts is also
shown to strengthen with event severity, climate aridity, and under future
warming scenarios. Structural equation modeling and explainable machine
learning further reveal a shift in controlling mechanisms from atmospheric
demand under CMDH to soil moisture limitation under CSDH, explaining
both deeper carbon losses and longer ecosystem memory. Our results
demonstrate that soil-coupled compound dry-hot extremes exert a more
persistent constraint on terrestrial productivity than atmospheric counter-
parts, highlighting soil moisture as a critical regulator of ecosystem
resilience in a warming world.

INTRODUCTION

Terrestrial vegetation productivity plays a central role in regulating the
global carbon cycle, land-atmosphere energy exchange, and ecosystem
resilience under climate change. As the primary biological pathway for
carbon uptake, gross primary productivity (GPP) integrates the combined
effects of climate variability, water availability, and physiological stress on
vegetation functioning.® Over recent decades, accelerating global warming
has fundamentally altered the hydroclimatic background under which
ecosystems operate, amplifying the frequency, intensity, and spatial extent of
droughts and heat extremes.”® These changes have raised growing concern
about the stability of terrestrial carbon sinks and the capacity of ecosystems
to withstand and recover from climate stress.”"

A defining feature of contemporary climate extremes is the increasing
prevalence of compound events, in which multiple stressors co-occur or
interact in ways that produce impacts exceeding those expected from indi-
vidual hazards alone.'”"® Among these, compound dry-hot events have
emerged as particularly consequential for vegetation productivity, as high
temperatures intensify atmospheric water demand while drought constrains
soil water supply.''® Observational and modeling studies have shown that
compound dry-hot conditions can trigger disproportionately large reductions
in photosynthesis, elevate plant mortality risks, and disrupt post-disturbance
recovery processes.'"'® These impacts are not simply additive, instead, they
reflect nonlinear interactions between atmospheric demand, soil moisture

constraints, and plant physiological regulation.

Despite rapid advances in the study of compound climate extremes, a criti-
cal distinction within dry-hot events has received limited systematic atten-
tion, namely the contrast between compound meteorological dry-hot events
(CMDH), which are dominated by atmospheric dryness and heat, and
compound soil dry-hot events (CSDH), in which soil moisture deficits coin-
cide with high temperatures. Meteorological drought and soil drought are
often treated interchangeably in large-scale assessments, yet they represent
fundamentally different modes of water stress.'*”” Atmospheric dryness,
commonly characterized by elevated vapor pressure deficit (VPD), primarily
regulates stomatal conductance and short-term photosynthetic suppression,
whereas soil moisture deficits exert stronger control over root water uptake,
hydraulic integrity, and longer-term ecosystem memory.'"”"”> When coupled
with heat extremes, these two drought pathways may generate contrasting
patterns of productivity loss and recovery, with important implications for
ecosystem resilience.

Recent advances in the study of dry-hot extremes have expanded the
focus beyond productivity losses during events to include post-event vegeta-
tion recovery, recognizing recovery as an integral component of ecosystem
response to climate stress.”** Recovery dynamics are increasingly acknowl-
edged as a key factor shaping cumulative carbon impacts, legacy effects, and
ecosystem sensitivity to recurrent extremes.”® Within this growing body of
work, dry-hot extremes are commonly examined as an integrated stressor,
while the underlying pathways through which atmospheric and soil moisture
constraints influence recovery are not always explicitly differentiated. Some
studies emphasize the role of elevated vapor pressure deficit in prolonging
recovery under hot and dry conditions, particularly in water-limited ecosys-
tems, whereas others highlight soil moisture legacies as the dominant control
on post-drought carbon uptake.”””* Rather than being contradictory, these
perspectives point to complementary mechanisms and motivate a clearer
separation of atmospheric and soil drought pathways when assessing both
productivity loss and recovery under compound dry-hot extremes.

Addressing this question requires moving beyond comparisons between
compound and single extremes, toward a framework that explicitly contrasts
soil-driven and atmosphere-driven compound stress.””* Such a distinction is
especially relevant under ongoing climate change. Rising temperatures are
projected to increase VPD globally, even in regions where precipitation trends
remain uncertain, while soil moisture responses are shaped by slower hydro-
logical processes and land-surface feedbacks.”"** Understanding how these
pathways differentially affect vegetation productivity is essential for antici-
pating future carbon-climate feedbacks, particularly as ecosystems face
increasingly frequent sequences of extreme events with limited recovery
windows.

To address these unresolved questions, this study conducts a comprehen-
sive global assessment of vegetation productivity responses to CMDH and
CSDH events. By integrating multiple satellite-derived GPP products with
reanalysis-based climate variables and soil moisture observations, we
systematically quantify differences in GPP loss and recovery time between

2 The Innovation Geoscience 4(3): 100235, July 21, 2026

www.the-innovation.org/the-innovation-geoscience


mailto:wangsiqi@hubu.edu.cn
mailto:gongjy@whu.edu.cn
mailto:chennengcheng@cug.edu.cn
mailto:wangsiqi@hubu.edu.cn
mailto:gongjy@whu.edu.cn
mailto:chennengcheng@cug.edu.cn
https://doi.org/10.59717/j.xinn-geo.2026.100235
https://doi.org/10.59717/j.xinn-geo.2026.100235
https://doi.org/10.59717/j.xinn-geo.2026.100235
https://creativecommons.org/licenses/by/4.0/
https://www.the-innovation.org/the-innovation-geoscience
https://www.the-innovation.org/the-innovation-geoscience
https://www.the-innovation.org/the-innovation-geoscience
https://www.the-innovation.org/the-innovation-geoscience
https://www.the-innovation.org/the-innovation-geoscience
https://www.the-innovation.org/the-innovation-geoscience
https://www.the-innovation.org/the-innovation-geoscience

these two types of compound extremes across space, climate zones, vegeta-
tion types, and event intensities. We further examine how these differences
have evolved over recent decades and how they may change under future
warming scenarios using multiple Shared Socioeconomic Pathways. To
elucidate the underlying drivers, we combine structural equation modeling
with explainable machine learning approaches, enabling a process-oriented
interpretation of how atmospheric demand, soil water availability, and associ-
ated climatic factors jointly regulate ecosystem productivity under compound
stress. Through this framework, the study aims to clarify the distinct roles of
soil and atmospheric drought pathways in shaping ecosystem vulnerability
and resilience to compound dry-hot extremes in a warming world.

MATERIALS AND METHODS
Data

The primary dataset used in this study is a global daily GPP product simu-
lated by the Boreal Ecosystem Productivity Simulator (BEPS-GPP; 0.072727°)
for 1980-2019.% BEPS is a process-based terrestrial biosphere model that
integrates canopy photosynthesis, energy balance, hydrological processes,
and soil biogeochemistry to represent ecosystem carbon uptake. This
dataset was used to identify compound dry-hot events and quantify associ-
ated GPP loss and recovery.

To assess the robustness, four additional GPP products were analyzed.
The MODIS and FLUXNET-derived GPP product (MODIS-GPP; daily and 0.05°
from 2000-2020) provides global estimates based on machine-learning
upscaling of eddy covariance observations.” Three additional satellite-based
products were used at coarser temporal resolution, including GOSIF-GPP (8-
day, 0.05°, 2000-2020) derived from solar-induced fluorescence, VOD-GPP (8-
day, 0.25°, 1988-2020) based on vegetation optical depth, and NIRv-GPP
(monthly, 0.05°, 1982-2019) derived from near-infrared reflectance.™ " All
products were resampled to a common 1° resolution. BEPS-GPP and MODIS-
GPP were analyzed at daily scale, while the remaining products were aggre-
gated and used at monthly resolution.

Meteorological and hydrological variables, including precipitation, soil
moisture, temperature, radiation, and humidity, were derived from the ERA5-
Land reanalysis, with vapor pressure deficit (VPD) calculated accordingly.®
Future projections were obtained from ten CMIP6 models under four Shared
Socioeconomic Pathways (SSP1-2.6, SSP2-4.5, SSP3-7.0, SSP5-8.5) using
the multi-model ensemble mean. The information of applied CMIP6 models
is shown in Table S1. All variables were resampled to 1° resolution. To assess
the robustness of the projections, we quantified inter-model uncertainty using
a signal-to-noise ratio (SNR) based on the CMIP6 multi-model ensemble
(Text ST, Figure ST). Overall, SNR values are generally greater than 1 across
most regions, indicating that the projected signals are stronger than inter-
model spread.

To characterize heterogeneity, climate zones were defined using the
Koppen-Geiger climate classification.” Aridity levels were derived from a
global aridity index dataset, classifying regions into five categories from
extremely arid to humid. The locations of climate zones and dry-humid areas
can refer to Figure S2. Vegetation types were identified using the MODIS
MCD12Q1 land cover product, enabling stratified analysis of ecosystem
responses across major vegetation functional categories.

Identification of CMDH and CSDH events

Compound dry-hot events were classified into two categories based on
drought pathways, namely compound meteorological dry-hot events and
compound soil dry-hot events. CMDH events were defined using VPD, repre-
senting atmospheric water demand, whereas CSDH events were character-
ized by soil moisture deficits.

Following established frameworks for compound event identification,
drought and heat extremes were identified using percentile-based
thresholds.* Meteorological drought was defined as VPD exceeding the 85th
percentile, while corresponded to soil moisture below the 15th percentile.
Heat extremes were defined using a moving-window approach. For each
calendar day, the 85th percentile threshold was computed from all daily
maximum temperature (T,..) observations within a 15-day window (7 days)
centered on that day. A hot day was identified when T,,. exceeded its 85th
percentile threshold.”" All thresholds were derived from the 1980-1999 refer-
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ence period. A compound dry-hot event was recorded when drought and heat
extremes co-occurred on the same day. The duration of each event was
defined as the consecutive days of compound conditions. To avoid artificial
fragmentation of prolonged events interrupted by brief respites, events sepa-
rated by fewer than three days were merged unless interrupted by extreme
precipitation (daily precipitation > 95th percentile), which terminated the
drought phase.

We further classified compound dry-hot events into three severity cate-
gories based on combined drought and heat thresholds. Moderate events
were defined by VPD or soil moisture percentiles between the 15th (85th) and
10th (90th) percentiles combined with T,,,, percentiles between the 85th and
90th. Heavy events were defined by percentiles between the 10th (90th) and
5th (95th) combined with T,.. percentiles between the 90th and 95th, while
extreme events were defined by percentiles exceeding the 5th (95th) thresh-
old combined with T,,. percentiles exceeding the 95th.

Calculation of GPP loss and recovery time under CMDH and CSDH

To quantify ecosystem responses to compound events, GPP time series
were first detrended to remove long-term background changes. (Figure S3).
Daily anomaly (AGPP,,,) for day d in year y at grid cell i was then computed
relative to the climatological mean seasonal cycle:

AGPP,,, = GPP,, — GPP,, M

where GPP,, represents the climatological mean GPP for day d averaged.
Negative GPP anomalies were identified using a dynamic threshold as
—0.5 X Ogep,,, Where gy, denotes the standard deviation of GPP for day d at
grid cell i over the study period. Days with AGPP,,, < —0.5 x 0g, Were clas-
sified as experiencing vegetation anomalies, indicating productivity suppres-
sion exceeding half a standard deviation below the climatological expecta-
tion. Total GPP loss was calculated as the cumulative sum of daily anoma-
lies during the event.

Recovery time was defined as days required for GPP to return above the
threshold for at least five consecutive days.”” This criterion distinguished
recovery from transient rebounds that might be followed by renewed
suppression due to legacy effects or secondary stressors. Vegetation was
classified as still recovering if anomalies recurred within five days of the initial
return to normal conditions. We also conducted a sensitivity analysis by test-
ing additional recovery window thresholds of 3, 7, and 10 consecutive days,
and the results show that the global spatial patterns of both GPP loss and
recovery time remain highly consistent across different threshold settings
(Figure S4).

To isolate the influence of individual compound events, we applied quality
control filters to the recovery time estimates. First, we excluded events that
did not produce any detectable negative GPP anomalies following their
ending, as these reflected either absence of stress or mitigation mechanisms
rendering post-event recovery metrics inapplicable. Second, we removed
cases where vegetation exhibited anomalies that were not preceded by
compound dry-hot conditions, ensuring that observed suppression was
attributable to the focal event rather than unrelated disturbances. Third, we
excluded samples that experienced two or more compound dry-hot events
during the recovery period, as overlapping stressors would confound esti-
mates by introducing additional suppression or prolonging recovery through
cumulative legacy effects.

The resulting GPP loss and recovery time were then calculated separately
for CMDH and CSDH events at each grid cell. As an additional sensitivity test,
we calculated CMDH events using precipitation deficits instead of VPD as the
meteorological drought indicator. The resulting spatial patterns of GPP loss
and recovery time show high consistency with those derived from the VPD-
based definition, with high correlations for both GPP loss (PCC = 0.93, p <
0.07) and recovery time (PCC = 0.73, p < 0.07) (Figure S5).

Sensitivity analysis of GPP loss and recovery under CMDH and CSDH

To assess the robustness of our findings, we conducted sensitivity analy-
ses across multiple GPP products, climate regimes, vegetation types, event
intensities, and event categories.

We first evaluated consistency using four independent GPP datasets
(MODIS-GPP, VOD-GPP, GOSIF-GPP, and NIRv-GPP). Daily MODIS-GPP
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followed the same framework as BEPS-GPP, whereas the remaining datasets
were aggregated to a monthly scale. For these monthly datasets, thresholds
and event identification were adjusted accordingly, utilizing a one-month
temporal separation limit for event merging. Recovery time at this scale was
defined as the number of months required for GPP anomalies to remain
above the threshold for at least three consecutive months.

We further examined spatial heterogeneity across climate zones, aridity
gradients, and vegetation types to evaluate how the relative dominance of soil-
versus atmosphere-driven stress varies geographically. Here the aridity
gradient was defined using the aridity index (Al), including extremely arid (Al <
0.03), arid (0.03-0.20), semi-arid (0.20-0.50), semi-humid (0.50-0.65), and
humid (> 0.65) conditions. Vegetation types, derived from land cover classifi-
cations, were classified into needleleaf forests, broadleaf forests, mixed
forests, shrublands, savannas, grasslands, and croplands. To isolate the
compound effects of dry-hot extremes, GPP responses under CMDH and
CSDH were compared against those from isolated meteorological droughts,
soil droughts, and heatwaves. In addition, we also assessed sensitivity of
GPP responses to event intensity by classifying compound dry-hot events
into moderate, heavy, and extreme levels.

To further characterize the likelihood of GPP losses under varying
compound dry-hot conditions, we employed a multivariate copula frame-
work. We constructed trivariate copulas linking GPP loss, T,.., and VPD/soil
moisture at each grid cell. Marginal distributions for each variable were first
fitted using empirical cumulative distribution functions. The joint dependence
structure was then modeled using a Gaussian copula. Although alternative
copula families (e.g., Clayton, Gumbel, Frank, Student's t) can capture asym-
metric or tail-dependent relationships, the Gaussian copula provides a parsi-
monious and computationally efficient representation suitable for large-scale
spatial analysis.”** For each fitted copula, we computed conditional proba-
bilities of GPP loss exceeding specified percentile thresholds (i.e., 30th, 20th,
10th, and 5th percentiles, corresponding to increasingly severe productivity
reductions) given compound dry-hot conditions of varying intensity (i.e,
moderate, heavy, extreme) as follows (taking VPD as an example):

st\wu.rmx(GPP < QPD|VPD >vpd, T > tmax)
_ F(GPP < gpp,VPD > vpd, Ty > taw)
F(VPD > vpd, T\ > to) 2
_ Fvpd,gpp) — F(vpd, t...,9pP)
F(vpd) — F(vpd, t,...)

Differences in these conditional probabilities between CMDH and CSDH
quantified the extent to which soil moisture deficits, relative to atmospheric
dryness, elevate the risk of extreme productivity suppression under concur-
rent heat stress.

Attribution of GPP responses to CMDH and CSDH

To attribute the drivers of GPP responses under CMDH and CSDH, we
applied a combined structural equation modeling (SEM) and explainable
machine-learning framework. This was designed to quantify both direct and
indirect influences of key environmental variables on GPP loss. SEM were
constructed with event-scale GPP loss as the response variable and T,..,
VPD, precipitation (Precp), soil moisture (SSM), surface shortwave radiation
(SSRD), and atmospheric CO, concentration as explanatory variables. Prior to
analysis, all variables were aggregated at the event scale, standard-normal-
ized (z-score), and linearly detrended to isolate event-scale variability from
long-term background changes.”’ Separate models were fitted for CMDH and
CSDH events to compare pathway structures, with path coefficients esti-
mated via maximum likelihood methods.

To complement the SEM-based attribution and capture nonlinear relation-
ships among variables, Light Gradient Boosting Machine (LightGBM) models
were trained separately for CMDH and CSDH events using the same predic-
tors. Model training employed cross-validation to reduce overfitting and
ensure generalization. Following model optimization, Shapley Additive Expla-
nations (SHAP) were computed to quantify the contribution of each predictor
to GPP loss. SHAP values were calculated for all samples and aggregated to
derive global measures of variable importance. Potential multicollinearity
among predictors was further assessed (Table S2), and results indicate

generally low collinearity, suggesting limited influence on model performance
and SHAP-based interpretation.

RESULTS
Global patterns and differential impacts of CMDH and CSDH on GPP

From 1980 to 2020, both CMDH and CSDH events show widespread
increases in frequency across global land regions, with the strongest trends
in tropical and subtropical ecosystems and weaker or more heterogeneous
changes at higher latitudes (Figure S6). We then examine the global patterns
of vegetation responses to CMDH and CSDH events. The global distributions
reveal pronounced differences in vegetation sensitivity to CMDH and CSDH
(Figure 1). CMDH induces substantial GPP reductions across most vege-
tated regions (Figure 1A), with pronounced losses in mid-latitude semiarid
zones and monsoon-temperate transition regions. The latitudinal profile
shows a symmetric amplification of CMDH-induced GPP loss around 30-
50°N, where atmospheric dryness dominates plant stress. CSDH exhibits
broadly similar spatial patterns (Figure 1C) but leads to stronger GPP reduc-
tions. The probability density distributions confirm this shift, with a spatially
aggregated mean difference (CSDH minus CMDH) of -1.115 g-C:m™*day’
(Figure TE), indicating that soil moisture deficits impose a stronger constraint
on photosynthesis than atmospheric dryness. Recovery time shows a
complementary pattern. Under CMDH, GPP typically recovers within 6-14
days (Figure 1B), whereas CSDH prolongs recovery by an additional 1-10
days, particularly in water-limited regions (Figure 1D). The mean difference
reaches 2.238 days (Figure 1F), highlighting the role of soil moisture legacies
in delaying post-stress recovery. Together, these results suggest that atmo-
spheric dryness drives rapid physiological stress, while soil moisture deficits
enhance ecosystem memory and slow functional recovery.**

Long-term changes further reveal a widening divergence between the two
event types. Over the past four decades, the difference in GPP loss between
two event types shows a significant downward trend (slope = -0.003 g-C:m"
2dayyr!, p < 0.05; Figure 1G), suggesting an intensification of CSDH-
induced suppression relative to CMDH. Conversely, recovery time differences
increase over time (slope = 0.006 days-yr', p < 0.05; Figure 1H), indicating
growing persistence of soil moisture limitation. Bivariate response surfaces
show that GPP loss intensifies under high temperature combined with high
VPD or low soil moisture, with a steeper gradient along the soil moisture
dimension (Figures 11-J).

Building on the global patterns, regional aggregation across the IPCC-AR6
domains further underscores the systematic contrast between CMDH and
CSDH impacts. While CMDH generally induces moderate GPP loss and
recovery durations (Figures S7B-C), CSDH responses are consistently
stronger (Figures S7D-E), especially in dryland regions such as WCA, SAM,
and SSA. Although the magnitude varies geographically, the spatial coher-
ence of stronger CSDH effects highlights the pervasive influence of root-zone
water limitation across climatic gradients.”**" In addition, the temporal evolu-
tion of these responses reveals a clearer divergence in ecosystem patterns
under CMDH versus CSDH conditions. The CMDH-driven GPP loss
trend shows a slight mean decline of -0.0051 g-C:m?%day-yr' globally
(Figure S8A). In contrast, CSDH-driven losses exhibit a more negative mean
trend (-0.0239 g-C:m™2day™yr'; Figure S8C), indicating an accelerating
suppression of photosynthesis under compound soil drought and heat.
Recovery time exhibits similar patterns, with modest increases under CMDH
(mean = 0.0806 days-yr'; Figure S8B) but substantially stronger increases
under CSDH (mean = 0.1512 daysyr'; Figure S8D), demonstrating that
recovery from CSDH events is becoming slower and more persistent across
the globe. These divergent trends underscore the strengthening role of soil
moisture in regulating both the magnitude and persistence of ecosystem
responses to compound extremes.”’

Across multiple GPP observational and remote-sensing products, the
contrast between CMDH and CSDH appears with high consistency. MODIS-
GPP, NIRv-GPP, GOSIF-GPP, and VOD-GPP consistently show that large
regions fall within the regime where CSDH causes greater GPP loss and
longer recovery than CMDH (Figure 2), while the opposite pattern occupies a
much smaller area. Globally, such regions account for approximately one
third to one half of vegetated lands (51.6%, 39.4%, 38.0%, and 44.8% across
the four products). Despite methodological and sensor-related differences
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Figure 1. Distributions and differences of GPP loss and recovery time under CMDH and CSDH (A & B) and (C & D) show the distributions of GPP loss and recovery time under
CMDH and CSDH, respectively. The right line chart for each panel shows the latitudinal patterns of the GPP loss and recovery time with blue shading indicating the interquartile
range (25th-75th percentile). (E) and (F) exhibit the probability density distributions of differences in GPP loss and recovery time between CSDH and CMDH. The red dash line
represents the mean difference. (G) and (H) show the temporal variations of differences in GPP loss and recovery time between CSDH and CMDH. The red and blue dashed lines
represent the linear regression lines. (1) and (J) show the distributions of CMDH- and CSDH-induced GPP loss under different percentiles of VPD/soil moisture and maximum

temperature.

among the products, their agreement points to a robust signal that soil mois-
ture depletion alters the magnitude and persistence of ecosystem stress
during compound hot events.”” Temporal trends across all four GPP prod-
ucts further support this pattern. Differences in recovery time consistently
increase over recent decades, whereas differences in GPP loss show a down-
ward trend, indicating strengthening CSDH impacts. Although the GOSIF-GPP
trend is weaker and not statistically significant, its direction aligns with the
overall pattern. The detailed distributions of GPP loss and recovery time
under CMDH and CSDH for the four GPP products can refer to Figures S9-
S12. In general, the coherence across diverse data sources strengthens
confidence in the global-scale patterns documented above and underscores
the central role of soil moisture dynamics in shaping ecosystem responses to
compound hot extremes in a warming world.

Spatio-temporal heterogeneity in ecosystem responses to CMDH and
CSDH
Figure 3 presents the distributions of CMDH- and CSDH-induced GPP loss

and recovery time across five climate zones. Under CMDH, GPP losses are
largest in temperate, while polar zones exhibit weaker reductions (Figure 3A).
When soil moisture deficits co-occur with heat, GPP losses increase across
all climate zones, with the most pronounced amplification in temperate and
arid regions (Figure 3B). This amplification reflects the coupling of high evap-
orative demand with shallow soil water reserves in these regions.” Unlike
tropical systems where deep rooting and frequent rainfall replenish soil mois-
ture, temperate and arid ecosystems rely on limited water storage that
becomes critically depleted when atmospheric demand intensifies during
heat extremes, thereby shifting the primary constraint from atmospheric to
belowground processes.” In tropical systems, although losses deepen under
CSDH, their magnitude remains comparatively moderate, consistent with
generally higher baseline moisture availability.” Recovery time shows distinct
patterns across climate zones. Under CMDH, tropical and temperate ecosys-
tems recover rapidly, whereas polar and cold regions exhibit broader distribu-
tions and longer recovery tails (Figure 3C). CSDH shifts recovery distributions
toward longer durations across all zones, increasing both the mean and vari-
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Figure 2. Spatio-temporal heterogeneity in GPP responses to CMDH and CSDH across multiple GPP products (A-D) show the global distributions of CSDH-CMDH differences
in GPP loss and recovery time based on MODIS-GPP, NIRv-GPP, GOSIF-GPP, and VOD-GPP, respectively. Red regions indicate stronger and longer-lasting impacts under CSDH,
whereas blue regions indicate CMDH dominance. The pie charts summarize the global fractions of each response quadrant. The right panels show temporal variations in differ-
ences in GPP loss (red) and recovery time (blue), with solid lines representing multi-year means and shaded areas indicating interquartile ranges. Linear regression slopes are

also shown for each product.

ability (Figure 3D). In polar regions, recovery times are consistently long under
both CMDH and CSDH, reflecting strong constraints imposed by short grow-
ing seasons, low temperatures and delayed soil thaw, which limit the window
for physiological recovery even when meteorological conditions improve.

The temporal evolution of CMDH-CSDH differences shows that these
climate contrasts have intensified unevenly over the past four decades. For
all climate regions, the difference in GPP loss shows significantly downward
trend, indicating that CSDH-related productivity suppression has strength-
ened relative to CMDH persistently (Figures 3E-1). This trend suggests that
CSDH-related productivity suppression has strengthened relative to CMDH,
likely driven by progressive soil moisture depletion under warming-enhanced
evapotranspiration. Recovery time exhibits more differential patterns among
five climate zones. The difference in recovery time increases significantly in
tropical and temperate regions, but the gap is narrowing in cold and polar

regions (Figures 3H-J). In these high-latitude areas, while recovery from both
event types remains strongly constrained by low temperatures and short
growing seasons, recent warming has disproportionately alleviated tempera-
ture limitations on photosynthetic recovery. The extension of growing
seasons and earlier phenological onset have effectively reduced the recovery
time from CMDH events, which are primarily limited by atmospheric condi-
tions that normalize quickly post-event.” In contrast, CSDH recovery still
requires soil moisture recharge, a process governed by slower hydrological
cycles that warming cannot directly accelerate.”* The narrowing gap thus
reflects asymmetric warming benefits rather than equivalent recovery capac-
ity under both pathways. Across climate zones, these patterns show that the
dominance of CSDH over CMDH emerges most clearly where soil water
availability governs both the magnitude of productivity loss and the pace of
recovery.
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Figure 3. Distributions and long-term trends of CMDH- and CSDH-induced GPP loss and recovery time across five Képpen-Geiger climate zones (A) and (B) show the distri-
butions of mean GPP loss under CMDH and CSDH across five climate zone, respectively. (C) and (D) present probability density distributions of recovery time under CMDH and
CSDH, with dashed lines indicating mean values. (E-1) illustrate temporal trends in differences between CSDH and CMDH for GPP loss and recovery time across tropical, arid,
temperate, cold, and polar regions. Blue and red lines denote recovery time and GPP loss differences, respectively, with shaded areas indicating interannual variability. (J) shows

the global distribution of climate zones.

We further examine the differences along the aridity gradient. GPP losses
deepen from extremely arid to semi-humid regions under both CMDH and
CSDH, with mean losses increasing from less than -1 g-C:m™*day’ in
extremely arid zones to below -4 g-Cm?*day” in humid regions (Figures
S13A & C). Recovery times show an opposite spatial ordering. Under CSDH,
recovery exceeds 12 days in extremely arid regions and shortens toward
humid climates, where mean recovery remains below 9 days (Figures S13B &
D). This inverse relationship between loss magnitude and recovery duration
reveals contrasting limitation regimes across the aridity gradient. In humid
regions, abundant baseline productivity translates to larger absolute GPP
losses when stress occurs, yet rapid soil moisture recharge via regular
precipitation enables swift recovery. Conversely, arid ecosystems exhibit
smaller absolute losses due to inherently low productivity, but recovery is
protracted by infrequent rainfall and deep-water deficits that persist long after
atmospheric conditions normalize.®' This pattern underscores a fundamental
trade-off that ecosystems adapted to reliable moisture lose more during
stress but recover faster, while water-limited systems show modest immedi-
ate impacts yet prolonged legacy effects.” In general, the resulting hetero-

geneity reflects not only differences in exposure to compound extremes but
also contrasts in ecosystem water and energy constraints under ongoing
climate warming.

Following the climate-zone heterogeneity, ecosystem responses also
display pronounced differences across vegetation types. Under both CMDH
and CSDH, forests experience deeper GPP losses than shrublands and
grasslands, with mixed and needleleaf forests showing the most negative
mean values (Figures S14A-B). Under CSDH, losses intensify across all vege-
tation types, but the relative amplification is strongest in woody ecosystems.
Grasslands and croplands exhibit smaller absolute losses, although their
distributions broaden. Such pattern reveals increased spatial variability in
productivity responses when soil moisture deficits accompany heat stress,
likely reflecting heterogeneity in rooting depth, soil texture, and management
practices that modulate water access under compound stress. Recovery
dynamics further differentiate vegetation functional types. Under CMDH,
grasslands and croplands recover relatively rapidly, with mean recovery times
clustered around 6-8 days, whereas forested ecosystems show longer recov-
ery tails extending beyond 15 days (Figure S14C). CSDH shifts recovery
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Figure 4. Spatial patterns of probability differences in GPP loss between CSDH and CMDH across increasing compound dry-hot event severity Columns correspond to
moderate, heavy, and extreme compound dry-hot events, respectively. Rows show probability differences for GPP loss exceeding the 30th, 20th, 10th, and 5th percentile thresh-
olds. Positive values indicate higher probabilities under CSDH relative to CMDH, whereas negative values indicate CMDH dominance.

distributions toward longer durations for all vegetation types, increasing
mean recovery times by approximately 0.5-2 days depending on ecosystem
type (Figure S14D). This extension is most evident in needleleaf and mixed
forests, where recovery remains consistently slower than in non-woody
systems.

Beyond the average impacts, GPP responses also show strong sensitivity
to the severity of compound dry-hot events. As event intensity increases from
moderate to extreme, both CMDH and CSDH produce larger GPP losses and
longer recovery times, with spatial hotspots expanding across mid-latitude
and monsoon-temperate transition regions (Figure S15). Under CMDH,
moderate events mainly affect semiarid and continental interiors, whereas
heavy and extreme events generate widespread losses across Eurasia and
North America. CSDH exhibits similar spatial expansion but consistently
stronger magnitudes, particularly under heavy and extreme conditions,
accompanied by pronounced prolongation of recovery time across most
vegetated regions. The probabilistic analysis further reveals a transition in the
dominant pathway governing GPP loss as compound dry-hot events inten-
sify (Figure 4). Under moderate events, negative probability differences prevail
across large portions of the globe, indicating that CMDH more frequently
leads to mild GPP losses than CSDH. As event severity intensifies, areas with

positive probability differences expand. Under heavy events, CSDH shows
elevated probabilities for both moderate and severe GPP losses, while CMDH
dominates only in limited regions and primarily at lower loss levels. For
extreme compound dry-hot events, the probabilistic divergence becomes
most pronounced. CSDH increases the likelihood of large GPP losses
exceeding the 20th, 10th and especially the 5th percentile thresholds, with
coherent hotspots spanning mid-latitude Eurasia, central North America and
parts of South America. In contrast, CMDH-related probabilities remain
comparatively concentrated at lower loss levels. This distribution difference
may be explained that atmospheric dryness primarily regulates short-term
stomatal closure, limiting productivity but providing protection against catas-
trophic tissue damage.”*** Soil moisture deficits, however, can trigger
cascading hydraulic failure when severe, leading to canopy dieback and
prolonged suppression that generates extreme GPP losses.”” Such shift
toward higher loss under CSDH demonstrates that soil moisture deficits play
a more important role in governing the upper extremes of ecosystem carbon
loss. This progression from CMDH dominance under moderate conditions to
CSDH dominance under extreme conditions highlights a nonlinear transition
in ecosystem vulnerability. At lower stress levels, vegetation responses are
primarily controlled by atmospheric demand, whereas at higher intensities,
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Figure 5. Comparison between compound and individual extremes (A) and (B) show the spatial distributions of GPP loss and recovery time under meteorological drought only,
(C) and (D) show the corresponding patterns under soil moisture drought only, and (E) and (F) show those under heatwave only. (G) and (H) show the probability density distribu-

tions comparing individual extremes with CMDH and CSDH.

soil moisture deficit becomes the critical factor shaping the upper tail of the
loss distribution. This probabilistic perspective underscores that soil mois-
ture constraints increasingly dominate ecosystem vulnerability as compound
dry-hot events intensify, shaping both the frequency and severity of extreme
GPP reductions.

To disentangle the role of compound events on GPP, we further compare
vegetation responses under isolated meteorological drought, soil moisture
drought, and heatwave conditions. Individually, meteorological drought
produces moderate GPP reductions with relatively short recovery times, while
soil moisture drought and heatwave generate stronger losses and longer
recovery across most regions (Figures 5A-F). The probability density distri-
butions also highlight differences between isolated and compound extremes.
Isolated events cluster toward weaker GPP losses and shorter recovery,
whereas compound events shift both distributions toward heavier losses and
prolonged recovery (Figures 5G-H). CMDH intensifies GPP loss relative to
single heat or drought events, but CSDH exhibits the strongest shift in loss
distributions and the longest recovery tails, with mean recovery exceeding
10 days. These patterns demonstrate that the co-occurrence of heatwave
with soil moisture deficits significantly alters both the magnitude and persis-
tence of ecosystem stress, producing impacts that cannot be inferred from
isolated extremes alone.

Drivers and future changes in GPP loss and recovery under CMDH and
CSDH

Building on the contrasting GPP responses, we further investigate the
mechanistic pathways regulating GPP loss under CMDH and CSDH using

SEM and SHAP analyses (Figure 6). Under CMDH, GPP loss is dominated by
atmospheric demand-driven pathways. Maximum temperature (coefficient =
-0.193, p < 0.001) and VPD (-0.245, p < 0.001) exert strong direct constraints,
with temperature further amplifying VPD (0.681, p < 0.001). This pathway
reflects rapid, reversible stomatal regulation under high atmospheric demand,
explaining why productivity losses are acute but short-lived'. Incoming
shortwave radiation mainly acts upstream by amplifying both maximum
temperature (0.396, p < 0.001) and VPD (0.177, p < 0.001), whereas its direct
pathway to GPP loss remains relatively weak (-0.077,p < 0.001). Soil mois-
ture plays a secondary role in this pathway, contributing modestly to loss
amplification (0.167, p < 0.007) and largely reflecting concurrent precipitation
variability. Consistently, SHAP results indicate that temperature and VPD
(23.8% and 21.3%, respectively) together explain over half of the variance in
CMDH-induced GPP loss.

In contrast, CSDH exhibits a clear shift toward soil moisture control.
Although temperature remains influential (-0.218, p < 0.001), its effects
increasingly propagate through soil water depletion, as indicated by a strong
negative linkage between maximum temperature and soil moisture. Soil
moisture emerges as the dominant driver (0.283, p < 0.001), exceeding atmo-
spheric contributions, while the relative importance of VPD declines (-0.182, p
<0.007). Under CSDH, the constraint transitions from rapid, reversible stom-
atal closure to prolonged hydraulic stress. When soil moisture depletes below
critical thresholds, plants cannot maintain sufficient water potential gradi-
ents to support photosynthesis, even if atmospheric conditions improve.*
Unlike stomatal responses that reverse within hours to days, soil moisture
recovery requires hydrological recharge through precipitation events, creating
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Figure 6. Attribution of CMDH- and CSDH-induced GPP loss based on SEM and SHAP analyses (A) and (B) show SEM path diagrams for CMDH and CSDH, respectively, with
arrows indicating standardized path coefficients (red for negative effects and blue for positive effects). (C) and (D) present SHAP summary plots for CMDH and CSDH, showing
the relative contributions of ..., VPD, soil moisture (SSM), precipitation (Precp), surface shortwave radiation (SSRD), and CO, to GPP loss. Points are colored by feature value,

illustrating how variable states modulate their contributions to productivity suppression.

persistent ecosystem memory that extends far beyond the meteorological
duration of the compound event.***" Moreover, soil physical properties further
modulate this pathway. Regions dominated by sandy soils tend to experi-
ence amplified GPP loss and prolonged recovery due to their low water-hold-
ing capacity and rapid moisture depletion, whereas clay soils can partially
buffer short-term deficits and facilitate more stable post-event recovery
(Figure S16). These patterns are further supported by SHAP-based contribu-
tion, in which soil moisture emerges as a co-dominant contributor under
CSDH (22.6%). Precipitation assumes a more indirect role under CSDH
through its control on SSM (0.402, p < 0.001), highlighting the importance of
hydrological recharge in constraining loss severity once soil moisture
becomes the primary constraint. CO, shows a small but consistently positive
contribution in both pathways, suggesting partial buffering that remains
insufficient to counteract compound stress.

Future projections indicate a systematic intensification of these differ-
ences under climate change (Figure 7). Across SSP scenarios, both CMDH-
and CSDH-induced GPP losses increase from the near to far future, but

CSDH consistently produces larger losses and broader spatial variability. This
divergence reflects increasing heterogeneity in soil moisture sensitivity, with
ecosystems becoming more strongly regulated by regional hydrological
conditions rather than atmospheric forcing alone. This divergence is further
clarified by the temporal evolution of the CSDH-CMDH difference across SSP
scenarios (Figures 7E-F). For GPP loss, the differences show downward
trends in all scenarios, with the strongest negative slopes emerging under
SSP3-7.0 (slope = -0.0059 g:-C:m™?month™yr", p < 0.1) and SSP5-8.5 (slope=-
0.0295 g-C:mZmonth™yr", p < 0.05). The acceleration of CSDH dominance
under high-forcing scenarios reflects multiple reinforcing processes:
(1) enhanced evapotranspiration under warming depletes soil moisture faster,
(2) more frequent and intense heat extremes exhaust shallow soil water
reserves before precipitation can replenish them, and (3) shifts in precipita-
tion seasonality create longer dry periods between recharge events.”*** These
mechanisms progressively shift ecosystems from atmospheric- to soil-
limited regimes, amplifying the sensitivity to soil moisture deficits.

Under SSP2-4.5 and SSP5-8.5 scenarios, Spatially, regions where CSDH
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Figure 7. Projected changes in GPP loss and recovery under CMDH and CSDH across future climate scenarios (A-D) show distributions of GPP loss and recovery time under
near-, mid-, and far-future periods for CMDH and CSDH. (E) and (F) illustrate temporal evolutions of differences between CSDH and CMDH in GPP loss and recovery time, with
colored lines representing different SSP scenarios and shaded areas indicating interannual variability. (G-J) show spatial distributions of future differences in GPP loss and

recovery time under SSP2-4.5 and SSP5-8.5 scenarios.

dominates expand across mid- to high-latitude Eurasia, central North Amer-
ica, and parts of South America, consistent with projected drying and
increased evaporative demand. (Figures 7G-H). While the magnitude of the
trends varies among scenarios, their consistent direction suggests that
warming-induced soil moisture limitation increasingly amplifies productivity
losses beyond what can be explained by atmospheric demand with heat-
wave. In contrast, the difference in recovery time shows a prominent upward
trend across all SSPs, with the slopes achieving 0.0062 months-yr” (p < 0.05)

and 0.0099 months-yr' (p < 0.05) under SSP3-7.0 and SSP5-8.5 scenarios,
respectively. The spatial distributions of recovery time differences also exhibit
certain heterogeneity, with large portions of the Northern Hemisphere showing
prolonged recovery under CSDH, particularly under SSP585 (Figures 71-J).
This pattern suggests that future ecosystems will not only experience deeper
carbon losses during compound soil dry-hot events but will also require
longer periods to regain pre-event productivity levels. The supplementary
maps of GPP loss and recovery time under four SSPs (Figures S17-S18)
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provide additional context for these differences. Although both CMDH and
CSDH impacts intensify with increasing radiative forcing, CSDH shows a
more pronounced amplification in both loss severity and recovery duration,
particularly under SSP370 and SSP585. Regions already identified as CSDH-
sensitive in the historical period remain persistent hotspots in future projec-
tions, suggesting that background aridification and soil moisture memory
progressively shape ecosystem responses to compound heat stress.

DISCUSSION

The increasing concurrence of drought and heat is a defining feature of
contemporary climate extremes, yet ecosystem responses have largely been
interpreted  through atmospheric conditions alone. By distinguishing
compound meteorological dry-hot from compound soil dry-hot events, we
reveal a systematic divergence in both the magnitude and persistence of
productivity responses. Across regions, ecosystems, and scenarios, CSDH
consistently induces larger GPP losses and longer recovery times, highlighting
the growing dominance of subsurface water limitation under a warming
climate.

This divergence reflects distinct but interacting stress pathways. CMDH
imposes rapid atmospheric constraints via elevated temperature and VPD,
leading to immediate but transient suppression of photosynthesis.”” In
contrast, CSDH couples thermal stress with depleted soil moisture, extending
water limitation beyond the relaxation of atmospheric anomalies.'”*" This
results in amplified GPP reductions and prolonged recovery, indicating
stronger ecosystem memory under soil-coupled extremes, particularly in
water-limited environments.

Pronounced spatial heterogeneity further clarify the climatic controls of
these processes. In tropical and temperate regions, the recovery gap between
CSDH and CMDH has widened over recent decades, consistent with increas-
ing evaporative demand and reduced soil moisture recharge. High-productivity
ecosystems with shallow rooting systems in these regions are especially
sensitive to post-event water availability. By contrast, cold and polar regions
show a narrowing gap, likely due to warming-induced alleviation of thermal
constraints, increased snowmelt contributions, and a reduced role of atmo-
spheric drought.””"" In such regions, warming may partially offset soil mois-
ture deficits by alleviating thermal limitations, dampening the contrast
between meteorological and soil-coupled extremes.

Previous studies have emphasized compound drought—heat impacts
primarily from an atmospheric perspective, documenting substantial GPP
losses followed by relatively rapid recovery.”"® This body of work has been
essential in establishing the global prevalence of compound extremes and in
demonstrating their amplified effects on vegetation carbon uptake. Our
results reconcile these findings by showing that recovery dynamics critically
depend on soil moisture conditions. By distinguishing soil-coupled from
atmosphere-driven compound extremes, we find that similar atmospheric
anomalies can produce markedly different post-event patterns. Where soil
moisture deficits persist, recovery is delayed even after atmospheric condi-
tions normalize, and repeated events can accumulate legacy effects,
progressively strengthening hydrological constraints. From this perspective,
differences among previous studies regarding ecosystem resilience to
drought-heat extremes can be understood as reflecting variations in underlying
soil moisture states rather than inconsistencies in ecosystem response.

The mechanistic basis of this divergence is further supported by the
combined SEM and SHAP analyses. Under CMDH, GPP loss is predomi-
nantly mediated by temperature and VPD pathways, reflecting rapid atmo-
spheric control. Under CSDH, soil moisture emerges as the primary
constraint on productivity, exerting both direct suppression of carbon uptake
and indirect modulation of atmospheric stress sensitivity. This is consistent
with previous findings that recovery processes are strongly governed by
hydrological conditions and bioclimatic context, with soil moisture availability
playing a dominant role in determining both the magnitude and persistence
of vegetation responses.’®’" Quantitatively, stronger soil moisture-GPP link-
ages and enhanced indirect effects via precipitation and VPD highlight a reor-
ganization of control pathways under soil-coupled extremes. These mecha-
nisms explain why CSDH-related impacts are not only larger in magnitude
but also persist longer, even after atmospheric anomalies subside.

Several limitations in this study should also be acknowledged. Soil mois-

ture estimates are derived from model-assimilated datasets and may under-
represent deep soil and groundwater contributions, although sensitivity anal-
yses using root-zone and detrended soil moisture support the robustness of
our conclusions (Text S1- S2 & Figures S19-S20).” Second, the analysis
focuses on short- to medium-term productivity responses and does not
explicitly account for structural vegetation changes, such as mortality,
compositional shifts, or biome transitions, which may occur under repeated
or extreme compound events and further alter long-term carbon dynamics.”
Furthermore, a uniform temporal threshold was adopted to define ecosystem
recovery across all vegetation types in this study. While vegetation phenol-
ogy may influence recovery dynamics, defining optimal, vegetation-specific
thresholds at the global scale remains challenging due to strong interactions
among vegetation type, climate conditions, and event characteristics.

Despite these uncertainties, the results have clear implications for under-
standing ecosystem risk under climate change. As warming progresses,
compound dry-hot impacts on terrestrial productivity will increasingly be
mediated by soil moisture dynamics rather than atmospheric anomalies
alone. Incorporating soil-coupled extremes, recovery processes, and event
severity into assessments of ecosystem resilience provides a more realistic
basis for anticipating future changes in terrestrial carbon uptake and for
informing adaptation strategies under escalating climate extremes.
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