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Anthropogenically-driven escalating impact
of soil-based compounddry-hot extremes on
vegetation productivity

Yani Liang1,2, Jun Wang 1 , Zengchao Hao 3, Huanjiong Wang 1,
Huijuan Cui 1 & Quansheng Ge 1,2

Compound dry-hot extremes exert stronger environmental impacts than
individual dry or hot extremes. While evidence for increasing meteorological
compound dry-hot extremes (defined using surface air temperature and vapor
pressure deficit or precipitation) is growing, the impacts and evolving risks of
soil-based compound dry-hot extremes remain poorly understood. Using
homogenized soil temperature observations and observationally constrained
soil moisture dataset for China, we show that the adverse effects of soil-based
compound dry-hot extremes on vegetation productivity are more severe than
their meteorological counterparts. From 1980 to 2017, the frequency and
coverage area of soil-based compound dry-hot extremes in China increased by
3.0 days and 141.9× 104km2, respectively, with themost pronounced increases
occurring in northern China. These increases are primarily attributed to
anthropogenic soil warming. Under a fossil-fueled development scenario, the
mean frequency of such extremes is projected to increase by 13.3 days by the
end of the twenty-first century relative to the 1981–2010 baseline, potentially
reducing China’s terrestrial vegetation gross primary production by approxi-
mately 0.025 Pg C a−1. Our findings highlight an anthropogenic escalation of
soil-based compounddry-hot extremes and their growing threats to terrestrial
carbon sinks and food security.

Concurrent dry and hot conditions can severely impact ecosystems,
economies, and human societies by triggering a cascade of adverse
effects, including reduced streamflow, water shortages, heat stress,
crop failures, and wildfires1–6. For instance, persistent record-breaking
compound dry-hot extremes (CDHEs) struck southern China, Europe,
and thewestern United States in 2022, suppressing vegetation growth,
causing declines in crop yield, and inducing significant societal
consequences7–9. Most CDHEs occur in association with anomalous
anticyclonic circulations and descending air motions10. These atmo-
spheric circulation patterns reduce precipitation, enhance adiabatic
heating, decrease cloud cover, and increase solar radiation,

collectively creating conditions conducive to the formation of CDHEs.
In regions where soil moisture and temperature are strongly coupled,
dry soils can further exacerbate hot extremes by weakening evapora-
tive cooling11,12.

While changes in soil hydrothermal conditions are key drivers of
the development and intensification of CDHEs, most existing studies
have focused solely on meteorological or atmospheric CDHEs, which
are typically defined using surface 2-m air temperature paired with
precipitation or air humidity-related metrics (e.g., vapor pressure
deficit (VPD))5,13–16, primarily because meteorological datasets are far
more readily available than soil observational data. The construction,
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operation, and maintenance of global soil monitoring networks are
expensive and labor-intensive, leading to a scarcity of global-scale
observations for soil temperature and moisture17. While some global
databases (e.g., the FLUXNET2015 dataset18) provide high-quality
observations of soil temperature and moisture at selected sites, their
sparse and irregular spatiotemporal coverage limits their utility for
high-resolution, large-scale, and long-term CDHE monitoring18. To
address the limitations of in situ soil measurements, remote sensing
has emerged as a key alternative approach. However, microwave-
based soil parameter retrievals often suffer from spatial incomplete-
ness, with striping gaps arising from constraints related to satellite
scanning patterns, orbital paths, and retrieval algorithms19, which
compromise their reliability and broader applicability. The scarcity of
soil data, coupled with the long-standing prevalence of a canonical
meteorological perspective, has hindered research into soil-based
CDHEs, which are characterized by anomalous soil temperature and
moisture conditions. While some CDHE studies have incorporated soil
moisture or terrestrial water storage to characterize dry extremes20,21,
hot extremes in these works were still defined using surface 2-m air
temperature. A recent studyhighlighted the uniqueness of soil thermal
dynamics, finding that in Central Europe, soil hot extremes are inten-
sifying 0.7 °C per decade faster than air hot extremes and increasing
twice as rapidly in frequency22. Nevertheless, the evolving risks of soil-
based CDHEs and their underlying driving mechanisms remain
underexplored.

In terms of ecological impacts, soil moisture and temperature
regulate numerous biogeochemical processes in vegetation and soil
systems. For instance, it has been proposed that in most vegetated
areas, soil moisture plays a relatively more dominant role in dryness
stress on vegetation productivity compared to VPD23. Furthermore,
over the past four decades, vegetation leaf area index is increasingly
sensitive to soil moisture in many water-constrained and drying
regions24. Beyond moisture effects, plant physiological processes are
more closely linked to below-canopy soil temperature than to surface
2-m air temperature25. Notably, soil temperature acts as a dominant
driver of spring phenology variations in approximately half of China’s
forested areas26. Additionally, soil moisture and temperature jointly
modulate vegetation growth and productivity by regulating soil
microbial and enzymatic activities, as well as the availability of water
and nutrients to both plants and microbes27,28. Despite accumulating
evidence highlighting the higher sensitivity of terrestrial vegetation to
soil moisture and temperature (relative to atmospheric metrics), the
impacts of soil-based CDHEs on vegetation productivity under a
changing climate remain inadequately evaluated.

Here, we assess the impacts of soil-based CDHEs on terrestrial
vegetation productivity and compare these impacts with those of
meteorological CDHEs using newly homogenized soil temperature
observations for China, an observationally constrained soil moisture
dataset, and observation-based datasets of gross primary production
(GPP), solar-induced chlorophyll fluorescence (SIF), and net primary
production (NPP).We alsodevelop an analytical framework to conduct
quantitative attribution analyses of the observed changes in the fre-
quency and spatial coverage of soil-based CDHEs, with the aim of
isolating the individual contributions of anthropogenically-driven
changes in soil temperature and moisture. Furthermore, we investi-
gate future changes in soil-based CDHE risks across different land
cover types in China using a single model initial-condition large
ensemble. On this basis, we estimate the associated potential impacts
of these changes on China’s terrestrial vegetation productivity.

Results
More severe adverse impacts of soil-based CDHEs on vegetation
productivity
We first calculate composite GPP and SIF anomalies during soil-based
CDHEs in the warm season (from May to September) (Methods). Our

results show that GPP and SIF anomalies are negative across most
vegetated areas in China during soil-based CDHEs (Fig. 1a, b). The
spatial patterns of GPP and SIF responses to these events are highly
analogous, with a statistically significant spatial correlation coefficient
of 0.88 (p <0.01). Pronounced negative anomalies are observed across
large swaths of northern and southwestern China. In contrast, north-
ern Northeast China exhibits slightly positive GPP and SIF anomalies
during soil-based CDHEs (Fig. 1a, b). This may be because higher
temperatures in this cold and humid region can enhance vegetation
photosynthetic efficiency29. Given the strong correlation between GPP
and SIF anomalies, we further compute composite NPP anomalies
during warm-season soil-based CDHEs to better understand the
impact of soil-based CDHEs on vegetation productivity. The pattern of
NPP responses to soil-based CDHEs is consistent with those of GPP and
SIF (Supplementary Fig. 1), with nearly all vegetated areas exhibiting
negative NPP anomalies during such extremes. Collectively, these
results indicate that soil-based CDHEs exert adverse impacts on
vegetation productivity across most of China’s vegetated areas.

To compare vegetation productivity anomalies during soil-
based CDHEs with those under other soil hydrothermal condi-
tions, we categorize daily surface soil temperature and moisture
into 10 × 10 percentile bin combinations for each grid cell and
then compute their corresponding mean occurrence frequencies
across all grid cells with valid values (Methods). The mean
occurrence frequency exhibits a bimodal joint distribution of soil
temperature and moisture, with peaks under dry-hot and wet-
cold conditions (Fig. 1c). Among all combinations, the likelihood
of soil-based CDHE occurrence is the highest, with a likelihood
multiplication factor (LMF—a metric used to quantify the effect of
variable dependence on the likelihood of a compound event30) of
2.5. This result underscores the effect of soil moisture-
temperature coupling on the formation of soil-based CDHEs.

We then compute composite mean GPP and SIF anomalies for
each percentile bin combination of soil temperature and moisture
(Methods). Under relatively hot and wet soil conditions, GPP and SIF
anomalies are predominantly positive. As soil dryness increases,
however, these anomalies shift from positive to negative, becoming
markedly negative under dry-hot soil conditions (Fig. 1d, e). Notably,
the low-right bin (representing extreme soil dryness and heat) exhibits
the most negative GPP and SIF anomalies of −0.186 g Cm−2 d−1 and
−0.013mWm−2 nm−1 sr−1, respectively. This finding indicates that the
adverse effects of soil hydrothermal stress on vegetation productivity
are most pronounced during soil-based CDHEs.

Furthermore, we compare vegetation productivity anomalies
during meteorological CDHEs, which are identified based on surface
2-m air temperature and VPD (Methods). Onlyminor negative GPP and
SIF anomalies associated with meteorological CDHEs are observed in
northeastern China (Supplementary Fig. 2a, b), indicating that vege-
tation productivity responses to meteorological CDHEs are much
weaker than those to soil-based CDHEs. Surface 2-m air temperature
and VPD are strongly interrelated, as reflected by a LMF of 8.2 for
meteorological CDHEs (Supplementary Fig. 2c), which is significantly
higher than that for soil-based CDHEs (Fig. 1c). Notably, the most
negativeGPP andSIF anomalies are not associatedwithmeteorological
CDHEs (Supplementary Fig. 2d, e). Thus, compared with soil-based
CDHEs, the adverse impacts of meteorological CDHEs on vegetation
productivity are generally weaker (Fig. 1d, e vs. Supplementary
Fig. 2d, e).

To disentangle the relative roles of soil temperature andmoisture
in driving the divergent vegetation productivity responses to soil-
based andmeteorological CDHEs, we calculate composite GPP and SIF
anomalies during soil-air blended CDHEs, which are defined using soil
temperature and VPD. The spatial patterns of vegetation productivity
anomalies during soil-air blended CDHEs are similar to those during
soil-based CDHEs (Fig. 1a, b and Supplementary Fig. 3a, b). However,

Article https://doi.org/10.1038/s41467-026-68878-3

Nature Communications |         (2026) 17:2303 2

www.nature.com/naturecommunications


compared with soil-based CDHEs, themagnitudes of negative GPP and
SIF anomalies associated with soil-air blended CDHEs are much smal-
ler. Since the only difference between the definitions of soil-based
CDHEs and soil-air blended CDHEs lies in their dryness metrics (soil
moisture vs. VPD), this finding indicates that low soil water supplymay
impose higher dryness stress on vegetation productivity than high
atmospheric moisture demand. Furthermore, compared with
meteorological CDHEs, soil-air blended CDHEs correspond to slightly
larger magnitudes of negative GPP and SIF anomalies (Supplementary
Figs. 2d, e and 3d, e). This implies that soil hot extremes may exert
slightly greater heat stress on vegetation productivity than atmo-
spheric hot extremes.

Beyond VPD, we also define CDHEs based on the Standardized
Precipitation Evapotranspiration Index (SPEI)31, using a global multi-
timescale daily SPEI dataset (Methods). We first select two SPEI time-
scales (5 days and 30 days) to capture short-term water deficits
induced by meteorological droughts. For both 5-day and 30-day SPEI-
based CDHEs, the composite GPP and SIF anomalies are smaller than
those associated with soil-based CDHEs (Fig. 1a, b and Supplementary
Fig. 4). In contrast, when CDHEs are defined using SPEI with extended
timescales of 90 days and 180 days (typically representing soil or
agricultural droughts), the composite GPP and SIF anomalies are
comparable to those linked to soil-based CDHEs (Fig. 1a, b and Sup-
plementary Fig. 5). This aligns with previous findings that the 6-month
SPEI (consistent with the 180-day timescale used here) exhibits the
strongest correlation with soil moisture32,33. Taken together, our
results suggest that soil-based CDHEs generally exert more severe
adverse impacts on vegetation productivity than meteorological
CDHEs, primarily through soil dryness.

Rapid increase in soil-based CDHEs
From 1980 to 2017, the annual mean frequency and spatial coverage
area of soil-based CDHEs in China increased by 3.0 (1.5–4.5) days and
141.9 (19.2–264.7) × 104 km2, respectively. More substantial increases
are observed in northern China, the Central Plains, and parts of
southwestern China (e.g., eastern Tibetan Plateau) (Fig. 2). The rapid
increase in soil-based CDHEs in northern China and eastern Tibetan
Plateau is closely linked to strong soil warming in these regions (Sup-
plementary Fig. 6a). Beyond soil warming, the increased CDHE fre-
quency in northern Northeast China and the Central Plains is also
associated with a long-term decline in soil moisture (Supplementary
Fig. 6b). In contrast, the decreased frequency of soil-based CDHEs in
parts of southern China appears to stem from a moderate soil wetting
trend, coupled with little long-term change in soil temperature (Sup-
plementary Fig. 6).

The geographic patterns of trends in soil temperature and surface
2-m air temperature are highly similar, with a statistically significant
spatial correlation coefficient of 0.59 (p <0.01; Supplementary
Figs. 6a and 7a). The regionally heterogeneous trends in soil moisture
can be partially explained by spatial variations in warm-season pre-
cipitation trends (Supplementary Figs. 6b and 7b), as indicated by a
spatial correlation coefficient of 0.31 (p < 0.01) between the two
variables.

Although changes in soil temperature and moisture are well
aligned with changes in the frequency of soil-based CDHEs, the
root causes of regional inhomogeneity in soil-based CDHE fre-
quency trends lie in the changes of large-scale atmospheric cir-
culations and soil moisture-temperature coupling. From 1980 to
2017, the warm-season mean eddy geopotential increased

Fig. 1 | Responses of gross primary production and solar-induced fluorescence
to soil-based compound dry-hot extremes (CDHEs). Composite anomalies of
gross primaryproduction (a; GPP expressed as carbonhereafter) and solar-induced
fluorescence (b; SIF) during soil-based CDHEs in China. c Mean probability of
occurrence of each percentile bin combination of surface soil temperature (x-axis)
and soil moisture (y-axis) across all valid grid cells in China. Mean composite

anomalies of GPP (d) and SIF (e) for each percentile bin combination of soil tem-
perature (x-axis) and soil moisture (y-axis) across all valid grid cells in China. The
red box denotes the grid-mean composite anomaly during soil-based CDHEs (soil
temperature higher than the 90th percentile and soil moisture lower than the 10th
percentile).
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significantly over northern China and Mongolia, leading to a
substantial growth of anticyclonic circulation conditions (Fig. 3a).
Anomalous anticyclonic circulations promote increased adiabatic
heating and incoming solar radiation, which readily warm both
surface soils and the near-surface atmosphere. Furthermore,
northern and northeastern China exhibit an increasing trend in
soil moisture-temperature coupling strength (Methods; Fig. 3b).
In these wet-to-dry transitional regions, hotter soil and air tem-
peratures can rapidly deplete surface soil water, increasing
soil evaporation and atmospheric water demand34,35. In turn,
drier soil conditions can further warm surface soils by
enhancing land sensible heat flux and reducing soil heat
capacity36,37. Notably, in hotspot regions where soil-based
CDHE frequency is increasing rapidly (Fig. 2a), the amplified
soil moisture-temperature coupling coincides with a more pro-
nounced increase in anticyclonic activity (Fig. 3a, b). For north-
ern China specifically, the annual frequency of soil-based

CDHEs is strongly correlated with eddy geopotential and soil
moisture-temperature coupling strength, with statistically
significant temporal correlation coefficients of 0.52 and 0.64
(p < 0.01), respectively (Fig. 3c). In contrast, southern China
has experienced shifts toward cyclonic circulation at 500 hPa,
alongside little change in soil moisture-temperature coupling
strength (Fig. 3a, b). These circulation changes favor ascending
air motions and increased precipitation, which in turn drive
soil wetting trends. Increased soil moisture can weaken
soil warming by boosting evaporative cooling. These combined
changes are the direct drivers of the observed decline in
soil-based CDHE frequency in southern China (Fig. 2a). Collec-
tively, these correlation analysis results indicate that changes in
large-scale atmospheric circulations and soil moisture-
temperature coupling may jointly contribute to the observed
regional heterogeneity in soil-based CDHE frequency trends in
China (Fig. 3d).

Fig. 2 | Rapid increase in soil-based compound dry-hot extremes (CDHEs).
a Spatial pattern of linear trends in the annual frequency of soil-based CDHEs in
Chinaover 1980–2017 (dots denote statistically significant trendsbasedon the two-
sided Mann–Kendall trend test, p <0.01). b Time series of the regional area-
weightedmean frequencyof soil-basedCDHEs over 1980–2017. cTime series of the
spatial coverage area of soil-based CDHEs in China over 1980–2017. A grid cell is

defined as part of the affected area if it experiences at least three soil-based CDHE
days during a given warm season. The blue line represents the linear regression
slope, with blue shading indicating its 95% confidence interval. The linear regres-
sion slope (b), its 95% confidence interval (values in parenthesis), and p-value (p)
are shown.

Article https://doi.org/10.1038/s41467-026-68878-3

Nature Communications |         (2026) 17:2303 4

www.nature.com/naturecommunications


Anthropogenic soil warming drives the surge in soil-
based CDHEs
Very few climatemodels participating in the Detection and Attribution
Model Intercomparison Project38 contributed to the sixth phase of the
Coupled Model Intercomparison Project (CMIP6)39 provide both daily
soil temperature and moisture data. As a result, the observed changes
in soil-based CDHEs cannot be directly attributed to anthropogenic or
natural forcings. Furthermore, estimates of soil-basedCDHE frequency
and coverage area derived from a limited number of model realiza-
tions are highly uncertain at the regional scale, primarily due to strong
internal climate variability and substantial sampling uncertainty14,40. To
address these challenges, we develop an analytical framework to
attribute anthropogenic influences on the observed increase in soil-
based CDHEs by focusing on disentangling the individual contribu-
tions of anthropogenically-driven changes in soil temperature and
moisture (Methods).

We calculate multi-model ensemble (MME) mean anomalies of
soil temperature andmoisture simulated by the experiments driven by
all historical external forcings (ALL) and natural forcing only (NAT)
(Supplementary Fig. 8a). Our results show that ALL-forced simulations
can well reproduce the observed warm-season soil temperature
changes in China, although the observed soil warming trend is slightly
stronger than the ALL-forced MME mean trend (0.49 vs. 0.34 °C per

decade). Since most internal climate variability is averaged out in the
MMEmean, the residual difference in soil temperature trends between
observations and ALL-forced simulations can be partly attributed to
internal climate variability-related atmospheric circulation changes,
such as the increasing anticyclonic conditions over northern China
(Fig. 3a). In contrast, NAT-forced simulations fail to reproduce the
observed soil warming trend (Supplementary Fig. 8a).

Notably, the magnitudes and spatial patterns of soil temperature
trend differences between ALL- and NAT-forced simulations are highly
consistent with the observed soil warming trends (Supplementary
Figs. 6a and 8c), as evidenced by a significant spatial correlation
coefficient of 0.73 (p <0.01). This implies that anthropogenic forcings
—dominated by anthropogenic greenhouse gases and aerosols—play a
dominant role in driving the observed soil warming inChina. However,
ALL-forced simulations fail to reproduce the observed soil moisture
changes (Supplementary Fig. 8b). The ALL-forced MME mean soil
moisture trend is nearly zero, substantially weaker than the observed
trend (Supplementary Fig. 8b). This discrepancy arises because
anthropogenic forcings induce positive soilmoisture trends in central-
eastern and northern China but negative trends across large swaths of
southwestern China (Supplementary Fig. 8d). These opposing trends
offset each other, resulting in a near-zero regional mean soil moisture
trend. In other words, anthropogenic forcings contribute little to the

Fig. 3 | Dependence of frequency trend pattern on physical drivers. a Spatial
patterns of linear trends in warm-season (from May to September) mean 500-hPa
eddy geopotential (Z500; shading) and winds (vector) over 1980–2017. The blue
rectangle encompasses the northern part of China and its surrounding regions
(90°E–125°E; 40°N–50°N), where the increasing frequency trend of soil-based
compound dry-hot extremes (CDHEs) is the most pronounced. b Spatial distribu-
tion of linear trends in warm-season soil moisture-temperature coupling strength
over 1980–2017. Dots in (a, b) denote statistically significant trends based on the
two-sided Mann–Kendall trend test (p <0.01). c Time series of warm-season soil-
based CDHE frequency (gray dots), mean Z500 anomaly (red line), and mean soil

moisture-temperature coupling strength (π; blue line) averaged over the northern
part of China from 1980 to 2017. Pearson’s correlation coefficients (corr) between
soil-based CDHE frequency and Z500 anomaly/π, along with their p-values (p), are
shown. d Joint impacts of changes in atmospheric dynamics and soil moisture-
temperature coupling on soil-basedCDHE frequency trendpatterns. Trends in 500-
hPa eddy geopotential (x-axis) and soil moisture-temperature coupling strengths
(y-axis) are binned into the intervals of 2m2 s−2 decade−1 and 0.025 decade−1,
respectively. The color of each grid indicates the composite frequency trend
averaged over the grid cells where Z500 and π trends fall into the correspond-
ing bins.
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observed regional mean soil moisture trend in China but exert a cer-
tain influence on local soil moisture trends.

We remove anthropogenically-driven spatiotemporal changes in
soil temperature and moisture from the observational data and then
recalculate the frequency and spatial coverage area of soil-based
CDHEs in China (Methods). With anthropogenically-forced signals
eliminated, the recalculated changes in soil-based CDHEs are
dominated by natural climate variability. Natural variability-induced

soil-based CDHE frequency and coverage area exhibit a declining
trend from the 1980s to the mid-1990s, followed by an increase
from the mid-1990s to the late 2000s, and another decline after
2010 (Fig. 4a, b). These variations are likely linked to the Atlantic
Multidecadal Oscillation41. Over the past four decades, natural
climate variability may have increased the frequency and coverage
area of soil-based CDHEs in China by 1.1 days and 89.3 × 104 km2,
respectively.

Fig. 4 | Critical role of anthropogenic soil warming in the surge of soil-based
compound dry-hot extremes (CDHEs). a Observed regional mean annual fre-
quency of soil-based CDHEs over 1980–2017 in China with anthropogenically-
induced changes in soil temperature and moisture removed. b Same as (a), but for
the annual coverage area of soil-based CDHEs. A grid cell is defined as part of the
affected area if it experiences at least three soil-based CDHE days during a given
warm season. c Regional mean annual frequency of soil-based CDHEs over
1980–2017 in China driven by anthropogenically-induced changes in soil tem-
perature (red line), anthropogenically-induced changes in soil moisture (blue line),
and nonlinear interactions between them (purple line), respectively. d Same as (c),
but for the annual coverage area of soil-based CDHEs. The dashed line represents

smoothed variations derived from LOESS local regression with a default span of
0.75. The linear regression slope (b), its 95% confidence interval (values in par-
enthesis), and p-value (p) are shown. The statistical trend analyses are conducted
using the two-sided Mann–Kendall trend test. Since the effects of anthropogenic
soil temperature and moisture changes on soil-based CDHE changes are repre-
sented by the estimated differences between different datasets (adjusted vs.
unadjusted datasets), some times series of CDHE frequency and coverage area
contain negative values. Nevertheless, our analysis focuses on long-term trends.
Note that linear trends are computed using the non-parametric Theil–Sen trend
estimation method, and thus the sums of these four components differ slightly
from the trends shown in Fig. 2b, c.

Article https://doi.org/10.1038/s41467-026-68878-3

Nature Communications |         (2026) 17:2303 6

www.nature.com/naturecommunications


We then recalculate the frequency and coverage area of soil-based
CDHEs using observational data, with only anthropogenically-driven
changes in either soil moisture or temperature eliminated (Methods).
The differences between these time series and the natural variability-
induced evolutions of soil-based CDHEs represent the variations that
canbeonly attributed to anthropogenic changes in soil temperature or
moisture (Methods). Our results show that over the past four decades,

anthropogenic soil warming has increased the frequency and coverage
area of soil-based CDHEs in China by 5.1 days and 195.3 × 104km2,
respectively (Fig. 4c, d). In contrast, anthropogenic changes in soil
moisture have reduced soil-based CDHE frequency and coverage area
by 0.6 days and 69.9 × 104km2 (Fig. 4c, d). Notably, anthropogenic
changes in soil temperature and moisture exhibit opposite trends in
central-eastern and northern China (Supplementary Fig. 8c, d).

Fig. 5 | Future changes in the frequency of soil-based compound dry-hot
extremes (CDHEs) across six major land cover types and their implications for
China’s terrestrial vegetation productivity. Area-weighted mean time series of
observed, simulated, and projected frequency anomalies (relative to the 1981–2010
historical baseline) of soil-based CDHEs in China under SSP1-2.6 (a), SSP2-4.5 (b),
and SSP5-8.5 (c). Black dots represent observational data points. Solid line denotes
the ensemble median of simulated and projected frequency anomalies, with dark
and light shadings indicating the interquartile range (IQR) and the 5–95% range of
ensemble members, respectively, reflecting the scope of internal climate varia-
bility. Projected area-weighted mean frequency changes (relative to 1981–2010) of
soil-basedCDHEsby the endof the twenty-first century (2071–2100) under SSP1-2.6
(d), SSP2-4.5 (e), and SSP5-8.5 (f) for sixmajor land cover types in China. The upper

panel shows absolute frequency changes, and the lower panel displays percentage
changes in frequency (relative to 1981–2010). Gray bar represents the ensemble
median, with the black whiskers indicating the 5–95% range of ensemblemembers.
The corresponding data points are overlayed. g Estimated changes in total vege-
tation gross primary production anomalies associated with soil-based CDHEs in
China under SSP1-2.6 (blue), SSP2-4.5 (orange), and SSP5-8.5 (purple). These
empirical projections assume that the magnitudes and pattern of vegetation gross
primary production responses to soil-based CDHEs (as shown in Fig. 1a) remain
unchanged in the future. White line denotes the ensemble median, with colored
box and black whiskers indicating the IQR and the 5–95% range of ensemble
members. The corresponding data points are overlayed. The number of ensemble
members is n = 50.
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Consequently, the nonlinear interaction between these factors has
further decreased soil-based CDHE frequency and coverage area by
2.5 days and 59.7 × 104 km2 (Fig. 4c, d). Collectively, these findings
indicate that the observed increases in soil-based CDHE frequency and
coverage area in China are predominantly driven by anthropogenic
soil warming.

Growing impacts of soil-based CDHEs on vegetation
productivity
To project the future risk of soil-based CDHEs in China, we use a single
model initial-condition large ensemble (50 members) to minimize the
influence of internal climate variability on simulated responses of
these compound extremes to external forcings (Methods). Externally
forced soil-based CDHEs in China exhibit a steadily increasing trend in
frequency at a rate of approximately 0.6 days per decade from 1980 to
2017 (Fig. 5a–c), which is consistentwith observational results (Fig. 2b).
Under the Shared Socio-economic Pathway 1-2.6 (SSP1-2.6) emission
scenario42, the regionalmean frequency of externally forced soil-based
CDHEs in China is projected to rise by the mid-twenty-first century,
followed by a slight decline through the end of the twenty-first century
(i.e., 2071–2100) (Fig. 5a). Under SSP2-4.5, the frequency of externally
forced soil-basedCDHEswill continue to increase until the 2080s, after
which itwill stabilize by the endof the twenty-first century (Fig. 5b). For
the scenario characterized by uncurbed carbon emissions and heavy
fossil fuel reliance (SSP5-8.5), soil-based CDHE frequency in China is
projected to increase steadily and rapidly through the twenty-first
century (Fig. 5c). Relative to the 1981–2010 baseline, the mean fre-
quency of soil-based CDHEs in China is projected to increase by 4.1
(5–95% range: 2.6–5.8), 7.7 (5.6–10.4), and 13.3 (11.7–15.7) days by the
end of the twenty-first century under SSP1-2.6, SSP2-4.5, and SSP5-8.5,
respectively.

Spatially, a more substantial increase in externally forced soil-
based CDHEs is projected for Central China under SSP1-2.6 (Supple-
mentary Fig. 9a). Under SSP2-4.5 and SSP5-8.5, soil-based CDHE fre-
quency is projected to increase markedly in Central and southern
China (Supplementary Fig. 9b, c). Large swaths of northeastern and
northwestern China may also experience a greater increase in soil-
basedCDHEsunder SSP5-8.5. Given thatmost of China’s croplands and
forests are distributed in central, southern, and northeastern regions
(Supplementary Fig. 10), croplands, forests, and shrubs are projected
to face a substantially heightened risk of soil-based CDHEs (Fig. 5d–f).
The projected frequency changes for barren lands and grasslands are
roughly half of those for forests and shrubs. Besides, impervious sur-
faces are projected to exhibit considerable percentage changes in soil-
based CDHE frequency under SSP1-2.6 and SSP2-4.5 (Fig. 5d, e).

These changes in soil-based CDHE frequency would amplify the
impact of such extremes on vegetation productivity. Assuming the
magnitude and spatial pattern of GPP responses to soil-based CDHEs
(as shown in Fig. 1a) remain unchanged in the future, nationwide total
GPP anomalies associatedwith soil-basedCDHEsunder SSP5-8.5would
deteriorate from −0.009 PgC a−1 over 1981–2010 to −0.025 PgC a−1

over 2071–2100 (Fig. 5g). This deterioration is notably more pro-
nounced than that under low-to-median emission scenarios (SSP1-2.6
and SSP2-4.5; Fig. 5g). Under SSP1-2.6, with relatively moderate
increases in soil-based CDHEs and a frequency trajectory that peaks
and then declines (Fig. 5a), the magnitudes of end-of-century GPP
anomalies related to soil-based CDHEsmay be slightly lower thanmid-
century levels (Fig. 5g). These findings underscore that urgent efforts
to achieve net-zero carbon emissions can deliver substantial ecological
co-benefits.

Discussion
Our results reveal that the adverse effects of soil-based CDHEs on
vegetation productivity in China are generally more pronounced than
those ofmeteorological CDHEs. Over the past four decades, soil-based

CDHEs have become increasingly frequent at both local and regional
scales in China, particularly in northern China. This surge is primarily
driven by anthropogenic soil warming. Relative to the 1981–2010
baseline, soil-based CDHEs in China are projected to increase by 13.3
days by the end of the twenty-first century under a high-end emission
scenario. Such an increase may reduce China’s terrestrial vegetation
GPP by approximately 0.025 PgC a−1. These findings suggest that the
traditional assessments of the impacts of CDHEs on the terrestrial
carbon sinks based on meteorological metrics may overlook and
potentially underestimate the escalating ecological risks posed by soil-
based CDHEs.

Soil-basedCDHEsmayalso have broader implications, serving as a
link between vegetation and soil ecosystems. Given these potential
implications, more efforts are warranted to quantify the impacts of
soil-based CDHEs on other environmental dimensions, including soil
microbial and enzymatic activities43, biodiversity44, soil carbon sinks45,
and soil-bornepathogens46. Furthermore, ourfindings lay a foundation
for further understanding of the relationships between soil-based
CDHEs, weather systems, and land-atmosphere interactions. This, in
turn, could enhance the predictive skill of early warning systems47 and
help mitigate the damages and losses caused by soil-based CDHEs.

Our work underscores the importance of accounting for the soil-
plant-atmosphere continuumwhen studying compound extremes in a
changing climate. While we have revealed the impacts of soil-based
CDHEs on vegetation productivity, the effects of terrestrial vegetation
dynamics (e.g., greening) on soil-based CDHEs remain unclear and
warrant further investigation. Additionally, surface soil temperature
and moisture are closely interconnected with root-zone soil tem-
perature and moisture via thermal and hydraulic conduction. Because
surface soil moisture data are more constrained by station- and
satellite-based observations than root-zone soil moisture data, our
analysis focuses on surface-layer soil-based CDHEs. However, vegeta-
tion productivity may be more sensitive to changes in root-zone soil
moisture and temperature, which requires further exploration.

We attribute the rapid increase in soil-based CDHEs pre-
dominantly to anthropogenically-driven large-scale soil warming.
However, local factors, such as urbanization and other land cover
changes, may also influence soil-based CDHEs by altering the land-
surface energy budget and soil water content. For example, studies
have shown that while anthropogenic large-scale warming primarily
leads to the increased frequency and duration of CDHEs across U.S.
cities, urbandevelopment exacerbates this effect48. Further research is
therefore needed to fully understand the drivers and impacts of soil-
based CDHEs. Regarding model simulations, most soil moisture data
derived from CMIP6 models (including MPI-GE-CMIP6) reasonably
reproduce the spatiotemporal patterns of observations49. Compared
to cold zones, models provide more accurate estimates of soil moist-
ure in temperate and tropical zones49. Additionally, models better
represent surface soil temperature than subsurface soil temperature.
However, there is substantial inter-model spread in simulations of
surface soil temperature in cold regions and during coldmonths (from
January to April and from October to December)50. This underscores
theurgent need to explorehow snow, ice, and freeze-thawregulate the
thermal states of the soils, as well as to collect more soil temperature
observational data to improve model performance. Nevertheless,
these limitations primarily affect soil temperature simulations during
cold seasons, which have a relatively minor impact on warm-season
soil-based CDHEs. For future projections, our assumption that vege-
tation does not undergo physiological acclimation to repeated soil-
based CDHEs, along with the usages of static vegetation distribu-
tions and historical productivity responses, may overestimate future
vegetation productivity sensitivity to soil-based CDHEs. On the other
hand, as soil-based CDHEs generally becomemore intense in a warmer
and drier future, the assumption of an invariant magnitude of GPP
responses to soil-based CDHEs may result in an underestimation of
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their impacts, as more intense events could trigger more severe phy-
siological stress in vegetation than current observations suggest.
Additionally, the omission of human interventions (e.g., agricultural
activities, forest management, grazing) may introduce additional
uncertainties into impact assessments, attribution analyses, and future
projections. For instance, the GLEAM soilmoisture dataset used in this
study does not account for irrigation, which may lead to an under-
estimation of soil moisture levels in irrigated croplands. This could
limit the accuracy of our results in intensively irrigated regions. Future
work should integrate irrigation-related data and explicitly account for
land-use practices to refine the assessments of soil moisture dynamics
and vegetation responses to soil-based CDHEs.

Methods
Soil and climate datasets
We use a homogenized, gridded observational dataset of daily soil
temperature51 covering the mainland of China from 1980 to 2017, with
a horizontal resolution of 0.25°. This dataset was developed using raw
daily soil temperature records from more than 2400 meteorological
stations. Because the number of stations with valid data varies
annually, a threshold-based missing-value criterion was applied to
retain usable stations: (1) monthly data for a station are deemed
missing if over nine days aremissing in thatmonth; (2) annual data are
consideredmissing if there aremore than three consecutivemonths of
missing data. After excluding stations with more than 50% missing
annual data, 2360 stations remained51. Raw soil temperature data
contain non-climatic biases, which fall into two categories51. The first
category comprises temporally concentrated biases induced by the
transition from manual to automatic observation instruments at
197 stations innorthernChina in 2004. Because discrepancies between
manual and automatic instruments aremost pronounced under snowy
conditions, these biases were most prominent during the cold season
(October–April) in regions north of 40°N. To address this issue,
regression equations relating surface soil temperature to high-quality
surface air temperature were constructed for each month and each
station during the pre-2004 period51. The derived regression coeffi-
cients were then used to reconstruct surface soil temperature data
for the post-2004 period51. The relationship between surface soil
temperature and surface air temperature can be modulated by
other factors (e.g., precipitation frequency, solar radiation,
vegetation). Consequently, using a single linear relationship between
these two variables to correct the first category of non-climatic
biases may introduce uncertainties. Nevertheless, these non-climatic
biases primarily affect soil temperature data during cold months,
which have only a minor impact on the identification of warm-season
soil hot extremes. The second category consists of temporally
scattered non-climatic biases arising from station relocations and
changes in recording procedures. These were detected and fully cor-
rected using the Multiple Analysis of Series for Homogenization
method51,52.

We employdaily soilmoisturedata derived from the latest version
of the Global Land Evaporation Amsterdam Model (GLEAM4)53, which
covers the period 1980–2017 at a spatial resolution of0.1°. This dataset
was generated using algorithms that simulate key land surface and soil
physical processes, forced by a combination of satellite-derived and
reanalysis-based input data. Specifically, GLEAM4 utilizes a multi-layer
running water balance model driven by precipitation observations53.
To correct for potential biases between modeled and observed soil
moisture states, microwave-derived soil moisture observations in the
topsoil layer are well assimilated. Our analysis focuses on surface-layer
soil temperature and moisture, defined here as the top 10 cm of the
soil profile.

Additionally, we use a high-resolution, gridded climate observa-
tion dataset (CN05.1)54, which provides daily-scale relative humidity,
surface air temperature, and precipitation at a spatial resolution of

0.25° for the mainland of China over the period 1980–2017. This
dataset was developed using quality-controlled meteorological
records frommore than 2400meteorological stations and a thin-plate
smoothing spline interpolation technique. Based on the method in
ref. 55, we calculate daily vapor pressure deficit (VPD) using the daily
mean temperature and relative humidity data in CN05.1. Additionally,
we use a global multi-timescale (5, 30, 90, and 180 days) daily Stan-
dardized Precipitation Evapotranspiration Index dataset56, with a spa-
tial resolution of 0.25° from 1982 to 2021. This dataset was developed
based on the precipitation data from the fifth-generation ECMWF
atmospheric reanalysis of the global climate and the potential eva-
poration from Singer’s dataset. To facilitate computations, all datasets
are remapped to a common 0.5° × 0.5° grid using local grid averaging,
and grids containing missing values are masked out. Although local
grid averaging is not a strictly conservative remapping technique, it is
computationally efficient and yields gridded values of adequate
accuracy.

Gross primary production, solar-induced chlorophyll fluores-
cence, and net primary production datasets
We use a gridded dataset of global daily estimates of gross primary
production (GPP), with a spatial resolution of 0.05°. This dataset is
hosted by the Oak Ridge National Laboratory Distributed Active
Archive Center for Biogeochemical Dynamics57. It was generated based
on GPP observations from FLUXNET—a global network encompassing
over 500 eddy covariance tower sites. Specifically, to upscale the
FLUXNET-recorded GPP values to a global scale, neural networks were
constructed using the Moderate Resolution Imaging Spectro-
radiometer (MODIS) MCD43C4v006 Nadir Bidirectional Reflectance
Distribution Function (BRDF)-Adjusted Reflectance product.

Additionally, we use a satellite-retrieved global dataset of solar-
induced chlorophyll fluorescence (SIF) under clear-sky conditions58 to
investigate the response of vegetation photosynthetic activity to soil
temperature and moisture anomalies. This dataset was created by
constructing a neural network, with inputs including surface reflec-
tance from the MODIS and SIF observations from the Orbiting Carbon
Observatory-2 (OCO-2). It has a spatial resolution of 0.05° and a tem-
poral resolution of 4 days. To align with the temporal resolutions of
soil datasets, the 4-day SIF time series is interpolated to a daily scale
using a cubic spline interpolation algorithm.Wechoose to useGPP and
SIF to analyze the impacts of soil-based CDHEs on vegetation pro-
ductivity for two key reasons: first, both GPP and SIF datasets are
observationally constrained, thereby ensuring relatively high accuracy;
second, the consistent patterns of vegetation productivity responses
to soil-based CDHEs derived from these two distinct datasets enhance
the robustness of our findings.

We also utilize the land carbon flux dataset generated by the Más
Informada Carnegie-Ames-Stanford-Approach (MiCASA) model59,
which provides global daily net primary production (NPP) data at a
horizontal resolution of 0.1°.Within theMiCASAmodel, NPP is defined
as the product of four core components: photosynthetically active
solar radiation (PAR), the fractional absorption of PAR by the vegeta-
tion canopy (fPAR), a light utilization efficiency parameter, and vari-
ables representingmoisture and temperature constraints. Themodel’s
input data include incident solar radiation, surface air temperature,
precipitation, which were sourced from NASA Modern-Era Retro-
spective analysis for Research and Applications, Version 2, a soil type
map, and several MODIS-based datasets, including land cover classi-
fication (MCD12Q1), burned area (MCD64A1), and Nadir BRDF-
Adjusted Reflectance (MCD43A4).

TheGPP, SIF, andNPP data are remapped to a common0.5° × 0.5°
grid using local grid averaging. We analyze the impacts of soil-based
CDHEs on vegetation productivity over the period 2001–2017. This
timeframe is the common overlapping period of the GPP, SIF, NPP, soil
temperature and moisture datasets.
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Geopotential, wind, and surface flux data
To identify the drivers of the non-uniform spatial pattern of frequency
changes in soil-based CDHEs, we use monthly 500-hPa geopotential,
zonal wind, and meridional wind data derived from the fifth-
generation ECMWF atmospheric reanalysis of the global climate60.
To estimate the strength of soil moisture-temperature coupling, we
use daily actual evaporation (E), potential evaporation (Ep), and sen-
sible heat flux (H) data from the GLEAM4 dataset53. All the data are
remapped to a common 0.5° × 0.5° grid using local grid averaging.

Land cover dataset
To project the area-weighted mean frequency changes of soil-based
CDHEs for individual land cover types in China, we use a satellite-
derived dataset of China’s annual land cover distributions (CLCD)61

with a spatial resolution of 30 meters. The CLCD was generated by
compiling training samples from pre-existing China’s land-use/land-
cover datasets and constructing a random forest classifier that incor-
porates 36 input features, including spectral bands, spectral indices,
phenological metrics, topographic variables, and geographical loca-
tion coordinates. Based on validation using over 5000 visually inter-
preted samples, the dataset achieves an overall accuracy of 79.3%,
outperforming other pre-existing annual land cover datasets for
China61. The CLCD classifies land surfaces into nine types: croplands,
forests, shrubs, grasslands, water bodies, snow and ice, barren lands,
impervious surfaces, and wetlands.

Model simulations
To quantify the contributions of anthropogenic changes in soil tem-
perature andmoisture to the observed increase in soil-based CDHEs, we
use outputs from 9 CMIP6 climate models (Supplementary Table 1).
These models provide monthly surface-layer soil moisture and total soil
temperature fromhistorical simulations driven by two forcing scenarios:
ALL (incorporating both anthropogenic and natural forcings) and NAT
(including only solar activities and volcanic aerosols)38,39.

Since historical ALL-forced simulations end in 2014, we extend
these simulations using future projections under SSP5-8.5 to cover the
period 1980–2017. In contrast, NAT-forced simulations extend
through 2020, requiring no additional extension. Within the CMIP6
framework, simulated surface-layer soil moisture is defined as water
within the upper 10 cm of soil, consistent with soil moisture definition
in the GLEAM4 dataset. Soil temperature, however, is modeled across
multiple vertical layers, with layer boundaries and thicknesses varying
across different CMIP6models. To derive simulated surface 10-cm soil
temperature (matching the vertical scope of observational soil tem-
perature data), we interpolate the layered data to the 2.5-cm and 7.5-
cm depths using vertical linear interpolation, and compute the arith-
metic mean of these two depth-specific temperatures to represent the
surface-layer soil temperature.

Additionally, we use initial-condition large-ensemble simulations
from the Max Planck Institute Grand Ensemble with CMIP6 forcing
(MPI-GE-CMIP6), produced by the MPI-ESM1.2-LR model62, to project
future changes in the frequencyof soil-basedCDHEs inChina. TheMPI-
GE-CMIP6 consists of 50 ensemble members, each initialized with
slightly different initial conditions. Their evolutionary trajectories
differ solely due to chaotic internal variability in the climate system.
Given that the temporal sequence of internal variability in each
ensemblemember is randomly phased, the ensemblemean ormedian
across all 50 members can effectively isolate and represent the
externally forced changes. We select MPI-GE-CMIP6 because it is the
only large-ensembledataset inCMIP6 thatprovides daily-scale surface-
layer soil moisture and total soil temperature data in historical ALL-
forced simulations and future climate projections under SSP1-2.6,
SSP2-4.5, and SSP5-8.5. All model outputs are regridded to the same
standard 0.5° × 0.5° grid adopted in previous analyses using linear
interpolation.

Soil-based CDHE identification
A soil-based CDHE is identified when daily surface soil temperature
exceeds its historical 90th percentile and daily surface soil moisture
falls below its historical 10th percentile corresponding to the specific
calendar day during warm seasons (from May to September). These
historical percentiles are determined by sorting 15-day samples
(including the target day itself, and 7 days prior to and subsequent to
it) across the historical period (1981–2010), resulting in a total of
450 days (30 years × 15 days). For a given calendar day d, the 90th and
10th percentile thresholds are computed from the data collections
DCST and DCSM, which are defined as:

DCST =U
2010
y= 1981U

d + 7
i =d�7STi, y ð1Þ

DCSM =U2010
y= 1981U

d + 7
i=d�7SMi, y ð2Þ

where ST and SM denote soil temperature andmoisture, respectively. i
and y represent day and year, respectively.

Soil-based CDHEs can thus occur on any warm-season day. Our
focus on warm season ismotivated by the fact that vegetation exhibits
higher productivity during this period, rendering it more susceptible
to soil dryness and heat stress. Notably, the percentile-based event
identification method also accounts for seasonal and intra-seasonal
variability in the acclimation capability of vegetation to excessive soil
dryness and heat. This is critical because vegetation’s tolerance to such
extremes may shift across the warm season (e.g., due to phenological
stages like flowering or grain filling), and the 15-day window-based
percentile calculation inherently captures these temporal shifts in
vegetation’s adaptive capacity.

Responses of GPP, SIF, and NPP to soil-based CDHEs
Elevated atmospheric CO2 concentrations can stimulate photosynth-
esis (i.e., the CO2 fertilization effect), driving long-term increasing
trends in GPP, SIF, and NPP across many regions, including China.
These CO2-driven trends may complicate or distort the assessment of
vegetation responses to soil-based CDHEs. Thus, the impacts of CO2

fertilization on vegetation productivity and photosynthetic activity
must be removed prior to analysis. For each grid cell g and specific
calendardayd, weperform linear regressions of daily rawGPP, SIF, and
NPP time series individually against the monthly mean CO2 con-
centrations provided by the Mauna Loa Observatory, Hawaii ([CO2])

63,
for the month m that contains the target calendar day d. We then
remove the signal associated with the long-term atmospheric CO2

trend from the raw time series. Taking GPP as an example:

ðbd, g ,ad, g Þ= regðGPPd, y, g, ½CO2�m, yÞ ð3Þ

Signal CO2d, y, g =bd, g × ð½CO2�m, y � ½CO2�m, 1Þ ð4Þ

GPPd, y, g
0 =GPPd, y, g � Signal CO2d, y, g ð5Þ

where b and a represent the slope and intercept of the linear regres-
sion, respectively; “reg” denotes the linear regression function; y
represents the year; Signal_CO2 refers to the signal associated with the
long-term atmospheric CO2 concentration trend; and GPP′ represents
GPP with the influence of long-term CO₂ concentration changes
removed.

Then, we calculate the daily anomalies of GPP, SIF, and NPP by
subtracting the climatological seasonal cycle from the daily series with
CO2 signal removed. For each valid grid cell, we compute the mean
anomalies of GPP, NPP, and SIF for each percentile bin combination of
soil temperature and moisture, and obtain the composite mean for all
grid cells with valid values. In particular, to quantify the
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potential impacts of soil-based CDHEs on vegetation productivity, we
calculate grid-compositemean anomalies ofGPP, SIF, andNPP for days
when soil-based CDHEs occurred.

Soil moisture-temperature coupling
To determine the role of soil moisture-temperature coupling in shap-
ing the spatial pattern of soil-based CDHE frequency changes, we cal-
culate the daily coupling metric πi proposed by ref. 12 as follows:

πi =
STi � ST

σST
×

Hi � H
σH

� Hp, i � Hp

σHp

 !
ð6Þ

where STi, Hi and Hp, i denote daily surface soil temperature, sensible
heatflux, andpotential sensible heatflux. ST,H, andHp represent their
climatological means for the specific calendar day, and σST, σH , and
σHp

denote their corresponding standard deviations.
Potential sensible heat flux is not directly available in the GLEAM4

dataset, so we estimate it using E, Ep, and H:

Hp =H � λðEp � EÞ ð7Þ

where λ is the latent heat of vaporization (here taken as 2.5 × 106J kg−1).
A positive π value indicates that a large portion of daily surface

soil temperature variability can be related to the difference between
actual sensible heat flux and potential sensible heat flux, which is pri-
marily governed by surface soil moisture. In other words, a higher
positive π value generally signifies stronger coupling between soil
moisture and temperature.

Individual contributions of anthropogenic changes in soil tem-
perature and moisture
Very few CMIP6 climate models provide daily-scale surface soil tem-
perature and moisture data from historical simulations driven by ALL
and NAT forcings. This data limitation hinders the direct attribution of
anthropogenic forcings (including anthropogenic greenhouse gas
emissions, aerosols, and large-scale land-use changes) to the observed
frequency changes of soil-based CDHEs. To address this constraint, we
develop an indirect attribution framework to quantify anthropogenic
influences on soil-based CDHE frequency changes. Specifically, we first
calculate grid-level multi-model ensemble mean differences in
monthly soil temperature and moisture between historical ALL- and
NAT-forced simulations (4STm, y, g and 4SMm, y, g). Given the baseline
differences between ALL- and NAT-forced simulations, we further
compute anthropogenically-induced changes in soil temperature (soil
moisture) as the differences between 4STm, y, g (4SMm, y, g) and its
respective value in the first year of the study period. These
anthropogenically-induced changes are then subtracted from the
observed daily soil temperature and moisture time series as follows:

STd,m, y, g
0 =STd,m, y, g � ð4STm, y, g �4STm, 1, g Þ ð8Þ

SMd,m, y, g
0 =SMd,m, y, g � ð4SMm, y, g �4SMm, 1,g Þ ð9Þ

where ST and SMdenote surface soil temperature andmoisture, and d,
m, y, and g represent calendar day, month, year, and grid cell. Δ indi-
cates the multi-model ensemble mean ALL-minus-NAT differences in
soil temperature and moisture.

Based on this, we first estimate trends in the frequency and spatial
coverage of soil-based CDHEs in China (b0) using daily soil tempera-
ture andmoisture datawith anthropogenic signals removed (STd,m, y, g

0

and SMd.m.y.g′). A grid cell is defined as part of the affected area (cov-
erage) if it experiences at least three soil-based CDHE days during a
single warm season. These estimated changes are considered to be
largely driven by natural climate variability. Next, we recalculate the

trends (bST) using unadjusted soil temperature data (STd,m, y, g) paired
with adjusted soil moisture data (SMd,m, y, g

0). The difference between
bST and b0 is thus regarded as the influence of anthropogenic soil
temperature changes on trends in soil-based CDHE frequency and
coverage area. Similarly, we estimate trends (bSM) using adjusted soil
temperature data (STd,m, y, g

0) paired with unadjusted soil moisture
data (SMd,m, y, g). The difference between bSM and b0 represents the
effects of anthropogenic soil moisture changes on the observed
trends. Finally, we calculate the trends in frequency and coverage area
(b) using the unadjusted, original daily soil temperature and moisture
observation data. Trends induced by nonlinear interactions between
anthropogenic soil temperature and moisture changes (bnl) are esti-
mated as:

bnl = b� bST � bSM +b0 ð10Þ

Projection of soil-based CDHE frequency changes
We use large-ensemble simulations and projections from the MPI-GE-
CMIP6 to estimate future changes in the frequency of soil-based
CDHEs inChina. Soil-based CDHEs are identified for eachday, grid cell,
and ensemblemember using the samemethodology as adopted in the
observational analysis. We calculate the area-weighted mean fre-
quency of soil-based CDHEs, and estimate the frequency changes
relative to the 1981–2010 baseline for each ensemble member and
each emission scenario (SSP1-2.6, SSP2-4.5, and SSP5-8.5). This allows
us to derive the ensemble median frequency changes of soil-based
CDHEs under different emission scenarios.

We further project area-weighted mean changes in soil-based
CDHE frequency for each major land cover type. Using the 2018 CLCD
data, we first calculate the areal fraction of each of the ninemajor land
covers within each grid cell (LCFg, k), defined as the number of pixels
belonging to a specific land cover divided by the total number of pixels
in that grid cell. Note that 2018 CLCD data is used to approximate
future land cover spatial distribution, which may differ from current
conditions. We then estimate the regional mean frequency of soil-
based CDHEs for each land cover type (Fk, y) as:

Fk, y =

Pn
g = 1 LCFg, k ×Areag × Fg, yPn

g = 1 LCFg, k ×Areag
ð11Þ

where Area denotes the geographic area of grid cell g. k and y repre-
sent land cover type and calendar year, respectively. Fg, y is the soil-
based CDHE frequency for grid cell g in year y.

Given that water bodies have no surface soils (thus no soil-based
CDHEs), warm-season CDHEs barely affect snow and ice, and wetlands
occupy a small total area in China, we focus our land cover-specific
projections on six major types: croplands, forests, shrubs, grasslands,
barren lands, and impervious surfaces. For these types, we estimate
soil-based CDHE frequency changes (relative to the 1981–2010 base-
line) by the end of the twenty-first century (2071–2100) under each
emission scenario.

To link future soil-based CDHEs to vegetation productivity
impacts,we first derive future soil-basedCDHE frequency for each grid
cell, year, ensemble member, and emission scenario (f g, y,mem, sce) by
adding the projected frequency changes to the observed climatolo-
gical mean CDHE frequency over 1981–2010. Assuming that the mag-
nitude and spatial pattern of GPP response to soil-basedCDHEs remain
unchanged in the future (a common simplification in impact projec-
tions when future acclimation mechanisms are not explicitly mod-
eled), we calculate total GPP anomalies associated with soil-based
CDHEs as the product of future soil-based CDHE frequency and the
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composite mean GPP anomaly during the days with soil-based CDHEs:

GPPfanog, y,mem, sce = f g, y,mem, sce ×GPPanocomp ð12Þ

where GPPfano denotes future GPP anomalies, and g, y, mem, and sce
represent the specific grid cell, year, ensemble member, and emission
scenario, respectively. f indicates the frequency of soil-based CDHEs,
and GPPanocomp denotes the composite mean GPP anomaly during
soil-based CDHEs (Fig. 1a).

Statistical methods
We use the non-parametric Theil–Sen trend estimation method64 to
calculate linear trends. This method is robust to outliers and non-
normal distributions. The non-parametric two-sided Mann–Kendall
trend test65,66 is applied to assess the statistical significance of all
derived trends. The 95% confidence intervals of the trends are esti-
mated based on the Theil test67.

Reporting summary
Further information on research design is available in the Nature
Portfolio Reporting Summary linked to this article.

Data availability
All data supporting the findings are publicly available. The gridded
daily soil temperature data are available at https://www.scidb.cn/en/
detail?dataSetId=765528002485288960&version=V3. The GLEAM4
dataset (soil moisture, surface sensible and latent heat fluxes) is from
https://www.gleam.eu/. TheGPP, SIF, andNPPdata canbedownloaded
from https://daac.ornl.gov/VEGETATION/guides/FluxSat_GPP_FPAR.
html, https://doi.org/10.6084/m9.figshare.6387494, and https://
acdisc.gsfc.nasa.gov/data/CMS/MICASA_FLUX_D.1, respectively. The
CN05.1 data can be secured through https://ccrc.iap.ac.cn/resource/
detail?id=228. The global daily SPEI dataset is available at https://doi.
org/10.5281/zenodo.8060268. The ERA5 reanalysis data is available at
https://www.ecmwf.int/en/forecasts/dataset/ecmwf-reanalysis-v5. The
land-use/land-cover dataset is available at https://zenodo.org/records/
4417810. The model simulation data can be downloaded from https://
pcmdi.llnl.gov/CMIP6/. The raw data to reproduce the figures of the
paper are available at https://doi.org/10.6084/m9.figshare.2841542068.

Code availability
The codes supporting this study are available at https://doi.org/10.
6084/m9.figshare.2841542068.
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