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Abstract:

Atmospheric droughts (high vapor-pressure deficit, VPD), soil droughts (low soil moisture, SM), and their
compound occurrence (compound droughts, CDs) impose varying stress on terrestrial vegetation, yet their
relative global impacts on productivity remain poorly quantified. Here, we assessed losses of gross
primary productivity (GPP) during growing seasons from 1982 to 2018 under high VPD alone, low SM
alone, and CDs. CDs caused the greatest GPP reductions (—8.94 g C m™2 per event), nearly four times the
losses from high VPD (—2.24 g C m™?) or low SM (—2.20 g C m2) events. Broadleaf forests were most
affected by CDs and high VPD, while needleleaf forests were more sensitive to low SM. Meteorological
factors, particularly temperature and precipitation, were key drivers of the three types of droughts
contributing to GPP losses. GPP reductions from high VPD were broadly associated with temperature,
while drivers under low SM varied spatially. Vegetation recovery after CDs was slower than after high
VPD or low SM events in over 60% of regions, and it was more difficult to fully achieve. Our findings
clarify how atmospheric and soil droughts jointly limit productivity, providing insight for improved

assessments of vegetation carbon uptake under changing climate conditions.



Introduction

Terrestrial ecosystems are crucial global carbon sinks, partially offsetting current carbon dioxide (COz)
emissions to the atmosphere caused by human burning of fossil fuels !. Vegetation, a key component of
land ecosystems, interacts closely with soil and the atmosphere, notably affecting the carbon balance and
the water cycle, and it can feed back on climatic conditions 27. Plants absorb CO: during photosynthesis
and convert it into organic matter °, a process quantified as gross primary productivity (GPP). Drought, a
major type of natural disaster, strongly affects GPP at regional and global levels. Water stress during
drought inhibits vegetation growth by altering plant structure and physiology, slowing photosynthesis and

reducing GPP 7. Climate change has increased the frequency and intensity of droughts worldwide 5!,

adversely affecting terrestrial GPP through changes in hydrological and climatic conditions 2.
Observational evidence indicates that global vapor-pressure deficit (VPD) has increased and soil moisture
(SM) has declined over recent decades '*!'%. The need to understand the impact of drought on GPP is

therefore urgent, because this knowledge is essential for formulating relevant policies to reduce the risk

of drought and maintain the stability of the carbon cycle in terrestrial ecosystems '°.

Atmospheric and soil droughts are the primary stressors that limit water use and carbon uptake in
terrestrial ecosystems '“!%!7. Atmospheric drought, characterized by a high VPD, not only exacerbates
water deficits on the terrestrial surface from evaporation and vegetation transpiration, but more
importantly also triggers plants to close their stomata to reduce CO: uptake, thereby limiting

photosynthesis 41819

. Soil drought, characterized by a low level of SM, directly limits plant
photosynthesis by restricting water uptake by roots 2>2!. The interaction between high VPD and low SM
frequently leads to a compound drought (CD), where the two conditions coexist 2. Low SM and high
VPD often coincide globally, because insufficient SM decreases evapotranspiration and increases sensible
heat flux, leading to a warmer, drier atmosphere with elevated VPD, which in turn increases evaporative
water losses, further reducing SM 2%-232% These two types of positive feedback loop between SM and VPD
may pose a strong threat to vegetation growth, the effects of which require evaluation. Such feedbacks

are likely to strengthen further under global warming, which also requires quantification. However, a key

initial starting point is to use available data in a manner that enhances understanding of the contemporary



climatic state.

Many previous studies have analyzed the impact of a single type of drought on vegetation, focusing
primarily on either atmospheric (e.g., high VPD) or soil (e.g., low SM) conditions > . Meteorological
factors above ground and SM below ground, however, influence vegetation growth in different ways and
to varying degrees *°. It is therefore essential to clearly distinguish the processes and mechanisms through
which they affect vegetation. The relative roles of VPD and SM in the carbon—water cycle in affecting
vegetation are attracting increasing attention, and some initial studies have begun to investigate impacts
of compound forcing during extreme events *'. Recent studies have found that global vegetation has
become more sensitive to SM variability over the last three decades, as climatic conditions change *2. The
dominant role of SM in determining drought stress on vegetation, however, is not universal 2!. The
efficiency of ecosystem production in humid biomes is constrained more by high VPD than by low SM
17 This finding highlights the spatial heterogeneity of ecosystem productivity in response to soil moisture
conditions and atmospheric water vapor demand conditions. Another challenge is that the coupling
between vegetation and compound droughts has intensified, particularly in regions with limited water or
energy resources >>*, Therefore, the impacts of compound SM and VPD droughts on vegetation are more
complex and cause larger losses than the impacts of single-cause droughts (i.e., droughts associated with
either low SM or high VPD alone) **%*. This finding is particularly concerning because the intensity and
frequency of such CDs, and the associated GPP losses, have been increasing in recent decades >3
Furthermore, meteorological factors such as radiation, temperature, and precipitation are key drivers of
vegetation—CD coupling, each exerting complex direct and indirect effects **. CDs, however, typically
occur under extreme climatic conditions, raising the question of whether they are indeed more destructive
to vegetation than are the more commonly occurring single-cause droughts. The responses of vegetation
to drought also vary with local climate and vegetation type. Previous studies have examined single
drought types, but a comprehensive assessment of the comparative impacts of compound vs. single
droughts on GPP at a global scale is lacking. Accurately quantifying GPP losses from compound,
atmospheric, and soil droughts—and comparing their relative impacts at the global scale—is therefore

essential for understanding the vulnerability of ecosystems in a changing climate.



We compared GPP during 19822018 under atmospheric droughts alone (here termed “high VPD”), soil
droughts alone (here termed “low SM”), and CDs with GPP under normal climatic conditions; we
quantified vegetation losses in global terrestrial ecosystems due to these three types of droughts during
vegetation growing seasons (April-September in the Northern Hemisphere and October—March in the
Southern Hemisphere). We used geographic detectors and partial correlation analyses to determine how
climate, the characteristics of drought, and soil nutrients contributed to GPP losses during droughts.
Finally, we also quantified the time needed by vegetation to recover following compound and single-cause
droughts. Our study posed three questions: (1) What are the global spatial distributions of vegetation
losses from CDs and from high VPD and low SM? (2) What are the primary drivers of vegetation damage

following these droughts? (3) How much time is needed for GPP to recover to normal after these droughts?

Results

Characteristics of droughts

Overall, low SM tended to last longer than both CDs and high VPD, persisting for about 2—3 months per
year compared with 1-1.2 months per year for CDs and high VPD (Fig. 1a—c, 1j). Single-cause droughts
were more frequent than CDs but were generally less intense. Droughts with high VPD and low SM
occurred at an average frequency of above 0.8 times per year, whereas CDs occurred 0.2-0.4 times per
year, equivalent to once every 2-3 years (Fig. 1d—f, 1k). CD intensity typically exceeded 0.8 in most
regions, and high-VPD intensity averaged around or below 0.8. Low-SM intensity was generally <0.5,

with only limited regions such as the Amazon Basin and central Africa having slightly higher intensities

(Fig. 1g-).

The duration and frequency of CDs, high VPD, and low SM all tended to increase (Fig. 1j, k). Specifically,
the frequency of high VPD increased markedly, by an average of 0.013 events per year. In comparison,
the frequencies of CDs and low SM increased by an average of 0.0035 and 0.0037 events per year,
respectively (Fig. 1k). The intensities of the three types of droughts were generally unstable and fluctuated

over the study period (Fig. 11).
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Fig. 1 Spatial and temporal patterns of drought characteristics during the growing season for 1982—2018. a—i
Average duration, annual count, and average intensity. j—1 Temporal trends of these characteristics for the three drought
types during the study period, analyzed using an average 5-year sliding window. The x-axis marks the starting year of

each window.

GPP losses under the influence of droughts

GPP losses (indicated using negative values) were typically larger for CDs than for single-cause droughts.
Average GPP losses under CDs were —8.94 g C m 2 per event (median: —5.16) compared with —2.24 and
—2.20 g C m2 per event for high VPD and low SM, respectively (medians: —1.69 and —1.70, respectively)
(Fig. 2a—). GPP losses under CDs exceeded —50 g C m2 per event in nearly 30% of the study area,
whereas <3% of the area had such extreme losses under single-cause droughts. The strongest CD-induced
decreases in GPP were in the mid- and high-latitudinal regions of the Northern Hemisphere (eastern North
America, Eurasia around 60°N, and eastern China) and in the mid- to low-latitudinal regions of the
Southern Hemisphere (eastern South America, central Africa, and eastern Australia). High VPD also led

to gains in GPP in colder high-latitudinal regions, with a spatial pattern similar to that of the CDs, and the



beneficial effects of low SM were smaller in these regions. We also analyzed the seasonal variation in
GPP losses (Fig. S1). The results indicate that GPP reductions under all three drought types were typically

during summer and early autumn.
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Fig. 2 Average GPP losses under the influence of compound and single-cause droughts during the growing season
from 1982 to 2018. a, b, ¢ Average GPP losses under the influence of CDs, high VPD, and low SM, respectively.
Negative values indicate amounts of GPP lost under the influence of droughts, and positive values indicate amounts of
GPP gained under the influence of droughts compared with normal climatic conditions; the more negative the value, the
larger the losses of vegetation GPP.

GPP losses under CD conditions were largest for broadleaf forests (Fig. 3a), followed by rainfed crops.
The pattern was similar during high VPD. Under conditions of low SM, however, needleleaf forests lost

more GPP than did other types of vegetation. Except in hyper-arid regions, GPP losses were greater under



CDs than under the other drought types across all climate zones. Within humid regions, GPP losses under
all three drought types were relatively small at higher latitudes, but more pronounced in the monsoon
regions of eastern China and eastern South America. The most severe GPP losses under all three drought
types occurred mainly in dry subhumid and subhumid regions at low and mid latitudes of the Southern

Hemisphere (Fig. 3b).
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Fig. 3 GPP losses across vegetation types and climatic zones. a and b GPP losses across vegetation cover types and
climatic zones, respectively. The boxes indicate the interquartile range (25th to 75th percentiles), the horizontal lines in
the boxes indicate the median values, and the whiskers extend to the 10th and 90th percentiles. The two gray horizontal
dashed lines indicate a loss of 0. DBF, deciduous broadleaf forest; DNF, deciduous needleleaf forest; EBF, evergreen
broadleaf forest; ENF, evergreen needleleaf forest; MF, mixed forest; GRA, grassland; RC, rainfed crop; SHR, shrubland.
woks xRk ¥ ns represent p<<0.001, p<0.01, p<0.05, and p>0.05, respectively, according to the two-sided Mann—Whitney
U test.



Analysis of factors affecting GPP losses caused by drought

The results for the “geographic detectors” method indicate that meteorological factors, particularly
temperature and precipitation, were key drivers of the three types of droughts contributing to GPP losses,
and their spatial distribution is quite complex (Figs. 4, S2). GPP losses under high VPD had broader
spatial correlations with temperature than did CDs and low SM (Figs. 4b, S2b). While temperature exerted
negative impacts on GPP caused by high VPD in 24%-33% of regions, it showed positive effects in
certain high-latitude and high-altitude areas, thereby enhancing GPP locally. Temperature was the
dominant factor in the losses caused by low SM (Figs. 4c, S2¢). In addition, drought intensity also proved
to be a crucial factor. Factors affecting GPP losses caused by low SM were highly spatially heterogeneous,
with drought intensity playing a larger role across southern and southeastern Asia, affecting 28%—-37% of

the study area.
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Post-drought GPP recovery time



Vegetation recovery time following CDs was predominantly within 2—-5 months. Extended recovery
periods (=6 months) were primarily in mid- to high-latitudinal regions of the Northern Hemisphere,
corresponding to areas with severe GPP losses (Fig. 5a). In contrast, recovery time following single-cause
droughts was more variable across regions (Figs. 5b, S3a, b). We quantified the difference in recovery
time between CDs (Fig. 5a) and single-cause droughts (Fig. S3a, b) as ART, representing the relative
extension or shortening of recovery time following CDs compared with following high VPD or low SM
(Fig. 5¢, d). Recovery time was longer following CDs than it was following single-cause droughts in >60%
of the study area, and half of the regions experienced a 1- to 2-month delay. Regions in which recovery
time was shorter following CDs than it was following high VPD were mainly in the high latitudes of the
Northern Hemisphere and mid-latitudes of the Southern Hemisphere (e.g., the South African Plateau and
most parts of Australia). In comparison, regions in which recovery time was shorter following CDs than
it was following low SM were mainly at higher latitudes of the Northern Hemisphere and in central to
eastern Australia. As a broad generalization of our findings, the differences between the recovery times
of CDs and those of high VPD and low SM events are relatively small compared with the differences
observed in other quantities such as intensity and impact on GPP suppression. Additionally, we found that
the percentage of pixels where GPP failed to recover was higher following CDs than following high VPD
or low SM, regardless of whether the recovery time exceeded one or two years (Fig. S4). This suggests

that CDs are more likely to cause permanent damage to vegetation.
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Across vegetation types (Fig. 6a), deciduous broadleaf forests, evergreen needleleaf forests, and
grasslands all exhibited longer recovery time following CDs than after single-cause droughts. Looking at
wet versus dry regions (Fig. 6b), recovery time following CDs in wet regions, especially humid regions,

was longer than it was in dry regions, with a more significant difference compared with recovery time for

single-cause drought events.
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Fig. 6 Recovery times across vegetation types and climatic zones. a and b Recovery times across vegetation cover
types and climatic zones, respectively. The boxes indicate the interquartile range (25th to 75th percentiles), the horizontal
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broadleaf forest; DNF, deciduous needleleaf forest; EBF, evergreen broadleaf forest; ENF, evergreen needleleaf forest;
MF, mixed forest; GRA, grassland; RC, rainfed crop; SHR, shrubland. ***, ** * ns represent p<0.001, p<0.01, p<0.05,
and p>0.05, respectively, according to the two-sided Mann—Whitney U test.

Discussion

Differential responses of vegetation to drought: physiological and environmental drivers

Our results indicate that CDs caused larger vegetation losses than did single-cause droughts, a pattern
associated with their distinct characteristics. Studies have demonstrated that vegetation acclimated to
long-term mild droughts is more resistant than vegetation experiencing short-term severe droughts 3638,
Vegetation may therefore respond to drought more quickly and suffer larger losses in a short period of

time under low-frequency but high-intensity CDs. GPP also had more severe losses under the influence



of CDs than under the influence of high VPD and low SM in the mid- and low-latitudinal regions of the
Southern Hemisphere (excluding the Amazon Basin) compared with other regions. Research has
demonstrated that vegetation growth in tropical regions is highly responsive to variations in precipitation
and temperature during the dry season »°. Decreased precipitation and increased temperature in the dry
season will decrease vegetation’s access to water and increase its vulnerability to drought. Increased
precipitation during the rainy season enhances the effective soil moisture available to plants, facilitating
vegetation growth *. Thus, most species of tropical vegetation grow rapidly in the rainy season by using
sufficient water to store nutrients, and grow slowly in the dry season to reduce energy consumption *.
Although temperature and VPD are often lower during the rainy season, favoring vegetation transpiration,
reduced light availability and increased cloud cover are often the primary constraints on net CO2 uptake
by vegetation®’. Vegetation growth under conditions of high VPD is initially suppressed by increased
transpiration and high temperatures, but plants can partially compensate by absorbing more soil moisture.
Similarly, VPD and solar radiation under conditions of low SM can still decisively regulate transpiration
to adapt to deficits of soil moisture *>*°. In contrast, the interaction between low SM and high VPD under
CDs amplifies the negative impact on vegetation and destroys its ability to regulate water and, thus, its

survival strategy.

Vegetation losses in the mid-latitudes of the Northern Hemisphere were high under the influence of the
three types of droughts, consistent with previous research results >**!. Water constraints strongly affected
vegetation growth in the mid-latitudes of the Northern Hemisphere. By contrast, increases in GPP are
chiefly concentrated in high-latitude boreal regions, where vegetation is typically limited by energy rather
than water availability. When high VPD or low SM occurs, the temperature and radiation usually increase
41 The positive effects of these phenomena can often outweigh the negative effect of drought, resulting
in a net increase in GPP. In addition, in most parts of the Amazon, GPP also increased under low SM
conditions. This is related to the seasonality of rainfall and the fact that the region is humid. Many trees
with deep root systems can obtain deeper soil moisture, so an increase in GPP can be observed in the short

term 2°,



Vegetation in arid regions exhibits high water use efficiency and drought resistance due to long-term
adaptation mechanisms. Furthermore, the inherently low GPP in arid regions limits the absolute
magnitude of potential losses under the influence of drought’ In humid regions, drought impacts on
vegetation are strongly shaped by hydroclimatic background and plant water-use strategies*?. In the
monsoon regions of eastern China and eastern South America, ecosystems depend strongly on current
rainfall because vigorous growth and high transpiration coincide with highly seasonal precipitation and
rapid soil-moisture turnover, making vegetation carbon uptake particularly vulnerable to drought*?. In the
low- to mid-latitude transition zones between humid and dry regions of the Southern Hemisphere, high
interannual precipitation variability and the dominance of shallow-rooted grasses and shrubs further
increase sensitivity of vegetation to drought. We also found that broadleaf forests lost more productivity
than other vegetation types under conditions of both CD and high VPD. This heightened vulnerability is
due to their physiological structure, with large leaf areas and thin cuticles that promote high rates of
transpiration and substantial capacities to store water, allowing them to respond quickly to changes in the

t 3. Needleleaf trees, with their small leaves and narrow tracheids, have lower

atmospheric environmen
capacities to transport water than do broadleaf trees. Their thick, waxy cuticles, however, reduce the rate
of transpiration, allowing them to maintain high photosynthetic capacities during short-term atmospheric
droughts **. Coniferous trees have deep roots and can use soil moisture with relatively high efficiency. We
found, however, that coniferous forests still had relatively large GPP losses when SM was low (Fig. 3a).
This loss may have been caused by the characteristics of soil drought or other non-climatic factors (Fig.

4c). For example, Bauke et al. (2022) *° suggested that soil drought restricts nutrient mobility in soil water,

decreasing nutrient uptake by trees and affecting their growth and productivity.

Mechanisms of recovery time after the three types of droughts

Vegetation recovered faster (1-2 months) from single-cause droughts than from CDs (Fig. 5b). This
pattern of differential recovery indicated the lower severity of high VPD or low SM as individual stressors
relative to CDs (Fig. 1g—i), leading to less physiological damage and consequently the capacity to recover
more quickly “°. Interestingly, the proportion of areas where recovery time was >7 months was slightly

higher after high VPD and low SM (Fig. 5b) than after CDs. This anomaly may represent the longer



duration and more frequent occurrence of high VPD and low SM.

Recovery in arid and semi-arid areas is often more restricted by SM and climatic conditions compared
with recovery in humid areas. Dryland plants possess drought-resistance genes as an adaptation to long-
term water scarcity, but persistent extreme droughts pose unique challenges. High rates of evaporation of
soil water coupled with slow recharge capacity slow the rate of growth of arid-adapted species. These
combined factors ultimately prolong the periods of recovery in arid ecosystems *’. Vegetation in humid
areas can usually support faster recovery by faster water cycles and water surpluses in non-drought periods
48 The time needed for vegetation to recover in different regions, however, depends on the climatic

conditions in which a local drought occurred #*** and on the variability of the thresholds of recovery time.

Implications and limitations

Our findings highlight that compound drought events pose a notably greater threat to terrestrial
ecosystems than single-cause droughts, especially considering their higher severity, extended recovery
times, and spatial variability. This underscores the importance of incorporating the combined effects of
atmospheric and soil droughts into drought risk assessments, climate modeling, and ecological
management practices, particularly in regions where vegetation recovery is prolonged. However, it should
be noted that this study still has some limitations. In this study, the thresholds for high VPD and low SM
were empirically set at the 90th and 10th percentiles, respectively. However, this approach does not
account for the fact that drought sensitivity may vary across ecosystems and regions, potentially resulting
in region-specific threshold differences. Additionally, the vegetation type from 2018 was used to represent
the entire study period (1982-2018), without accounting for potential changes in land use that could
influence GPP and drought responses. We removed the seasonal cycle of GPP to minimize the impact of
agricultural management practices (such as sowing, irrigation, and harvesting) on vegetation at specific
times of the year >!°? (See the Methods section). Furthermore, the growing season used in this study was
defined as a fixed time window, which is appropriate for analyses at the monthly scale®*. However, at
finer temporal scales and over smaller spatial extents, vegetation activity and phenology are likely to

exhibit substantial spatial heterogeneity, because the climatic and hydrological controls on vegetation



growth, including temperature, radiation and precipitation, vary across region>*>>. For example, the April—
September growing season adopted here for the Northern Hemisphere is generally suitable for temperate
ecosystems, but in reality the growing season is shorter in cold high-latitude regions, occurs earlier in

5657 and indistinct in some equatorial tropical rainforests®®. Future work should

Mediterranean ecosystems
therefore incorporate vegetation phenology by adopting dynamic growing-season definitions for a more
precise assessment of drought impact. Another consideration is that this study examined the vegetation
recovery time following drought, but in some regions, vegetation does not return to pre-drought levels
even several years after the drought has ended. Therefore, it is necessary to explore the degree of
vegetation recovery in these areas within a specific period of time and the reasons behind it, investigating

long-term ecosystem feedbacks to increasingly frequent and severe CDs, including impacts on global

carbon budgets.

Data and Methods

Data

Monthly GPP data sets from 1982 to 2018 were derived from Wang et al. (2020) *° with a spatial resolution
of 0.05°. The data were based on about 40 years of remotely sensed Advanced Very High Resolution
Radiometer (AVHRR) data and hundreds of flux-site observations around the world and were obtained
using evaluations of near-infrared reflectance (NIRv). Analysis at the level of 104 flux sites around the
world indicated that NIRv could accurately identify GPP (R?>> 0.71), but it may not perform as well as
other methods in certain vegetation types (e.g., C4 plants), which is an uncertainty of this method.
Machine-learning upscaling methods, models of light-use efficiency (LUE) models, and process-based
models have indicated that these data are highly consistent with flux sites and models and superior to

other GPP products, which is helpful for estimating global terrestrial carbon flux -6,

The simultaneous monthly reanalysis data for surface 2-m temperature, precipitation, 2-m dew-point
temperature, soil moisture, and near-surface solar radiation from 1982 to 2018 were all obtained from the
ECMWF Reanalysis v5 (European Centre for Medium-Range Weather Forecasts, ERAS), monthly

averaged data on single levels with a spatial resolution of 0.25° x 0.25° %, To enhance the robustness of



the affecting-factors analysis results, we also used ground-based observed monthly data for surface 2-m
temperature and precipitation from the Climatic Research Unit Time Series 4.09 (CRU). Land-cover data
were obtained from the European Space Agency Climate Change Initiative (ESA CCI), which provides a
high-quality, consistent, and long-term time series from 1992 to 2022. We divided the terrestrial surface
into different types of vegetation for further analysis, using 2018 data at a resolution of approximately
300 m. We classified eight vegetation types (Fig. S5), and for farmland, we excluded irrigated agricultural
areas, focusing only on rainfed agricultural regions to minimize the influence of human activities. We
unified all data to a monthly scale and a spatial resolution of 0.5° x 0.5° by using nearest neighbor

interpolation.

Methods

Drought metric selections

Traditional meteorological drought indices primarily represent precipitation deficits (such as the
Standardized Precipitation Index, SPI) or the balance between precipitation and evapotranspiration (such
as the Standardized Precipitation Evapotranspiration Index, SPEI; and the Palmer Drought Severity Index,
PDSI) ®. The SPI is based solely on precipitation, while the SPEI and PDSI incorporate the effect of
temperature by accounting for potential evapotranspiration (PET). Moreover, the PDSI incorporates soil
available water capacity information '%, which is less suitable for isolating purely meteorological drought
than are atmospheric indicators such as VPD. VPD, on the other hand, indicates the potential for water
extraction from the soil and plant surface (stomata). Under high VPD conditions, plants close their stomata
to reduce water loss through transpiration, limiting CO- absorption and thus inhibiting photosynthesis.
Chronic high VPD can also lead to xylem embolism, triggering hydraulic failure and increasing the risk
of tree mortality, further impacting plant phenology and carbon allocation strategies. These physiological
processes cannot be directly quantified by drought indices like the SPI, SPEI, and PDSI 46356 In addition,
we used soil moisture as the soil drought indicator because it can most simply and intuitively represent

the soil drought situation *.

Calculation of VPD



We used gridded monthly data for 2-m temperature and 2-m dew-point temperature to calculate VPD

(kPa):
SVP=0.611x exp (;f;;) (1)
AVP=0.611x exp (%) )
VPD=SVP — AVP (3)

where T, is the monthly average surface air temperature (°C), 7, is the monthly average dew-point
temperature (°C), SVP is the saturation vapor pressure (kPa), and AVP is the actual vapor pressure

(kPa).

Definitions of compound and single-cause droughts

High VPD and low SM may each extend over multiple months '%7

, so we standardized the temporal unit
to a monthly scale to ensure consistency in comparing drought types. Droughts were identified using
percentile-based thresholds (Fig. 7). High VPD was defined as monthly VPD exceeding the 90th
percentile for the corresponding month over the study period. Similarly, low SM was defined as monthly
SM below the 10th percentile ?>. A CD was defined as one or more consecutive months during which both
high VPD and low SM occurred; i.e., a single month meeting these conditions was counted as one CD,
and a continuous sequence of such months was also treated as one CD. Similarly, any months meeting
only one of the two conditions were identified as months with single-cause droughts, and one or more
consecutive occurrences of these months were grouped into either high VPD or low SM, depending on
the condition met. In addition, in the treatment of drought events that begin at the end of one year and

continue into the next year, we considered four situations. See Text S3 in the Supplementary Information

for details.
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Fig. 7 Schematic diagram of droughts. Monthly VPD and SM are shown as bar charts. Orange bars indicate VPD
exceeding the 90th percentile for the corresponding month during the study period; blue bars indicate SM below the 10th
percentile for the corresponding months. Vi and V; represent high VPD, and S; represents low SM. CD;, CD,, CD3, and
CDj4 represent four CDs.

Drought characteristics were described by duration, frequency, and intensity during the growing season
from 1982 to 2018. Duration was defined as the total number of months a drought persisted, and frequency
was quantified as the number of droughts occurring during the study period (average per year). Intensity
refers to the severity of the drought. For CDs, it means the degree to which VPD exceeded the baseline
(the 90th percentile VPD) while SM was lower than the baseline (10th percentile SM) at the same time.
For high VPD, it means the degree to which VPD exceeded the baseline (90th percentile VPD) when SM
was at a normal level. For low SM, it means the degree to which SM was lower than the baseline (10th

percentile SM) when VPD was at a normal level **:

2
(VPD,-— VPDgoth)z iy (SMi—SMl om)

Intensity(CD)= VPDo — SMo 4)
VPD;-VPD, 2
3 TP Po0th
Intensity(high VPD)= ( VI;DG ) (5)
(6)

Intensity(low SM)=

where Intensity(CD), Intensity(high VPD), and Intensity (low SM) are the intensity of a CD, a high
VPD, and a low SM, respectively; VPD; is the value of VPD in month i, VPDgyq, 1s the 90th percentile



VPD for that month, VPD is the standard deviation of VPD for the month, SM; is the level of SM in
month 7, SM,qq is the 10th percentile SM for that month, SM, is the standard deviation of SM for the
month, and D is the duration of the drought, defined as the number of consecutive dry months. The

summations (and related summation symbols) are across the consecutive months of the extreme event.

GPP losses

To reduce the influence of long-term trends in GPP, we removed the interannual trend ®® and eliminated
seasonal variability by subtracting monthly climatological means from the GPP time series. All
subsequent analyses were based on the detrended and deseasonalized GPP data. We used the method of
Xu et al. (2019) % (Fig. S6) to fit a smooth spline curve to the monthly GPP series for each grid cell during
the growing season (1982—-2018) to represent expected GPP under non-drought conditions. Considering
the effects of drought lag "°, we defined the vegetation response time as the period from the onset of
drought to the minimum GPP, encompassing both the drought and post-drought lag phases (Fig. S7). GPP
losses were calculated over this full response period. Considering the potential lag effects of drought, we
set the maximum drought impact period to 12 months, following previous studies ’!, and defined the
vegetation response time as the interval from the onset of drought to the minimum GPP, covering both the
drought and post-drought lag phases (Fig. S7). In addition, we assessed the offset effects between
successive droughts ?° by evaluating the likelihood of other drought types occurring during the lag phase
and found it to be low (<11%), with minimal influence on the results—i.e., if other types of droughts
occurred during the vegetation recovery phase after a drought (such as a low SM), we calculated the
proportion of this type of drought to all low SM events. Long term and seasonal trends were removed, so

the GPP losses represent pseudo-true values rather than raw observations °.

Analysis of influencing factors

Vegetation losses caused by drought are influenced by multiple factors. We examined these factors from
multiple perspectives, including climatic conditions (precipitation, 2-m temperature, and near-surface
solar radiation during droughts), drought characteristics (average duration, frequency, and intensity), and

surface factors (soil total nitrogen concentration, soil organic carbon concentration, and elevation).



Human activity also strongly affects the surface, so we selected data for the human footprint in 2018 from
Mu et al. (2022) 7 and used human footprint as one of the influencing factors. This data set accurately
represented the various pressures humans exerted on the surface environment from 2000 to 2020. It
selected eight annual human pressure variables (including built environment, population density, etc.) and
assigned values to them separately. These variables were then weighted and aggregated to generate annual
human footprint values. The accuracy of the data set was validated through visual interpretation of sample

data and showed strong consistency with previously published data sets.

We used geographic detectors to detect spatial heterogeneity and identify its driving forces ’. This method
is used to assess the extent to which factor X explains the spatial variation of attribute Y. We detected the
relative importance of each influencing factor on the GPP losses. The computational principles and
methods are detailed in Text S1. For a clearer presentation, we used the inverse of the GPP losses
calculated in GPP losses section. A 7x7-pixel sliding window was then applied to calculate the partial
correlations between the GPP losses and the main influencing factors, identified by the results of the
analysis of the geographic detectors 74, and pixels with insignificant partial correlation (p>0.05) were

removed. The specific method for calculating partial correlations is detailed in Text S2.

Recovery time

We defined the period of recovery as the time needed for GPP to increase from the lowest level to the
normal level (i.e., when actual GPP was greater than or equal to the fitted GPP at the corresponding time
point) 7* (Fig. S7). Vegetation may need many years to recover to normal levels after deforestation, so we
removed events where the recovery time exceeded 12 months 7. When calculating the GPP losses and the
time needed to recover from high VPD and low SM, we removed the impact of CDs that occurred at the

same time—only high VPD or only low SM was included.

Division of dry and wet areas
The aridity index (Al), defined as the ratio of annual precipitation to annual potential evapotranspiration,

was used to identify global wet and dry areas. This metric is routinely used by other researchers 2*7®. Dry



and wet areas were categorized as hyperarid areas (AI<0.05), arid areas (0.05<AI<0.20), semi-arid areas
(0.20<AI<0.50), dry subhumid areas (0.50<AI<0.65), subhumid areas (0.65<AI<1.0) and humid areas
(AI>1.0) (Fig. S8).

Data availability
Monthly data for precipitation, 2-m temperature, 2-m dew-point temperature, SM, and surface radiation
are available from the ERAS reanalysis dataset (ERAS monthly averaged data on single levels from 1940

to the present https://cds.climate.copernicus.cu/datasets/reanalysis-eraS-single-levels-monthly-

means?tab=download). Ground-based observed monthly data for surface 2-m temperature and

precipitation are available from the Climatic Research Unit Time Series 4.09

(https://crudata.uea.ac.uk/cru/data/hrg/). GPP data in this study are available from the National Tibetan

Plateau Data Center (https://www.tpdc.ac.cn/en/data/d6dff40f-5dbd-4f2d-ac96-55827ab93cc5/). Human-

footprint data are available at https://www.x-mol.com/groups/li_xuecao/news/48145. Global data for soil

total nitrogen concentration and soil organic carbon concentration (0-100 cm) are from

https://www.earthdata.nasa.gov/data/catalog/ornl-cloud-igbp-surfaceproducts-569-1.  Vegetation-cover

data are available from the ESA/CCI viewer (https://cds.climate.copernicus.eu/datasets/satellite-land-

cover?tab=overview).
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Editorial summary:

Compound droughts combining high atmospheric demand and low soil moisture cause the largest global losses
of vegetation productivity and slower recovery than single droughts, based on analyses of remotely sensed
productivity during the growing season from 1982-2018.
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