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Abstract In a warming climate, the co‐occurrence of drought and heat events increasingly threatens the
global wheat yield and food security. However, changes in compound dry and hot events (CDHEs) during the
global wheat growing season and their impacts on yield remain largely unknown. Using daily ERA5 reanalysis
data, multiple drought indicators including the standardized precipitation index, standardized precipitation
evapotranspiration index, standardized soil moisture index (SSI), and heat indicators the standardized
temperature index and standardized soil temperature index (SSTI), are compared to assess the evolution of
CDHEs and their impacts on wheat yield in major wheat‐producing regions (1981–2020). The results indicate
significant increases in the frequency, duration, and intensity of global CDHEs, with the most pronounced
increases experienced in arid and semiarid regions (Eastern Europe, Central Asia, and Turkey). SSI–SSTI was
most sensitive to frequency changes, SPEI–SSTI best captured intensity and duration, and SPI–STI provided
conservative estimates. These trends reflect regional hydrothermal conditions, land–atmosphere interactions,
and agricultural management. When CDHEs account for more than 10% of the growing season, over 70% of
wheat areas experienced negative yield anomalies with an average anomaly of − 6.3%; Canada, Australia, and
Central Asia were severely impacted, whereas highly irrigated regions (e.g., China and India) were less
impacted. Indicator combinations incorporating evapotranspiration and soil moisture (SPEI–SSTI, SSI–SSTI)
were most strongly correlated with yield anomalies, highlighting their effectiveness for compound stress
detection. This study emphasizes the importance of multi‐indicator assessments and regional adaptations for
developing climate‐resilient agricultural strategies.

Plain Language Summary As the climate warms, extreme drought and heat are occurring more
often and can overlap during important crop growth stages. When these two stresses occur at the same time, their
impact on wheat production can be much more severe than when they occur separately. This study examined
how the frequency, intensity, and duration of such combined events, known as compound dry and hot events,
changed globally during the wheat growing season from 1981 to 2020, and how they influenced wheat yields.
Multiple approaches, including methods that capture both meteorological and soil conditions, were used to
evaluate drought and heat conditions. The results indicate that these compound events are becoming more
common and intense, especially in drier regions such as Eastern Europe, Central Asia, and parts of Australia.
When these events affected more than 10% of the growing season, over 70% of global wheat‐growing areas
experienced negative yield anomalies, with an average reduction of 6.3%. In contrast, areas with widespread
irrigation, such as China and India, were less affected. These findings reveal that combining different
measurement approaches improves the ability to detect crop stress and underscore the need for region‐specific
adaptation strategies to safeguard food production under increasing climate extremes.

1. Introduction
In the context of global warming, the frequency, duration, and intensity of droughts and extreme heat events have
increased significantly, posing serious challenges to agricultural system stability (Lesk et al., 2016; Rezaei
et al., 2023). The co‐occurrence of drought and extreme heat results in compound dry and hot events (CDHEs)
(Hao et al., 2022; Zscheischler et al., 2018). Owing to their synergistic amplification and physiological response
mechanisms, CDHEs have complex and severe impacts on crop growth and development processes (Lesk &
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Anderson, 2021). Consequently, changes in CDHEs have been documented in recent climate change and agri-
cultural impact studies (Afrooz et al., 2023; He et al., 2024; Li, Wang, Li, et al., 2025, Li, Wang, Liu, et al., 2025).
Numerous studies have demonstrated that CDHEs have occurred more frequently and intensified in the last few
decades across many global regions, leading to negative yield anomalies and significant regional food security
and socioeconomic concerns (Cohen et al., 2021; Yin & Slater, 2023). In addition, climate projections indicate
that continued global warming will substantially increase the probability and severity of CDHEs, further exac-
erbating agricultural system vulnerability (He et al., 2024; Mukherjee & Mishra, 2021; Zhang et al., 2023a).
Consequently, CDHEs are expected to emerge as major future climate risks to agriculture, necessitating the
development of assessment frameworks based on crop physiological responses to support adaptive agricultural
management (IPCC, 2021).

Compound dry and hot event identification relies primarily on joint criteria for both drought and extreme heat,
typically on the basis of their spatial and temporal concurrence. Previous studies have demonstrated that the
choice of drought and temperature indices directly influences CDHE identification outcomes and the ability to
characterize agricultural impacts (He et al., 2024; Hosseinzadehtalaei et al., 2024; Wu, Hao, Zhang, et al., 2020).
Drought is a complex phenomenon that includes meteorological, hydrological and agricultural types, each with
different climate indicators (Dracup et al., 1980; Moradian et al., 2025). For example, meteorological drought is
commonly identified using the standardized precipitation index (SPI) or the standardized precipitation evapo-
transpiration index (SPEI) (Feng et al., 2021), whereas agricultural drought is better captured by indicators such
as the standardized soil moisture index (SSI) (Wu et al., 2021). Similarly, extreme heat is typically defined using
daily scale indices such as the standardized maximum temperature index (STI) or the soil surface temperature
index (SSTI) (Fan et al., 2024). Most current studies adopt a single combination of drought and extreme heat
indices, with limited systematic comparisons of differences among their combinations (Fan et al., 2024; Feng
et al., 2021). Moreover, existing research has predominantly focused on monthly or seasonal scales, sometimes
combining monthly drought indices with daily extreme heat indicators (Geirinhas et al., 2021; Toreti et al., 2019).
These approaches often oversimplify event evolution and fail to adequately capture abrupt or cumulative CDHE
characteristics (L. Jiang et al., 2025; Shan et al., 2024). This limitation is particularly critical during the crop
growing season, when short‐term compound events—such as daily extreme heat superimposed with drought—
can cause substantial negative yield anomalies (Yang et al., 2025; Zeng et al., 2023). However, current tempo-
ral alignment methods frequently lack sufficient temporal resolution for accurate detection of CDHEs. Therefore,
fine‐scale identification of CDHEs using multiple drought and extreme heat index combinations is strongly
needed (Hao & Chen, 2024).

Wheat, one of the world's three major staple crops, is highly sensitive to both drought and extreme heat (Heino
et al., 2023; Zampieri et al., 2017). Compound dry and hot events have thus emerged as a significant threat to
wheat production stability in many countries (He et al., 2022; Ma et al., 2025). Research indicates that the impact
of CDHEs on wheat yield exceeds that of individual drought or extreme heat events, particularly during key
phenological stages such as heading and grain filling, where compound stress can cause irreversible negative
yield anomalies (T. Jiang et al., 2025; Zhao et al., 2022). However, most existing studies have focused on regional
analyses or specific event case studies and lacked a systematic, global‐scale multi‐indicator analysis of CDHEs
(Hao et al., 2018; Mukherjee et al., 2023). Furthermore, uncertainties and sensitivities in yield impact assessments
arising from different index pairings remain inadequately addressed (Bevacqua et al., 2022; Zscheischler &
Seneviratne, 2017). These gaps underscore the urgent need for a multi‐indicator, high‐resolution CDHE iden-
tification framework.

Thus, ERA5 daily reanalysis data are used to construct six drought− extreme heat index combinations based on
three drought indicators and two heat indicators from meteorological and soil perspectives: SPI− STI, SPI− SSTI,
SPEI− STI, SPEI− SSTI, SSI− STI, and SSI− SSTI. Using these combinations, we identify CDHEs during the
growing season (1981–2020) in major global wheat‐producing regions and systematically reveal their spatio-
temporal patterns in terms of frequency, duration, and intensity. Using annual gridded wheat yield data (1982–
2015), we analyze the relationships between regional CDHE characteristics and yield anomalies and evaluate the
explanatory power of different indicator combinations for yield impacts to unravel spatiotemporal patterns of
CDHEs and their effects on wheat yields in key global production regions, with implications for climate risk
assessment and agricultural adaptation strategy development.
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2. Data and Methods
2.1. Data

This study utilized ERA5 reanalysis data, global wheat yield data sets, and wheat cultivation distribution data to
identify compound dry–hot events (CDHEs) and analyze yield responses (Table S1 in Supporting Informa-
tion S1). Meteorological variables, such as daily precipitation, daily maximum air temperature, 0–7 cm soil
moisture, and maximum soil temperature at a horizontal resolution of 0.25°, were retrieved from the ECMWF
ERA5 daily reanalysis data set (1980–2020) (Hersbach et al., 2023). To ensure spatial consistency with agri-
cultural data sets such as crop yield and crop calendars, all variables were resampled to 0.5° using bilinear
interpolation (Agrafiotis, 2014).

Wheat distribution data, such as harvested area estimates for rainfed and irrigated wheat at a 5 arcmin resolution,
were sourced from the SPAM2010 global crop distribution data set (Yu et al., 2020). This data set integrates
agricultural census records, remote sensing products, geographic information systems, and regression models to
represent global cultivation patterns for 42 crops. To differentiate winter and spring wheat‐growing areas, we
applied the GEOGLAM‐BACS mask developed via the G20 Global Agricultural Monitoring Initiative (GEO-
GLAM) (Becker‐Reshef et al., 2022). This data set incorporates crop‐type surveys from major producing and
exporting countries, enabling refined wheat‐type classification (Figure S1 in Supporting Information S1). Sowing
and harvest dates were derived from the GGCMI Phase 3 global crop calendar (Jägermeyr, Müller, Minoli,
et al., 2021), which synthesizes existing research, remote sensing observations, and crop model simulations to
define growing seasons on the basis of water management system (rainfed or irrigated) and ensure that CDHE
identification occurs within actual growing periods (Figure S2 in Supporting Information S1).

Wheat yield data were obtained from the GDHY data set (Iizumi & Sakai, 2020), which provides global wheat
yield estimates at a 0.5° resolution from 1981 to 2016. This data set combines statistical yearbooks with satellite‐
based estimates and is widely used in climate–crop studies (Chen &Wang, 2023; Hamed et al., 2021). To ensure
consistency and reliability in yield‐related analyses, yield‐related analyses in this study were restricted to the
1982–2015 period. To improve spatial completeness in regions with yield data gaps, particularly in major wheat‐
producing zones, we incorporated the GlobalCropYield5min data set (Cao et al., 2025), which provides data with
a fine spatial resolution and enhanced coverage. While GDHY served as the primary data source due to its
widespread use and compatibility with other 0.5° data sets in this study, GlobalCropYield5min was used to
supplement information in areas with data gaps. The two data sets exhibited strong agreement across most major
wheat‐growing regions (Figure S3 in Supporting Information S1) and were merged using harvest area weights
from SPAM to ensure spatial representativeness and consistency of the combined yield records.

To remove the effects of long‐term trends imposed by technological advances and management improvements on
wheat yields, we applied robust local estimation scatterplot smoothing (RLOESS) to the annual yield time series
for each grid cell (Liu et al., 2022; Ye et al., 2015). This approach has been commonly adopted in previous studies,
and the influence of the choice of detrending method on the resulting change in yield has been found to be limited
(Müller et al., 2017). The percentage yield anomaly (YA) after detrending was calculated by the following
equation:

YA =
Y − Ytrend
Ytrend

× 100% (1)

where Y is the original yield and where Ytrend is the smoothed trend value. This allows for a more accurate
assessment of the interannual variability driven by extreme climate conditions.

2.2. Construction of CDHE Indices

In this study, three types of drought indices were used: the SPI, the SPEI, and the Standardized Soil Moisture
Index (SSI). SPI and SPEI were derived from daily inputs using a 30‐day trailing window. For SPI, the input was
the 30‐day precipitation accumulation; for SPEI, the input was the 30‐day climatic water balance based on
precipitation and potential evapotranspiration (PET), with PET estimated by the Hargreaves method (Droogers &
Allen, 2002). SPI was standardized by fitting a gamma distribution with a day‐specific zero‐precipitation
probability, whereas SPEI was standardized by fitting a log‐logistic distribution to the water‐balance samples
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without an explicit zero‐probability mass. The SSI was computed from the 30‐day trailing mean of ERA5 surface
soil moisture (0–7 cm) and standardized using the Gringorten plotting‐position formula (Gringorten, 1963). For
all indices, parameters were estimated per calendar day at each grid cell from the multi‐year daily series to account
for seasonality; the inverse standard normal transformwas then applied to obtain daily z‐scores. The distributional
choices follow prior assessments showing that these methods reliably characterize the probability distributions of
precipitation and soil‐moisture anomalies (Stagge et al., 2015; Vicente‐Serrano et al., 2010). Previous studies
have shown that such daily 30‐day SPI/SPEI are highly consistent with their monthly counterparts while better
resolving the intra‐monthly onset and cessation of dry or wet spells (Shan et al., 2024; Wang et al., 2021). A
comparison at representative wheat‐growing grid cells (Figure S4 in Supporting Information S1) further confirms
that the daily drought and heat indices used here reproduce the timing and magnitude of events seen in monthly
indices, while providing finer intra‐seasonal variability during the growing season. As an example, the daily SPI
was calculated as follows:

SPm,i =
⎧⎪⎨

⎪⎩

∑
i
j=i− Nd+1

Pm,j, i≥Nd

∑
365
j=365− Nd+i+1

Pm,j +∑
i
j=i Pm,j, i<Nd

(2)

qi =
Zi
M

(3)

Fd
i (SPm,i) =

⎧⎨

⎩

qi, SPm,i = 0

qi + (1 − qi) · Fi (SPm,i), SPm,i > 0
(4)

SPIm,i = Φ− 1 (Fd
i (SPm,i)) (5)

Here, SPm,i represents the accumulated precipitation on day i in year m over a 30‐day window, Pm,j represents the
daily precipitation, and Nd = 30. qi represents the probability of zero precipitation on day i, with Zi denoting the
number of years with zero precipitation on that day and M denoting the total number of years. Fi (SPm,i) is the
cumulative gamma distribution fitted to the nonzero precipitation values, and Fd

i is the full CDF including zeros.
The SPI value is finally obtained by applying the inverse standard normal transformation Φ− 1 to the complete
probability value. The procedures for calculating the SPEI and SSI are detailed in Text S1 in Supporting
Information S1.

The extreme heat indices included the standardized maximum temperature index (STI) and the soil surface
temperature index (SSTI). Standardized temperature index and SSTI were computed from the 3‐day trailing mean
of daily maximum 2‐m air temperature and soil surface temperature (0–7 cm), respectively, and then standardized
using the Gringorten plotting‐position method. Parameters were estimated per calendar day at each grid cell to
accommodate seasonality, and the standardization emphasizes tail behavior commonly targeted in extreme‐
climate analyses (Liu & Sun, 2020). Full implementation details are provided in Text S2 in Supporting Infor-
mation S1. The five indices (SPI, SPEI, SSI, STI, SSTI) are summarized in Table S2 in Supporting
Information S1.

On the basis of these indices, six combinations were constructed for multidimensional CDHE identification: SPI–
STI, SPI–SSTI, SPEI–STI, SPEI–SSTI, SSI–STI, and SSI–SSTI. A compound dry and hot day was defined as a
day with a drought index below − 0.8 and a temperature index above 1.3. These thresholds were adapted from
earlier studies (Mukherjee & Mishra, 2021; Wang et al., 2023), where similar percentile‐based criteria (e.g., 20th
percentile for drought and 90th percentile for temperature) were shown to effectively capture the co‐occurrence of
drought and heat extremes. To validate their suitability for global wheat systems, we conducted a sensitivity
analysis by perturbing the drought and heat thresholds within ±0.1–0.2 of − 0.8 and 1.3 and evaluating the
resulting CDHE occurrence rates and their relationships with yield anomalies in wheat‐growing regions. As
summarized in Table S3 in Supporting Information S1, the selected thresholds produce occurrence rates
consistent with the intended percentile‐based intensity, while the negative association between CDHE charac-
teristics and yield anomalies remains stable across these neighboring thresholds, confirming their agricultural
relevance and spatiotemporal robustness. Together, the six pairings span precipitation‐based, evapotranspiration‐
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based, and soil‐moisture‐based drought representations, combined with air and land‐surface heat metrics,
enabling a comparative assessment of how physical representations shape CDHE identification and agricultural
relevance.

2.3. Identification and Characterization of CDHE

CDHEs were identified on a daily scale as either consecutive or isolated compound dry and extreme heat days,
restricted to the wheat growing season (from planting to harvest) for each grid cell (Figure 1). During each
growing season, the number of days with CDHEs was determined on the basis of predefined thresholds, and three
annual characteristics were calculated: frequency, duration, and intensity (Table S4 in Supporting Informa-
tion S1) (Liu et al., 2025).

Frequency was defined as the proportion of CDHEs days to the total number of days in the growing season.
Duration was measured as the average number of consecutive days across all CDHEs in a given year. According
to previous studies (Gu et al., 2022; Wu et al., 2019), the intensity of compound extreme events can be described
using functional relationships between event‐level drought and heat characteristics. In this study, CDHE intensity
was defined as the cumulative sum of the products of drought and heat index values across all CDHE days within
each event. The annual average intensity per event was used as the representative intensity metric. These sta-
tistical methods are as follows:

Fi,g =
NCDHE
i,y
NGS
i,y

× 100% (6)

Di,g =
1
ni,y

∑

ni,y

j=1
L( j)i,y (7)

Ii,g =
1
ni,y

∑

ni,y

j=1
∑

t∈eventj
|Di,t| × Ti,t (8)

where i denotes the spatial grid cell, and y denotes the calendar year; NCDHE
i,y is the number of CDHE days in the

growing season; NGS
i,y is the total number of days in the growing season; and ni,y is the number of discrete CDHEs

in that season. L( j)i,y is the duration (in days) of the jth CDHE, and Di,t and Ti,t are the standardized drought and
temperature index values on day t for a given event.

All CDHE characteristics, namely, frequency, duration, and intensity, were first calculated at the grid‐cell level
during the wheat growing season. To obtain representative values for each grid cell, CDHE metrics were inte-
grated across rainfed and irrigated systems for both winter and spring wheat (Figure S5 in Supporting

Figure 1. Schematic for the identification of compound dry and hot events throughout the wheat growing season.
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Information S1), using the respective harvested areas as weights. This approach ensured that both crop type and
water management differences were accounted for in the weighted averages. The resulting integrated values were
then used to support subsequent analyses of wheat yield responses and regional sensitivity.

Vwinter
i =

Airr
i · Vwinter,irr

i + Arfi · Vwinter,rf
i

Airri + A,rfi
(9)

Vspring
i =

Airr
i · Vspring,irr

i + Arf
i · V

spring,rf
i

Airri + Arfi
(10)

Vwheat
i =

Awinter
i · Vwinter

i + Aspring
i · Vspring

i

Awinter
i + Aspring

i
(11)

where Vwheat
i denotes the final area‐weighted value (frequency, duration, or intensity) for the grid cell. A repre-

sents the harvested area; the superscripts “winter” and “spring” refer to seasonal wheat types, and the subscripts
“irr” and “rf” denote irrigated and rainfed systems, respectively.

To verify that the six CDHE definitions represented comparable event characteristics, we applied non‐parametric
Friedman tests followed by pairwise comparisons with Benjamini–Hochberg false discovery rate (FDR)
correction (Benjamini & Hochberg, 1995; Friedman, 1937). This procedure ensured that the multi‐index
framework yielded robust and internally consistent CDHE characterizations.

2.4. Assessment of the CDHE‐Yield Relationship

On the basis of detrended YA data, the Pearson correlation coefficients (Pearson, 1895) between CDHE statistical
characteristics (frequency, duration and intensity) and wheat yield anomalies were calculated across six com-
binations of drought and heat indices. The analysis was conducted at the global scale and further aggregated to the
national level to identify regional differences and response sensitivities. Eleven major wheat‐producing countries
(Figure S6 in Supporting Information S1), which together account for more than 70% of global wheat production
(data from FAOSTAT), were selected for this analysis. Correlation analysis was used to identify the most
representative index combinations and CDHE construction methods, which were then applied to assess yield
responses at the global and national scales. For each grid cell i and year y, the correlation was calculated using the
following formula:

ri =
∑

n
y=1 (Vi,y − Vi) (Yi,y − Yi)

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

∑
n
y=1(Vi,y − Vi)

2
√ ̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

∑
n
y=1(Yi,y − Yi)

2
√ (12)

where Vi,y is the CDHE characteristic (frequency, duration, or intensity) in grid cell i for year y, and Yi,y is the
detrended wheat YA. Vi and Yi represent the multiyear means of the respective variables.

To further evaluate yield responses under different compound‐event exposures, grid–year data were grouped
according to the proportion of CDHE days during the growing season (<10%, 10%–20%, 20%–30%, and ≥30%)
for each indicator combination. The corresponding yield anomalies (%) for each exposure level were summarized
as boxplots representing the interquartile distribution. Statistical differences in yield anomalies across CDHE
frequency levels were assessed to identify significant negative yield anomalies under higher exposure.

3. Results
3.1. Changes in of CDHE Characteristics During the Global Wheat Growing Season

During 1981 and 2020, CDHEs occurred widely across global wheat‐growing regions, exhibiting pronounced
spatial variability and a clear increasing trend (Figures 2− 3). On average, 3.63% of the days during the wheat
growing season were affected by CDHEs. Exposure was significantly greater in midlatitude continental regions,
such as the midwestern United States, the Eastern Europe− West Asia grain belt, Central Asia, and the North
China Plain, than in other regions. In the Southern Hemisphere, regions of Argentina and Australia exhibited
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higher‐than‐average CDHE exposure compared with other wheat‐growing regions (Figure 2a). In contrast, humid
regions such asWestern Europe exhibited lower proportions of CDHE days, indicating that the global CDHEs are
more concentrated in hotter, drier regions, posing a significant threat to wheat production systems.

The average duration of a CDHE globally was approximately 3 days (Figure 2b). However, in regions such as
South Asia and West Asia, individual events frequently persisted for over 4–5 days. In contrast, most CDHEs in
temperate humid regions end within 2–3 days. The spatial distribution of CDHE intensity (Figure 2c) revealed a
distinct regional cluster, for example, Central Asia, Eastern Europe, and southern Siberia presented mean in-
tensity values exceeding the global average (9.47). This pattern suggests more pronounced synergistic effects
between drought and extreme heat in these regions.

Substantial differences in CDHE characteristics were observed among the six drought–temperature index
combinations (Figures 2d–2f). In terms of frequency, combinations with the SSTI, particularly the SPI− SSTI and
SSI− SSTI combinations, detected a greater proportion of CDHE days. In contrast, STI‐based combinations more
often captured short‐lived, spatially dispersed heat extremes, yielding lower accumulated frequencies. Cross‐
definition differences were statistically significant, with overall differences detected among the six definitions
for each metric (p < 0.05). After pairwise comparison and FDR adjustment, frequency differences were mainly
associated with the drought index (SPI, SPEI, SSI), whereas duration and intensity were predominantly driven by
the heat metric (SSTI > STI) (Figure S7 in Supporting Information S1).

Different indicators exhibit varying sensitivities in capturing drought and heat events, and the choice of indicators
has a significant effect on the identification of CDHE characteristics (Figures S8 and S9 in Supporting

Figure 2. Spatiotemporal characteristics of compound dry and hot events (CDHEs) in global wheat‐growing regions from
1981 to 2020. (a)–(c) Multi‐index averages of CDHE characteristics: (a) proportion of CDHE days during the wheat growing
season, (b) average event duration (days), and (c) average event intensity. (d)–(f) Relative frequency distributions of (d) the
proportion of CDHE days, (e) event duration, and (f) event intensity across six drought–temperature index combinations:
SPI–STI, SPI–SSTI, SPEI–STI, SPEI–SSTI, SSI–STI, and SSI–SSTI.
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Information S1). Overall, the SPI (meteorological precipitation index) is more sensitive to short‐term precipi-
tation anomalies, such as the higher average CDHE frequency for the identification of SPI− STI combinations
(μ = 3.57%), whereas the SPEI (consideration of evapotranspiration equilibrium) is more strictly defined with a
lower average frequency of dry heat (μ = 3.06%) (Figure 2d). The standardized soil moisture index (SSI),
characterized by its ability to represent long‐term drought conditions, presented the highest average frequency of
detection of CDHEs when it is combined with the SSTI (μ = 4.13%) (Figures 2d–2f). These contrasts align with
soil‐moisture memory (SSI carries antecedent deficits) and reduced evaporative cooling over dry soils (captured
by SSTI), which together favor more persistent dry–hot co‐occurrence. The higher exposure under SSI–SSTI is
consistent with the single‐hazard diagnostics (Figure S8 in Supporting Information S1).

Regarding duration, combinations using SSTI event definitions were more focused on continuity (Figure 2e), with
longer average durations (e.g., SSI− SSTI: μ = 3.79 days). In contrast, SPI–STI combinations identified shorter
events (μ = 2.90 days; Figure 2e). Differences in intensity were particularly pronounced, with the SPEI− SSTI
combination identifying the highest event intensity (μ = 13.07), whereas combinations such as SPI− STI and
SSI− STI were on the lower side (μ = 7.64 and μ = 7.07, respectively; Figure 2f). This indicates that the
evapotranspiration factor considered by the SPEI amplifies the synergistic effect of drought and heat, whereas the
SPI and SSI have relatively low intensities under the definition of a single meteorological or soil variable (Figure
S8 in Supporting Information S1).

From 1981 to 2020 (Figure 3), CDHE frequency, duration, and intensity increased significantly. Across the six
definitions, average trends were 0.82%–1.14% decade− 1 for frequency, 0.14–0.24 days decade− 1 for duration, and
0.34–1.28 units decade− 1 for intensity. SSTI‐based combinations generally showed greater increases, suggesting
that soil heat anomalies exert a stronger influence on CDHE trends. SPEI‐related combinations were the most
sensitive for intensity, with SPEI–SSTI showing the greatest increase (1.28 units decade− 1), whereas SSI‐based
combinations exhibited relatively weaker intensity trends but more pronounced increases in frequency. For in-
tensity, the cross‐definition differences in trend slopes are statistically significant (p < 0.05, ANCOVA), sup-
porting the interpretation that different drought–heat representations lead to different rates of long‐term CDHE
intensification.

3.2. Characteristics of CDHE During the Wheat Growing Season in Major Producing Countries

The 11 major wheat‐producing countries worldwide show consistent intensification and significant regional
heterogeneity in the exposure levels and trends of CDHEs (Figure 4). The results suggest that, in a warming

Figure 3. Variability in compound dry and hot event (CDHE) characteristics in global wheat‐producing regions from 1981 to
2020. (proportion: percentage of CDHE days relative to the total number of growing‐season days; duration: average number
of days per CDHE event; intensity: average intensity per event calculated as the accumulated product of daily standardized
drought and heat index values). Note: The bars below each panel represent the decadal trends (slopes) of the corresponding
CDHE metrics, and asterisks (*) denote statistically significant trends (p < 0.05).
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climate, the main wheat‐producing countries generally face higher frequency, stronger intensity and longer
duration of the compound dry heat risk (Figure S10 in Supporting Information S1).

Overall (Figures 4a–4c), there are clear regional differences in CDHE characteristics across the main producing
countries. The proportion of CDHE days within the growing season was highest in Pakistan (3.66%–4.94%) and
India (3.57%–4.81%), indicating severe CDHE exposure in South Asia. In contrast, the United States, China, and
Australia had medium to high percentages (2.97%–4.8%) of CDHE days, and France, Germany, and other Eu-
ropean countries generally had lower percentages (2.21%–3.27%) of proportion of CDHE days.

For duration, Pakistan had the longest average CDHE duration (3.49–5.01 days), followed by India (3.36–
4.51 days), whereas North American countries (Canada and the United States) and Australia had relatively shorter
durations (2.54− 3.36 days). Combinations that use the SSTI as the heat index tended to display longer durations
than those using the STI. For example, in Pakistan, the SPEI–SSTI combination had an average duration of
5.01 days, whereas the average duration of SPI–STI was 3.49 days. Regarding intensity, Pakistan and India had
the highest CDHE intensities, with those of SPEI–SSTI combination reaching 14.39 and 13.02, respectively,
followed by Russia, Turkey, and China, whereas Canada and Australia presented lower intensity values (5.99–
10.64). Mechanistically, SSTI reflects near‐surface soil heat accumulation and reduced evaporative cooling under
dry soils, favoring longer and stronger events; pairing with SPEI amplifies this response via the water‐balance
(PET) signal. These cross‐definition contrasts were statistically supported, with overall distributional differ-
ences (Friedman p < 0.05) and most pairwise comparisons remaining significant after multiple‐comparison
correction (Figure S7 in Supporting Information S1).

Figure 4. Compound dry and hot event (CDHE) characteristics and trends in 11 major wheat‐producing countries during the
growing season (1981–2020). (a–c) Average proportion of CDHE days, duration, and intensity by country and index
combination. (d–f) Corresponding linear trends (per decade). Note: (AU: Australia, CA: Canada, CN: China, FR: France,
DE: Germany, IN: India, PA: Pakistan, RU: Russia, TU: Turkey, UA: Ukraine, US: United States)
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The frequency, duration, and intensity of CDHEs significantly increased across most major producing countries
from 1981 to 2020, but the magnitude and significance of the trends differed significantly among countries
(Figures 4d–4f). With respect to the frequency of CDHEs, China, Ukraine, and Turkey showed the most sig-
nificant increases (0.87%–2.14% decade− 1), whereas Canada and Pakistan showed flat or slightly decreasing
trends. The increase in event duration was more prominent in France (a maximum of 0.71 days decade− 1) and
Turkey (a maximum of 0.64 days decade− 1), whereas Canada and Australia showed insignificant changes in
CDHE duration. The increase in event intensity was most evident in France (maximum of 3.32 units per decade),
Germany, Ukraine, and Turkey. In contrast, the event intensities in Canada and Australia experienced slight
declines or were stable.

The sensitivity of different combinations of indicators to trend estimation varied. Combinations involving the
SSTI generally detected stronger increases in frequency, duration, and intensity—particularly in China, France,
Germany, Turkey, and Ukraine. SPEI‐based combinations were more responsive in capturing the intensification
of CDHE severity, consistent with water‐balance anomalies that are amplified under hot–dry conditions (higher
PET), thereby steepening intensity trends. In contrast, SSI‐based trends were comparatively moderate, as soil
moisture integrates and lags atmospheric forcing, thereby dampening short‐term intensification signals.

3.3. Relationship Between CDHEs and Wheat Yield Changes

When the frequency of CDHEs exceeded 10%, approximately 73% of the global wheat‐growing regions expe-
rienced negative yield anomalies, with a mean anomaly of − 6.3% (Figure 5a). The areas with negative yield
anomalies were mainly distributed from Eastern Europe to the West Asia Grain Belt, central North America,
southern South America, and southeastern Australia, which are areas with a high frequency of CDHEs, indicating
significant spatial aggregation. This suggests that when the frequency of the CDHE exceeds the critical threshold,

Figure 5. Relationship between the frequency of compound dry and hot events (CDHEs) and wheat yield changes. (a) Spatial
distribution of yield anomalies in response to high CDHE frequencies (>10%) across global wheat‐growing regions.
(b) Yield changes for different CDHE frequency intervals and drought‒temperature index combinations.
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the global wheat production in the main producing regions is systematically suppressed, and the areas with in-
creases in production are limited in size and scattered.

Further analysis revealed the distribution of the wheat yield response with respect to the percentage of occurrence
of CDHE under different combinations of drought and high‐temperature indicators (Figure 5b). Overall, as the
percentage of dry− heat events increased from 10% to >30%, the negative yield anomalies significantly increased
for all indicator combinations. When the frequency of occurrence was above 30%, the SPEI–STI combination
resulted in the greatest mean negative YA (− 21.22%), followed by SSI–STI (− 19.57%) and SPI–STI (− 18.48%),
whereas the SSI‐SSTI combination resulted in the smallest anomaly (− 14.18%). The combinations that use the
STI as a temperature indicator were generally more sensitive for identifying yield declines than the SSTI was for
the same drought indicator. Although the distribution of yield changes characterized by each group of indicators
was similar, the magnitude of yield changes reflected sensitivity differences. Drought indices incorporating
evapotranspiration or soil moisture components, such as the SPEI and SSI, exhibited greater sensitivity and
consistency in explaining negative yield anomalies under high‐frequency CDHE conditions.

A conditional probability analysis at the annual scale revealed a pronounced amplification of yield‐anomaly risk
associated with CDHEs (Figure S11a in Supporting Information S1). The likelihood of negative yield anomalies
in CDHE years (0.67) exceeds that in years with individual drought or heat extremes by roughly one‐third. This
elevated risk is compounded by a substantially greater mean negative YA during CDHEs compared to single‐
hazard events (Figure S11b in Supporting Information S1), highlighting a synergistic impact that leads to
disproportionately large losses.

To further quantify the statistical relationship between the frequency of CDHEs and wheat yield anomalies,
Figure 6 presents the correlation coefficients between the six indicator combinations and wheat yield at the global
and national scales. At the global level, the correlations between all indicator combinations and negative yield
anomalies loss are positive (0.14− 0.16), indicating that an increase in the frequency of CDHEs consistently
decreases the wheat yield in the main producing regions of the globe overall, regardless of the type of
drought− high temperature indicator used. The narrow range of correlations mainly reflects spatial averaging
across diverse agro‐climatic environments, and thus the overall sign and magnitude of correlations appear robust
to index choice at the global scale, while regional performance may still vary depending on hydroclimatic context
and water‐management conditions.

At the national scale, wheat yield responses to CDHE frequency exhibit greater variability (Figure S12 in
Supporting Information S1). Canada has the greatest sensitivity, with correlation coefficients reaching 0.33 for
the SSI–STI, SSI–SSTI, and SPEI–SSTI combinations, the highest among those of all countries. Australia follows
closely (0.25–0.30), whereas Russia, Turkey, Ukraine, and the United States exhibit moderate to strong corre-
lations (0.21–0.27). The correlations for France, Germany, and Pakistan are relatively weak (0.11–0.21). In
contrast, all index combinations in China and India exhibit extremely low correlations (<0.07). This does not
necessarily indicate that CDHEs have no impact in these regions. It may instead suggest that their direct effects on
yield may be significantly buffered by widespread irrigation coverage, or that the underlying impact mechanisms
are more complex and not fully captured by the selected indices.

In the comparison of indicator combinations, the combination of the SSI and SSTI performs best in drought and
high temperature risk regions such as Canada and Australia, indicating that soil water deficit in the root zone and

Figure 6. Correlation between the proportion of compound dry and hot events and wheat yield anomalies. Note: Each
country's correlation was computed using all valid wheat grid–year observations (sample size = number of grid
cells × number of years). Asterisks indicate statistically significant correlations (p < 0.05).
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persistent heat stress have a stronger control on wheat yield. In Russia, Western Europe and other middle and
high‐latitude regions, the SPEI‐STI combination and other weather‒evapotranspiration indicators better reflect
the compound effect of high temperatures superimposed with drought and have stronger explanatory power for
yield changes; while SPI combinations are effective in some regions, their overall stability and response strength
are weaker. The low correlations observed in China and India further suggest that the direct effect of CDHE on
yield is relatively limited in areas with extensive irrigation coverage. Taken together, these patterns indicate that
global‐scale robustness does not preclude regional differentiation, and that index selection should reflect
dominant stress pathways and local water management. Overall, the relatively consistent correlations across
index combinations suggest that index choice does not materially alter the global‐level conclusion; however, it
remains important for regional or process‐oriented analyses, where representations of evapotranspiration or soil‐
moisture dynamics (e.g., in SPEI‐ or SSI‐based definitions, especially with SSTI) can better capture yield
sensitivity to CDHEs.

4. Discussion
4.1. Attribution Analysis of Spatiotemporal Patterns and Regional Response Mechanisms

Changes in CDHE characteristics are closely related to global warming (Goulart et al., 2021; Hu et al., 2024). This
study revealed that between 1981 and 2020, there was a strong correlation between temperature during the
growing season in global wheat‐growing regions and changes in CDHE characteristics. As temperatures rose
during the growing season, the frequency, duration, and intensity of CDHEs tended to increase (Figure S13 in
Supporting Information S1). Rising temperatures increase potential evapotranspiration (PET), exacerbating soil
moisture deficits under conditions of insufficient precipitation and thereby increasing the probability of con-
current drought and heat events (Gebrechorkos et al., 2025). A critical process driving this phenomenon is the
land–atmosphere coupled feedback mechanism. Drought conditions reduce the cooling effect associated with
vegetation evapotranspiration, increasing surface sensible heat fluxes. This process, in turn, elevates surface and
air temperatures, establishing a positive feedback loop whereby drought and heat mutually reinforce each other
(Heino et al., 2023). The 40‐year period analyzed in this study is sufficient to capture robust multidecadal ten-
dencies in CDHE frequency, duration, and intensity. Nevertheless, these variations likely reflect the combined
influence of externally forced climate change and internal climate variability. The observed long‐term trends are
consistent with the expected response to anthropogenic greenhouse‐gas forcing, while part of the regional and
interdecadal fluctuations may be associated with large‐scale natural variability modes such as the Pacific Decadal
Oscillation (PDO) and the Atlantic Multidecadal Oscillation (AMO) (Lin & Qian, 2022; McKinnon &
Deser, 2018; Newman et al., 2016).

At the regional scale, the variation in CDHE characteristics exhibited significant spatial heterogeneity. These
regional differences are not only related to hydrothermal conditions, but also closely related to local land‒at-
mosphere interactions and agricultural management practices (Hao et al., 2022; Tripathy et al., 2023). In arid and
semiarid regions (e.g., parts of Central Asia, West Asia, and South Asia), limited background soil water storage
leads to rapid soil moisture depletion during precipitation deficits, which increases the intensity and persistence of
surface temperature responses. As a result, CDHEs in these areas tend to be more intense and prolonged (Figure
S14 in Supporting Information S1). South Asia, which depends highly on monsoonal rainfall, is particularly
vulnerable to the rapid co‐occurrence of drought and heat due to monsoon variability (Rajeev et al., 2022).
Notably, even humid regions such as France and Germany have experienced a marked increase in the number of
CDHEs in recent years, driven by reduced summer precipitation and more frequent heatwaves (Markonis
et al., 2021). This suggests that under ongoing climate warming, humid regions are also increasingly exposed to
CDHE risk. In contrast, wheat‐producing regions in North America (e.g., the United States and Canada) exhibit
relatively weak or non‐significant trends in CDHE frequency and intensity. Analysis of growing‐season tem-
perature trends revealed that these regions experienced relatively modest warming compared to other major
production areas (Figure S15 in Supporting Information S1), suggesting that a lower rate of warming may limit
the exacerbation of CDHEs (He et al., 2024).

4.2. Impact of Indicator Selection on CDHE Identification and Applicability Assessment

Different combinations of drought and temperature indicators exhibit marked differences in their ability to
identify CDHE characteristics, reflecting inherent differences in their physical interpretations and responsiveness
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to dry− heat processes (Afrooz et al., 2023). The SPEI, which incorporates the impact of temperature on
evapotranspiration, is more sensitive for capturing the synergistic intensification of dry− heat stress (Peng
et al., 2024). When combined with the SSTI, the SPEI–SSTI pairing typically identifies the highest CDHE in-
tensity and rates of increase, which is particularly notable in regions such as China, South Asia, and Eastern
Europe. In contrast, the SPI, which accounts for only precipitation anomalies, is more sensitive to short‐term
rainfall variability and is less capable of capturing prolonged drought–heat interactions. The standardized soil
moisture index (SSI), on the other hand, reflects the soil water content with inherent lag and buffering effects,
often delaying the detection of drought signals. Consequently, CDHE trends identified using SPI or SSI‐based
combinations tend to be more conservative (Feng et al., 2021; Prabhakar et al., 2023).

The choice of high‐temperature indicators is also critical. The STI reflects near‐surface air temperature anomalies
and is more sensitive to short‐lived heatwaves, whereas the SSTI is based on soil temperature and exhibits
stronger thermal inertia and cumulative effects, making it more suitable for identifying longer‐lasting heat
anomalies. When SSTI is combined with SSI, the resulting CDHE definitions directly couple root‐zone soil‐
moisture deficits with elevated soil temperatures, characterizing episodes when soils are both dry and anoma-
lously warm. In rain‐fed systems, pairing SSTI with SPEI provides a complementary view of atmospheric water‐
balance stress that often coincides with progressive drying of the root zone. Under such coupled water–heat stress,
elevated soil temperatures and low soil moisture can constrain root growth, reduce root hydraulic conductance,
and limit water and nutrient uptake along the soil–plant–atmosphere continuum, thereby increasing the vulner-
ability of yield formation to CDHEs (Fahad et al., 2017; Tricker et al., 2018). Recent evidence that soil heat
extremes can outpace air temperature extremes (García‐García et al., 2023) further supports the use of soil‐
temperature‐based indices such as SSTI to represent the persistent thermal component of CDHEs that directly
affects crop root systems. Accordingly, SSTI‐related combinations (such as SPEI–SSTI and SSI–SSTI) typically
identify CDHEs with higher frequencies, longer durations, and stronger trends, and show tighter links to negative
yield anomalies in drought‐ and heat‐prone regions (Fan et al., 2024). This also indicates that the SPEI–SSTI and
SSI–SSTI combinations can serve as observational benchmarks for evaluating whether climate and Earth System
Models (e.g., CMIP6) realistically reproduce soil‐moisture–temperature coupling and agriculturally relevant
compound dry–hot extremes.

Overall, the contrast among these indicators underscores the importance of selecting physically meaningful
indices that align with regional climate characteristics and agricultural management needs in CDHE risk
assessment. For example, in semi‐arid regions, combinations such as SSI–SSTI or SPEI–SSTI are more effective
at capturing root‐zone water–heat stress interactions (Zhang et al., 2023b), whereas in humid regions where
droughts are mainly precipitation‐driven, the SPI–STI combination remains applicable.

4.3. Regional Heterogeneity in Wheat Yield Response to the CDHE

Although compound dry and hot events (CDHEs) have a widespread and significant negative impact on global
wheat production, the magnitude of regional responses varies considerably (Lesk et al., 2022). At the global scale,
major wheat‐producing areas are generally exposed to CDHEs and are at high risk of negative yield anomalies.
However, the sensitivity to CDHEs exhibits pronounced spatial heterogeneity across regions. This heterogeneity
arises primarily from the interplay of multiple factors, including regional climatic conditions, water resource
availability, agricultural management practices, and the physiological vulnerability of wheat crops (Hultgren
et al., 2025).

Agricultural production in arid and semiarid regions (e.g., Central Asia, South Asia, and Eastern Europe) is
predominantly rain‐fed, making crops highly susceptible to the compounded effects of water stress and high
temperatures (Zhang et al., 2024). Across the major Köppen climate zones, the multi‐indicator results summa-
rized in Figure S16 in Supporting Information S1 show that CDHE‐related negative yield anomalies tend to be
stronger in arid and semiarid regions than in humid or tropical regions, with temperate zones generally exhibiting
intermediate responses across different drought–heat index combinations. These stresses are particularly pro-
nounced during critical growth stages, especially heading and grain filling, when the synergy between drought
and heat can lead to substantial reductions in the number of grains per spike and poor grain filling, ultimately
resulting in severe negative yield anomalies (Mirosavljević et al., 2024; Qaseem et al., 2019). In contrast, regions
with sufficient water resources or well‐managed irrigation systems (e.g., China and parts of North America) are
less vulnerable. The occurrence of CDHEs had less of an impact on changes in wheat yields than did areas with
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little irrigation (Figure S17 in Supporting Information S1). Irrigation helps maintain soil moisture and reduce
surface temperatures, thereby effectively alleviating the co‐occurring stresses of drought and heat, and mitigating
the negative impacts of CDHE on wheat yields (Li et al., 2020; Liu et al., 2024; Troy et al., 2015). However, the
buffering role of irrigation needs to be viewed in the context of water‐resource sustainability and potential trade‐
offs. More frequent CDHEs and warmer conditions are expected to increase irrigation water demand in many
agricultural regions, particularly in basins that are already water‐stressed, which may accelerate groundwater
depletion and intensify competition with other water users (Lopez et al., 2022; Zhang et al., 2025). Under such
conditions, shifting from water‐intensive surface methods such as flood or furrow irrigation towards more
efficient sprinkler or drip systems, together with improved irrigation scheduling, can help maintain wheat yields
while slowing the growth in consumptive water use (Guo et al., 2022; Yang et al., 2020). Such adaptive measures
are essential for enhancing the resilience of wheat production to increasing compound dry–hot stress under a
warming climate.

Spring and winter wheat exhibit distinct sensitivities to CDHEs. To isolate phenological effects from regional
climatic influences, we compared their CDHE exposure and yield responses within co‐cultivated regions (Figure
S18 in Supporting Information S1). Both spring and winter wheat show increasing CDHE proportions over 1982–
2015, but the trend is steeper for spring wheat (1.4% decade− 1) than for winter wheat (0.7% decade− 1).
Consistently, spring wheat shows a stronger negative correlation between CDHE frequency and yield anomalies
(r= − 0.34, p < 0.05) than winter wheat (r= − 0.26, p > 0.05). This contrast is largely attributable to phenological
timing: the critical reproductive stages of spring wheat often coincide with peak hot and dry conditions, when
combined heat and water stress are known to cause large negative yield anomalies by damaging reproductive
organs and limiting grain set and filling (Akter & Islam, 2017; Djanaguiraman et al., 2020). By contrast, winter
wheat typically completes key developmental stages earlier in the season and is more frequently buffered by
residual soil moisture and supplemental irrigation, which can sustain transpiration and reduce canopy and near‐
surface temperatures during warm, dry periods (Tack et al., 2017; Thiery et al., 2017). Together, these mecha-
nisms help explain why spring wheat is more vulnerable to CDHEs than winter wheat in co‐cultivated regions.

Moreover, the choice of drought–heat indicator combination plays a crucial role in accurately capturing crop
responses (Feng et al., 2021; Li, Wang, Li, et al., 2025, Li, Wang, Li, et al., 2025). Compared with SPI‐based
combinations that rely solely on precipitation, combinations involving the SPEI or SSI generally exhibit stron-
ger correlations with yield anomalies. This suggests that incorporating evapotranspiration demand or soil
moisture dynamics into drought indices better reflects real crop water stress conditions, thereby improving the
ability to explain yield variability (Chen et al., 2020; Yao et al., 2022). Similarly, temperature indicators such as
the SSTI, which accounts for soil thermal conditions, are more effective in detecting prolonged heat episodes
(García‐García et al., 2023). These indices are better suited for capturing the long‐term physiological stress
imposed by sustained high temperatures, making them particularly valuable for precise assessments of yield loss
risk under compound dry–hot conditions. Clarifying the mechanisms of these impact is essential for increasing the
scientific accuracy and reliability of CDHE risk assessments. Clarifying these mechanisms and their interaction
with irrigation conditions is essential for increasing the scientific accuracy and reliability of CDHE risk as-
sessments and for designing region‐specific, water‐efficient adaptation strategies.

4.4. Limitations and Future Perspectives

Although this study provides a foundation for understanding the spatiotemporal characteristics of CDHEs in
major global wheat‐producing regions and its mechanisms of influence on yield, several issues where future
research could enhance and extend the current findings remain.

First, the current analysis does not incorporate additional key physiological stress indicators, such as vapor
pressure deficit (VPD), which has been shown in previous studies to more directly capture the effects of at-
mospheric dryness on crop physiological processes (Grossiord et al., 2020). Integrating the VPD and related
parameters into the CDHE identification framework could increase the physiological relevance and explanatory
power of dry–hot stress at the crop scale. Second, a unified absolute threshold was adopted to define CDHEs in
this study. While this approach improves cross‐regional comparability, it may overlook the variability in climate
backgrounds and varietal sensitivity to heat and drought stress. Future research could explore percentile‐based
dynamic thresholds to improve the regional adaptability and agricultural applicability of these indicators (Wu,
Hao, Tang, et al., 2020). Moreover, the use of annual yield data limits the ability to assess the stage‐specific
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impacts of CDHEs during critical periods of wheat growth. Future efforts should couple crop growth models (e.
g., EPIC‐IIASA) with high‐resolution climate scenario data sets (e.g., CMIP6) to simulate how different types of
CDHEs influence physiological processes and final yields at key developmental stages. Such an approach would
enable a more detailed quantification of yield risks under future climate conditions (Jägermeyr, Müller, Ruane,
et al., 2021). Furthermore, the potential benefits of different adaptation strategies (such as adjusting planting
dates, optimizing irrigation methods, and breeding heat‐tolerant and drought‐resistant varieties) in mitigating the
impacts of CDHEs must be assessed. A comprehensive quantitative framework based on models will provide
scientific support for future agricultural climate risk management and policy‐making. Future work could further
disentangle externally forced signals from internal climate variability by combining longer observational records
with large‐ensemble climate simulations and explicit indices of major natural variability modes (e.g., PDO,
AMO) when analyzing CDHE and yield time series.

5. Conclusion
In this study, the evolution of CDHE and their impacts on wheat yield across major global wheat‐producing
regions from 1981 to 2020 were assessed on the basis of multiple combinations of drought (SPI, SPEI, and
SSI) and heat (STI and SSTI) indicators. Under continued global warming, the frequency, duration, and intensity
of CDHEs during the wheat growing season have significantly increased, with the most pronounced trends
observed in arid and semiarid regions such as Eastern Europe, Central Asia, and Turkey. These changes are
closely linked to regional hydroclimatic conditions, coupled land‒atmosphere processes, and agricultural man-
agement, with marked spatial heterogeneity.

The analysis revealed substantial differences among indicator combinations in identifying and characterizing
CDHE trends. The SSI–SSTI combination, which incorporates soil characteristics, was the most sensitive to
changes in frequency, whereas the SPEI–SSTI combination, which accounts for evapotranspiration demand, was
most effective for assessing event intensity and duration. In contrast, the SPI–STI combination, which is based
solely on precipitation and air temperature, tended to yield more conservative estimates in most regions. These
findings underscore the importance of indicator selection for compound event detection and suggest that suit-
ability assessments should integrate both meteorological–physiological mechanisms and regional environmental
characteristics to increase stability and applicability. In this context, the SPEI–SSTI and SSI–SSTI combinations
identified here provide process‐oriented observational metrics that can be used to assess and improve the per-
formance of current climate and Earth System Models (e.g., CMIP6) for simulating soil‐moisture–temperature
coupling and associated agricultural risks.

CDHEs have emerged as a significant threat to global wheat yields. When the percentage of CDHE days exceeded
10%, over 70% of the wheat‐growing regions experienced negative yield anomalies, with an average reduction of
6.3%. However, yield responses varied considerably across regions, with Canada, Australia, and Central Asia
exhibiting the highest vulnerability, whereas countries with extensive irrigation systems, such as China and India,
presented more buffered impacts. Furthermore, combinations involving the SPEI or SSI as drought indicators and
the SSTI as the heat indicator showed stronger correlations with negative yield anomalies across most major
production regions. These results highlight the advantages of incorporating evapotranspiration and soil moisture
status to more accurately capture crop stress under compound extremes. This study clarifies the evolving char-
acteristics and agricultural risks of CDHEs and provides a scientific foundation for developing region‐specific
adaptation strategies and agricultural management policies in the context of increasing climate extremes,
emphasizing the importance of appropriate monitoring indicators and region‐specific adaptation planning to
enhance agricultural resilience. By integrating multiple drought and heat indices within a multi‐indicator
assessment framework and identifying combinations that better capture key stress signals across regions and
growth stages, this study can help optimize agrometeorological monitoring and early‐warning systems for CDHE
risk. It also provides decision‐relevant evidence for regionally adaptive cropping systems (e.g., stress‐tolerant
cultivar selection and planting date adjustments). Furthermore, it can support irrigation planning and water
allocation decisions, and may inform broader water‐management policies under intensifying compound extremes.
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Availability Statement
All data used in this study are publicly available. Daily climate reanalysis data used to construct CDHE indices
were obtained from the ERA5 post‐processed daily‐statistics on single levels product of the Copernicus Climate
Change Service Climate Data Store, (2024). Gridded wheat yield data were primarily taken from the Global Data
set of Historical Yields for Major Crops (GDHY; Iizumi, 2019), with additional coverage from the Global-
CropYield5min data set (Cao et al., 2024) to improve spatial completeness. Global wheat harvested area, crop
calendar information, and crop type classification data were derived from SPAM2010 (IFPRI, 2019), the GGCMI
Phase 3 crop calendar data set (Jägermeyr, Müller, Minoli, et al., 2021), and the GEOGLAM global crop mask
(Becker‐Reshef et al., 2022). All data sets are summarized in Table S1 in Supporting Information S1. Some
sources may require user registration prior to data access.
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