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Abstract. Compound heatwave-extreme precipitation (CHWEP) events, characterized by the 

rapid succession of heatwaves and extreme precipitation, pose escalating compound and cascading 
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hazards. Yet, global-scale comparisons of their spatiotemporal evolution relative to single extremes 25 

remain limited. This study systematically examines the changes in CHWEP and corresponding 

single extremes from 1980 to 2100 using climate observations and projections under SSP (Shared 

Socioeconomic Pathway) 2-4.5 and SSP5-8.5 scenarios. We find that CHWEP exhibit higher 

frequency, stronger precipitation, and longer heatwave duration in mid-to-high latitudes of the 

Northern Hemisphere, while tropical CHWEP feature more intense heatwaves than single 30 

heatwave events. These spatial contrasts persist in future projections. Under both scenarios, 

CHWEP and single extreme metrics intensify globally by 2056-2100, with post-heatwave 

precipitation exceeding that of single precipitation extremes, particularly under SSP5-8.5, 

highlighting sensitivity to greenhouse forcing. Critically, the co-occurrence is non-random, 

indicating an emerging physical linkage. In the tropics, the likelihood of extreme precipitation 35 

following heatwaves increases markedly. Our findings demonstrate that CHWEPs are evolving 

into a distinct, intensifying hazard class, necessitating their integration into climate resilience, early 

warning, and adaptation frameworks. 

1  Introduction 

        Global warming has significantly increased the frequency and intensity of extreme climate 40 

events, posing growing threats to human societies and ecosystems (Diffenbaugh et al., 2017; Gu 

et al., 2022; Myhre et al., 2019). Among these, heatwaves and extreme precipitation are two of the 

most widespread and hazardous types of extreme weather (Raghavendra et al., 2018; Sun et al., 

2024). They are typically treated as independent phenomena, as their physical mechanisms and 

manifestations are contrasting, and they rarely occur simultaneously at the same location (Sauter 45 

et al., 2023a; Sun et al., 2023). However, heatwaves and extreme precipitation can also exhibit a 

lagged, causally linked relationship. Prolonged heatwaves modify land-atmosphere feedbacks by 
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drying soils, warming the planetary boundary layer, and accumulating atmospheric instability, 

thereby priming the atmosphere for subsequent extreme rainfall. This physical coupling establishes 

a sequential “heat-then-rain” compound event chain (Chen et al., 2022; Li et al., 2025; Liu et al., 50 

2024; Yang and Yuan, 2025). 

        The concept of compound extreme events was first introduced in the IPCC 

(Intergovernmental Panel on Climate Change) Fifth Assessment Report (AR5) and has been 

further refined in AR6 into four categories: multivariate, multi-event, temporally compounding, 

and spatially compounding extremes (Bevacqua et al., 2023; Fang et al., 2025; Fischer and Knutti, 55 

2015). Studies have shown that the impacts of compound events often far exceed the simple sum 

of single extremes, exhibiting significant nonlinear amplification effects (Ning et al., 2022; Zhao 

et al., 2022). Among these, compound heatwave-extreme precipitation (CHWEP) events have 

attracted increasing attention due to their potential to trigger "drought-to-flood" transition disaster 

chains (Ganguli and Merz, 2024; Götte and Brunner, 2024; Sauter et al., 2023b; Zhou et al., 2023). 60 

This study focuses on temporally consecutive heatwaves and extreme precipitation, defined here 

as compound heatwave-extreme precipitation (CHWEP) events. Existing research remains 

predominantly regional, leaving global-scale spatiotemporal patterns, long-term trends, and 

physical drivers of CHWEP events poorly characterized, particularly when benchmarked against 

single extremes (Jin et al., 2024; Mazdiyasni and AghaKouchak, 2015; Miao et al., 2024; Zhou et 65 

al., 2024). Furthermore, projected changes in CHWEP frequency, intensity, and associated 

compound risks under continued warming remain largely unquantified, representing a critical 

knowledge gap for climate risk assessment (Séférian et al., 2019; Xiong et al., 2023; You and Wang, 

2021; Zscheischler et al., 2018). 
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        In this study, based on multiple reanalysis datasets and the multi-model ensemble from the 70 

Coupled Model Intercomparison Project Phase 6 (CMIP6), we define CHWEP events along with 

their corresponding single heatwave and extreme precipitation events. First, we systematically 

compare the historical changes (1980-2024) and future projections (2056-2100) in the frequency, 

intensity, and duration of CHWEP events and their single-component counterparts at the global 

scale. Second, we investigate the potential linkage between heatwaves and extreme precipitation 75 

events through probabilistic analysis, demonstrating that CHWEP events are not merely the result 

of coincidence. This study systematically contrasts the spatiotemporal evolution of CHWEP events 

with that of single extremes across historical and future climate periods. By quantifying the distinct 

dynamics of compound versus standalone hazards, our findings provide a critical scientific 

foundation for improving extreme weather early-warning systems and offer actionable guidance 80 

for enhancing societal climate resilience. 

        In the remainder of this manuscript, Section 2 describes the three reanalysis datasets and four 

CMIP6 global climate models (GCMs) used to identify temporally consecutive CHWEP events. 

Section 3 presents the methodologies for defining single heatwave, single extreme precipitation, 

and CHWEP events, determined by temperature thresholds, extreme precipitation thresholds, and 85 

a time window. And further examines the statistical significance of differences among metrics of 

different event types, as well as the randomness of their co-occurrence. Section 4 presents the 

results along with interpretability analyses. Section 5 discusses key insights derived from this study. 

Finally, Section 6 provides the concluding remarks. 

2  Data 90 

        In this study, we utilize three widely adopted global reanalysis products: ERA5-Land (Sun et 

al., 2024), MERRA-2 (Chen et al., 2019), and JRA-55 (KOBAYASHI et al., 2015), which have 
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been extensively validated for climate diagnostics, hydrological modeling, and extreme event 

detection (Chen et al., 2019; Huang et al., 2015; Wang et al., 2019a). We extracted daily 

precipitation and daily maximum temperature records spanning 1980-2024. To harmonize spatial 95 

resolutions and mitigate dataset-specific biases, all fields were resampled to a uniform 1° × 1° grid 

via kriging interpolation. An ensemble mean of the three reanalysis products was then computed 

and used as the definitive input for identifying single extreme events and CHWEPs. To analyze 

the future evolution of CHWEP events, we used daily precipitation and daily maximum 

temperature outputs from six CMIP6 GCMs for the period 2056-2100, under two Shared 100 

Socioeconomic Pathway (SSP) scenarios: SSP2-4.5 (representing a medium emission scenario) 

and SSP5-8.5 (representing a high emission scenario) (Table S1) (Balaji et al., 2018; Juckes et al., 

2020). These six GCMs were selected based on their demonstrated skill in reproducing historical 

temperature extremes and their spatial resolutions, which are well-suited for regional-scale 

analysis (Ridder et al., 2021). Similarly, the model data were interpolated to a 1° × 1° grid using 105 

kriging, and the multi-model mean was computed to identify single extreme events and CHWEPs 

(Hausfather et al., 2022). 

3  Methods 

3.1  Precipitation and temperature deviation correction 

        Quantile delta mapping (QDM) is a trend-preserving bias correction framework that adjusts 110 

climate model outputs while explicitly retaining projected changes across all statistical quantiles 

(Dai et al., 2022). By avoiding the artificial dampening of distributional shifts, QDM is particularly 

well-suited for characterizing extreme weather events under non-stationary climate conditions. It 

merges traditional quantile mapping (QM) principles with a delta change approach, ensuring that 

relative differences between quantiles from observational data and climate model outputs are 115 
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preserved while addressing systematic biases inherent in climate projections. The QDM 

methodology encompasses two primary steps. It first applies a quantile mapping technique to 

adjust the bias of climate model outputs based on observed data. In this study, we use the historical-

period (1980-2024) average of three reanalysis datasets as the reference baseline. Unlike 

traditional QM method, QDM preserves projected changes in the distribution of these quantiles 120 

across various conditions rather than simply replacing simulated values with observed ones based 

on corresponding quantiles (Kim et al., 2020). This results in outputs that better represent both 

historical and future states of climate data while maintaining the behavior of extreme weather 

phenomena, thus avoiding distortions that may occur with standard quantile mapping approaches 

(Qin and Dai, 2022). The bias correction formulas for precipitation and temperature are as follows: 125 

𝑝 = 𝐹𝑀,𝑓(𝑥)                                                                (1) 

𝑃𝑄𝐷𝑀 = 𝑄𝑅(𝑝) ×
𝑄𝑀,𝑓(𝑝)

𝑄𝑀,ℎ(𝑝)
                                                     (2) 

𝑇𝑄𝐷𝑀 = 𝑄𝑅(𝑝) + [𝑄𝑀,𝑓(𝑝) − 𝑄𝑀,ℎ(𝑝)]                                          (3) 

where 𝑝  is the cumulative probability, 𝐹𝑀,𝑓  is the cumulative distribution function (CDF) of 

precipitation or temperature under the CMIP6 future scenario, and 𝑥  is the precipitation or 130 

temperature value in the future period, 𝑃𝑄𝐷𝑀 is the precipitation value after QDM bias correction, 

𝑄𝑅(𝑝) represents the quantile of precipitation or temperature in the reanalysis data corresponding 

to cumulative probability 𝑝, 𝑄𝑀,𝑓(𝑝) is the quantile of precipitation or temperature in the CMIP6 

future simulation at cumulative probability 𝑝 , and 𝑄𝑀,ℎ(𝑝)  is the quantile of precipitation or 

temperature in the CMIP6 historical simulation at cumulative probability 𝑝 , 𝑇𝑄𝐷𝑀  is the 135 

temperature value after QDM bias correction. It is worth noting that since this study primarily 

focuses on the relative differences between CHWEP events and single extreme events, rather focus 
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on absolute magnitudes, the precise accuracy of the absolute values does not affect the overall 

conclusions. 

3.2  Identification and characteristics of CHWEP events 140 

        In this study, we first define heatwave events and extreme precipitation events. A heatwave is 

identified as a period of at least three consecutive days (≥3 days) during which the daily maximum 

temperature exceeds the 90th percentile threshold of historical daily maximum temperatures 

(Wang et al., 2019b; Zscheischler et al., 2020). That is, the 90th percentile of the daily maximum 

temperature time series from 1980 to 2024 at each grid point is used as the threshold for defining 145 

heatwaves. Extreme precipitation is defined as a daily precipitation amount exceeding the 90th 

percentile threshold derived from all wet days (>1 mm) in the historical period. That is, the 90th 

percentile of the daily precipitation time series on wet days (>1 mm) from 1980 to 2024 at each 

grid point is used as the threshold for defining extreme precipitation events. The purpose of 

selecting the 90th percentile as the threshold is to obtain a sufficient number of heatwave and 150 

extreme precipitation event samples. In the future SSP2-4.5 and SSP5-8.5 scenarios, the thresholds 

for extreme precipitation and heatwave events are defined using the thresholds established during 

the historical period based on reanalysis data. The CHWEP event is characterized by the 

occurrence of an extreme precipitation event within 7 days following a heatwave event (You and 

Wang, 2021). This 7-day window is chosen to ensure a physically plausible linkage between the 155 

two events while maintaining a sufficient sample size for statistical analysis (Ridder et al., 2020; 

Sauter et al., 2023b). Events that do not meet the CHWEP criteria are classified as single heatwave 

or single extreme precipitation events (Fig. 1). We defined four metrics to quantify the 

characteristics of CHWEPs and single extreme events (extreme precipitation and heatwaves) 
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occurring within a given year: Frequency (𝐹 ), Heatwave intensity (𝐼𝑇 ), Extreme precipitation 160 

intensity (𝐼𝑃), and Duration (𝐷). The calculation formulas are as follows: 

𝐹𝐶 = 𝑛𝐶; 𝐹𝑆 = 𝑛𝑆                                                          (4) 

𝐼𝑇,𝐶 =
1

𝑚𝐶𝑇
∑ 𝑇𝑖

𝑚𝐶𝑇
𝑖=1 ; 𝐼𝑇,𝑆 =

1

𝑚𝑆𝑇
∑ 𝑇𝑖

𝑚𝑆𝑇
𝑖=1                                       (5) 

𝐼𝑃,𝐶 =
1

𝑚𝐶𝑃
∑ 𝑃𝑖

𝑚𝐶𝑃
𝑖=1 ; 𝐼𝑃,𝑆 =

1

𝑚𝑆𝑃
∑ 𝑃𝑖

𝑚𝑆𝑃
𝑖=1                                       (6) 

𝐷𝐶 =
1

𝑛𝐶
∑ 𝑑𝐶,𝑗

𝑛𝐶
𝑗=1 ; 𝐷𝑆 =

1

𝑛𝑆
∑ 𝑑𝑆,𝑗

𝑛𝑆
𝑗=1                                         (7) 165 

where 𝐹 denotes the annual frequency (i.e., total number of occurrences) of CHWEPs or single 

heatwave events, the subscripts 𝐶  and 𝑆  indicate CHWEPs and single extreme events, 

respectively, 𝑛𝐶 and 𝑛𝑆  are the total number of occurrences of CHWEPs and single heatwave 

events in a year, respectively, 𝐼𝑇 represents the mean daily maximum temperature during the 

heatwave periods of CHWEPs or single heatwave events in a year,  𝑚𝐶𝑇 and 𝑚𝑆𝑇 represent the 170 

total number of heatwave days within CHWEPs and within single heatwave events in a year, 

respectively, 𝑇𝑖 denote the daily maximum temperature on the 𝑖 − 𝑡ℎ day, 𝐼𝑃 denotes the mean 

daily precipitation during the extreme precipitation periods of CHWEPs or single extreme 

precipitation events in a year, 𝑚𝐶𝑃 and 𝑚𝑆𝑃 represent the total number of extreme precipitation 

days within CHWEPs and within single extreme precipitation events in a year, respectively, 175 

𝑃𝑖 denote the daily precipitation amount on the 𝑖 − 𝑡ℎ day, 𝐷 refers to the mean duration (in days) 

of the heatwave periods within CHWEPs or single heatwave events in a year, 𝑑𝐶,𝑗 and 𝑑𝑆,𝑗 denote 

the heatwave duration (in days) of the 𝑗 − 𝑡ℎ  CHWEP and the 𝑗 − 𝑡ℎ single heatwave event, 

respectively. 
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Figure 1. Schematic illustration of CHWEP and single extreme precipitation and heatwave 

events extracted from daily precipitation and daily maximum temperature time series over a year. 

3.3  Significance test of median difference 

        In this study, the Wilcoxon rank-sum test (WRST) was employed to rigorously assess 

differences in the central tendency of extreme event characteristics. Specifically, we compared 185 

CHWEP against single extremes, as well as future projections (2056-2100) against the historical 

baseline (1980-2024). Unlike parametric tests that rely on mean differences and strict normality 

assumptions, the WRST is a rank-based non-parametric method specifically sensitive to 

distributional location shifts. For extreme climate data, these location shifts are robustly interpreted 

as median differences, which better represent the typical magnitude of events without being 190 

distorted by heavy tails, pronounced skewness, or rare outliers (Guerreiro et al., 2018). By 

operating on ranked values rather than raw measurements, the WRST inherently neutralizes the 

influence of non-normality and heteroscedasticity, while maintaining high statistical power to 

detect genuine shifts in the central tendency of two independent sequences (Babüroğlu et al., 2021; 
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Dao, 2022). Consequently, the WRST provides a statistically rigorous and physically meaningful 195 

framework for evaluating how compound interactions and future climate forcing alter the 

characteristic scale of extreme events. In this study, statistical significance was assessed at the 5% 

level (𝛼 =  0.05). 

3.4  Event coincidence analysis 

        CHWEP events may arise either from the random co-occurrence of heatwaves and extreme 200 

precipitation, or through a potential physical linkage whereby the occurrence of heatwaves 

promotes the subsequent development of extreme precipitation (Liu et al., 2024; Ning et al., 2022).  

To quantify the statistical dependencies underlying CHWEP events, we employ event coincidence 

analysis (ECA). ECA is a robust statistical framework designed to evaluate temporal associations 

between discrete events across multiple time series (Donges et al., 2016; Xiao et al., 2025). By 205 

identifying whether events in distinct systems co-occur or follow one another within a narrow time 

window more frequently than expected by random chance, ECA effectively isolates non-stochastic 

linkages that warrant further mechanistic investigation (Sun et al., 2024). The method quantifies 

the strength of such linkages by comparing the observed coincidence rate with the expected 

coincidence rate under randomness. The corresponding formulas are as follows: 210 

𝑃𝐻→𝑃 =
1

𝑁𝐻
∑ 1(∃𝑡𝑗

𝑃 ∈ 𝑃, 0 ≤ 𝑡𝑗
𝑃 − 𝑡𝑖

𝐻 ≤ ∆)
𝑁𝐻
𝑖=1                                (8) 

𝑃𝑐𝑜𝑖𝑛 = 1 − exp(−𝜆𝑃∆) ≈ 𝜆𝑃∆=
𝑁𝑃∆

𝑇
                                      (9) 

𝑅 =
𝑃𝐻→𝑃

𝑃𝑟𝑎𝑛𝑑
                                                                 (10) 

𝜎 = √
1

𝑁
∑ (𝑥𝑖 − 𝑥̅)2𝑁

𝑖=1                                                       (11) 

where 𝑃𝐻→𝑃  denotes the observed coincidence probability from heatwaves to extreme 215 

precipitation events, 𝐻 = {𝑡𝑖
𝐻} represents the set of occurrence times of heatwave events, 𝑁𝐻 is 
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the number of heatwave events occurring in a year, 𝑃 = {𝑡𝑗
𝑃} denotes the set of occurrence times 

of extreme precipitation events, with 𝑁𝑃 being the number of such events in a year, ∆ is the time 

window defining the allowable interval between a heatwave and a subsequent extreme 

precipitation event, in this study, it is set to within 7 days to obtain sufficient CHWEP event 220 

samples, 𝑃𝑐𝑜𝑖𝑛 represents the probability that extreme precipitation coincidentally occurs exactly 

within 7 days following a heatwave event, 𝜆𝑃  is the average occurrence density of extreme 

precipitation events, defined as 
𝑁𝑃

𝑇
 , where 𝑇  is the total observation period, in this study, the 

number of days in a year, i.e., 365 or 366. 𝑅 is the ratio of 𝑃𝐻→𝑃 to 𝑃𝑟𝑎𝑛𝑑. An 𝑅 greater than 1 

indicates that the observed probability is higher than the coincidence probability. 𝜎 denotes the 225 

standard deviation (SD), 𝑁 is the length of the sequence, 𝑥 represents the variable, which in this 

study corresponds to 𝑃𝐻→𝑃, 𝑃𝑟𝑎𝑛𝑑, and 𝑅, and 𝑥̅ is the mean of the variable. We use the SD to 

quantify the interannual variability of 𝑃𝐻→𝑃 , 𝑃𝑟𝑎𝑛𝑑 , and 𝑅 , a larger SD indicates greater 

interannual variation in the variable (Adeloye et al., 2015). 

4 Results 230 

4.1 Historical comparison of CHWEP and single extreme events 

        CHWEPs exhibit distinct spatial frequency patterns compared to single heatwaves. CHWEPs 

occur more frequently in the mid- to high-latitude regions of the Northern Hemisphere (Fig. 2a), 

whereas single heatwaves are more prevalent in tropical regions, the western coastal region of the 

United States, Spain, northern Africa, the Middle East, and Central Asia (Fig. 2b). This may be 235 

because warming temperatures in the mid- to high-latitude regions of the Northern Hemisphere 

enhance the hydrological cycle, thereby promoting the occurrence of extreme precipitation events, 

whereas tropical or desert regions exhibit distinct wet and dry seasons, where single heatwave 
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events occur more frequently and last longer. The spatial patterns of heatwave intensity are broadly 

similar between CHWEPs (Fig. 2c) and single heatwaves (Fig. 2d), with hotspots in the Sahara 240 

Desert, the Middle East, and Australia. Similarly, the intensity patterns of extreme precipitation 

during CHWEPs (Fig. 2e) resemble those of single extreme precipitation events (Fig. 2f), with 

high-intensity regions located in the equatorial zone, northern Argentina, and southern China. The 

spatial distribution of heatwave duration also shows strong similarity between CHWEPs (Fig. 2g) 

and single heatwaves (Fig. 2h), with prolonged durations predominantly observed in the equatorial 245 

regions, the Middle East, and India. Additionally, we analyzed the changes in metrics across 

different regions based on continental boundaries (Fig. S1). Box plots of the frequency, heatwave 

intensity, extreme precipitation intensity, and heatwave duration for CHWEP and single extreme 

events in different regions are shown in Fig. S2. Furthermore, we analyzed the mean spatial 

distributions of CHWEP and single extreme events extracted from the CMIP6 historical data 250 

(1980-2024), which show relatively high consistency with those derived from reanalysis data (Fig. 

S3). Further analysis using Spearman’s rank correlation coefficients (SRCC) (Text S1) on the 

correlation between the attributes of CHWEP and single extreme events extracted from the 

reanalysis and CMIP6 data from 1980 to 2024 revealed a high correlation, demonstrating the high 

similarity of the CHWEP and single extreme events derived from both data sources (Fig. S4). 255 

Consequently, it is feasible to extract the changes in CHWEP and single extreme events under 

future scenarios based on CMIP6 future scenario data. 
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Figure 2. Spatial distribution of the mean values of the frequency (a and b), heatwave intensity 

(c and d), extreme precipitation intensity (e and f), and heatwave duration (e and f) of CHWEP 260 

(a, c, e, and g) and single extreme events (b, d, f, and h) from 1980 to 2024. 
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        CHWEPs occur more frequently than single heatwaves in mid-to-high latitude regions (Fig. 

3a). The heatwave intensity associated with CHWEPs is significantly higher than that of single 

heatwaves in tropical regions (Fig. 3b). In most mid- to high-latitude regions of the Northern 

Hemisphere, the extreme precipitation intensity during CHWEPs exceeds that of single extreme 265 

precipitation events (Fig. 3c). Moreover, the duration of heatwaves within CHWEPs is notably 

longer than that of single heatwaves in the mid-to-high latitudes (Fig. 3d). These results indicate 

that the impacts of CHWEPs are more pronounced in mid-to-high latitude regions compared to 

low latitudes. Box plots of the median differences between CHWEP and single extreme events in 

frequency, heatwave intensity, extreme precipitation intensity, and heatwave duration across 270 

different regions from 1980 to 2024 are shown in Fig. S5. Additionally, we specifically mapped 

the p-values from the WRST, revealing that the frequency of CHWEP is significantly higher than 

that of single heatwave events across 72.3% of the global area (Fig. S6). Furthermore, we analyzed 

the differences between CHWEP and single extreme events based on CMIP6 data. The spatial 

patterns of these differences resemble those in Fig. 3, demonstrating that CMIP6 data can 275 

reproduce the spatial differences between CHWEP and single extreme events (Fig. S7). 
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Figure 3. Spatial distribution of median differences between CHWEP and single extreme events 

in frequency (a), heatwave intensity (b), extreme precipitation intensity (c), and heatwave 

duration (d) from 1980 to 2024. (Note: In the left bar chart, NSP denotes Non-Significant 280 

Positive, SP denotes Significant Positive, NSN denotes Non-Significant Negative, and SN 

denotes Significant Negative. Stippling indicates significance at the 5% level. The same 

abbreviations apply hereinafter.) 

4.2 Future changes and comparisons of CHWEP and single extreme events 

        Under the SSP2-4.5 (Fig. S8) and SSP5-8.5 (Fig. S9) scenarios, the spatial patterns of 285 

CHWEPs and single extreme events are broadly similar to those observed during the historical 

period (Fig. 2), indicating a consistent spatial organization of extreme events across time periods. 

South America (SAM) exhibits the strongest precipitation intensity in both CHWEP and single 
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extreme precipitation events, but the shortest heatwave duration (Fig. S10). The spatial distribution 

of differences in event characteristics between CHWEPs and single extremes also remains largely 290 

unchanged under future projections. Specifically, the frequency of CHWEPs (Fig. 4a), the intensity 

of associated extreme precipitation (Fig. 4e), and heatwave duration (Fig. 4g) are substantially 

higher in mid-to-high latitudes compared to single events (Fig. 4b, f, and h). Conversely, heatwave 

intensity during CHWEPs is greater in tropical regions than that of single heatwaves (Fig. 4c and 

d). Notably, the magnitude of these differences is more pronounced under the SSP5-8.5 scenario 295 

than under SSP2-4.5, suggesting an amplification of compound event characteristics under 

stronger warming. The median differences in metrics between CHWEP and single extreme events 

across different regions are shown in Fig. S11. 
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Figure 4. Spatial distribution of median differences between CHWEP and single extreme events 300 

in frequency (a and b), heatwave intensity (c and d), extreme precipitation intensity (e and f), and 
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heatwave duration (g and h) from 2056 to 2100 under SSP2-4.5 (a, c, e, and g) and SSP5-8.5 (b, 

d, f, and h) scenarios. 

        Globally averaged trends in CHWEPs and single extreme events show that the frequency (Fig. 

5a), heatwave intensity (Fig. 5b), extreme precipitation intensity (Fig. 5c), and heatwave duration 305 

(Fig. 5d) of both compound and single events are increasing over time. Notably, the rates of 

increase in frequency and heatwave duration are faster than those of heatwave intensity and 

extreme precipitation intensity. Furthermore, under the SSP5-8.5 scenario, all extreme event 

metrics are substantially higher than under the SSP2-4.5 scenario, indicating a strong dependence 

on the level of future warming. 310 

 

Figure 5. Changes in the frequency (a), heatwave intensity (b), extreme precipitation intensity 

(c), and heatwave duration (d) during the historical and future periods of CHWEP and single 

extreme events. 

        Compared to the historical period, both CHWEPs and single extreme events show increases 315 

in frequency, heatwave intensity, extreme precipitation intensity, and heatwave duration over more 

than half of the global land area under the SSP2-4.5 (Fig. S12) and SSP5-8.5 (Fig. S13) scenarios. 
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The magnitude of these increases is substantially larger under the SSP5-8.5 scenario, indicating a 

strong dependence on the level of global warming.  Box plots of the differences in metrics between 

the future and historical periods for CHWEP and single extreme events across different regions 320 

are shown in Fig. S14. The vast majority of metrics show some degree of increase across all 

continents. 

        Under the SSP2-4.5 and SSP5-8.5 scenarios, the proportion of grid cells showing positive 

changes in attribute metrics of CHWEP and single extreme events is overwhelmingly dominant. 

Under SSP5-8.5, the frequency (Fig. 6a), heatwave intensity (Fig. 6b), and heatwave duration (Fig. 325 

6d) of both CHWEP and single extreme events are higher than under SSP2-4.5, with similar 

magnitudes of change. Furthermore, we find that under both scenarios, the extreme precipitation 

intensity associated with CHWEP is significantly greater than that of single extreme precipitation 

events (Fig. 6c). Notably, under SSP2-4.5, the precipitation intensity in CHWEP even exceeds that 

of single extreme events under the more severe SSP5-8.5 scenario. These results demonstrate that 330 

CHWEP events are characterized by significantly intensified extreme precipitation, with 

antecedent heatwaves systematically amplifying concurrent rainfall severity. This coupling aligns 

with thermodynamic scaling, wherein elevated temperatures enhance atmospheric moisture-

holding capacity and increase convective instability (Li et al., 2025; Ning et al., 2022; Zhou et al., 

2024). The amplification effect is particularly pronounced across the mid- to high-latitude 335 

Northern Hemisphere, where land–atmosphere feedbacks and shifting circulation anomalies 

further modulate extreme hydroclimatic responses. 
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Figure 6. Comparison of the cumulative probability of the median differences between the 

frequency (a), heatwave intensity (b), extreme precipitation intensity (c), and heatwave duration 340 

(d) of CHWEP and single extreme events under the SSP2-4.5 and SSP5-8.5 scenarios and the 

historical period. 

4.3 Probability of encountering heatwaves and extreme precipitation events 

        The observed probability of co-occurring heatwaves and extreme precipitation is higher in 

mid-to-high latitude regions (Fig. 7a), with smaller SDs, indicating lower variability (Fig. 7d). In 345 

contrast, the coincidence probability of their co-occurrence is higher in tropical regions (Fig. 7b), 

but with greater variability (Fig. 7e). The ratio of observed to coincidence probability exceeds 1 
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over more than 66% of the globe (Fig. 7c), particularly in mid-to-high latitudes, where the 

variability is relatively low (Fig. 7f), suggesting that heatwave events in these regions are more 

likely to be followed by extreme precipitation. In terms of trends, the observed probability (Fig. 350 

7g), coincidence probability (Fig. 7h), and their ratio (Fig. 7i) are increasing more rapidly in 

tropical regions, indicating a growing likelihood of CHWEP in the tropics in the future. Box plots 

of the observed probability and coincidence probability along with their ratio, the SDs of both and 

the SD of their ratio, and the trends of both along with the trend of their ratio across different 

regions are shown in Fig. S15. 355 

 

Figure 7. Spatial distributions of the mean observed probability (a), mean coincidence 

probability (b), and mean ratio of observed probability to coincidence probability over the period 

1980-2024 in the first row (c), the second row shows the spatial distributions of their SDs (d-f), 

the third row presents their spatial patterns of linear trends (g-i). 360 
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        In the future period, the observed probability of co-occurring heatwaves and extreme 

precipitation remains higher in mid-to-high latitude regions (Fig. 8a and d), while their random 

co-occurrence probability continues to be higher in tropical regions (Fig. 8b and e). Under the 

SSP5-8.5 scenario, both observed and random co-occurrence probabilities are notably higher than 

under the SSP2-4.5 scenario. Under SSP2-4.5, 70.9% of the globe shows a ratio of observed to 365 

random co-occurrence probability greater than 1 (Fig. 8c), increasing to 76.2% under SSP5-8.5 

(Fig. 8f), indicating an intrinsic linkage mechanism between heatwaves and extreme precipitation. 

This suggests that, in the future, a growing number of regions worldwide will experience extreme 

precipitation following heatwave events. Box plots of the observed probability, coincidence 

probability, and their ratio across different regions under the SSP2-4.5 and SSP5-8.5 scenarios are 370 

shown in Fig. S16. 

 

Figure 8. Spatial distributions of the mean observed probability (a and d), mean coincidence 

probability (b and e), and mean ratio of observed probability to coincidence probability (c and f) 

under the SSP2-4.5 (a-c) and SSP5-8.5 (d-f) scenarios for the period 2056-2100. 375 

        Globally, both observed and random co-occurrence probabilities of heatwaves and extreme 

precipitation exhibit upward trends from the historical to the future period (Fig. 9a), with elevated 
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magnitudes and accelerated growth under the SSP5-8.5 scenario. This projection indicates a 

substantial increase in the global frequency of CHWEP events under continued warming. Although 

both probabilities rise, their ratio, observed divided by random, shows no significant temporal 380 

trend yet remains consistently greater than 1 (Fig. 9b). This persistent deviation from unity 

demonstrates that CHWEP occurrences are not attributable to random coincidence alone, rather, 

heatwaves tend to precondition the atmosphere for subsequent extreme precipitation, supporting a 

physically coupled linkage between these two hazards. 

 385 

Figure 9. Changes in the observed probability and coincidence probability (a), and their ratio (b) 

for the global co-occurrence of heatwaves and extreme precipitation between the historical 

period (1980-2024) and the future period (2056-2100). 
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        Under future scenarios, the observed (Fig. 10a and d) and random (Fig. 10b and e) 

probabilities of heatwave and extreme precipitation co-occurrence increase over most of the globe, 390 

with larger increases in tropical regions. The magnitude of change in co-occurrence probability is 

greater under the SSP5-8.5 scenario than under SSP2-4.5. The ratio of observed to random co-

occurrence probability (Fig. 10c and f) increases more in tropical regions but decreases in mid-to-

high latitude regions, with larger changes under SSP5-8.5. This indicates that CHWEP events will 

become more frequent in the future, and the likelihood of extreme precipitation following 395 

heatwaves will increase more substantially in the tropics. Box plots of the differences in median 

values of observed probability, coincidence probability, and their ratio for the co-occurrence of 

heatwaves and extreme precipitation between the future period (under SSP2-4.5 and SSP5-8.5 

scenarios) and the historical period across different regions are shown in Fig. S17, with SAM and 

Africa exhibiting larger increases in both probability and ratio. 400 

 

Figure 10. Spatial distribution of the differences in median values of observed probability (a and 

d), coincidence probability (b and e), and their ratio (c and f) for the co-occurrence of heatwaves 

and extreme precipitation between the future period (under SSP2-4.5 (a-c) and SSP5-8.5 (d-f) 

scenarios) and the historical period. 405 
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5 Discussion 

        Compound extreme events are receiving increasing attention from both the scientific 

community and society, as regions experiencing concurrent or sequential extremes often face 

compounded or cascading impacts that lead to more severe socioeconomic and ecological damage 

than single extremes alone (Götte and Brunner, 2024; Sauter et al., 2023a; Sun et al., 2023). This 410 

study focuses on CHWEP, revealing that beyond the cumulative impact of sequential extremes, 

the integrated intensity of compound events exceeds that of single extremes across most regions, 

resulting in heightened risks (Jin et al., 2024; Xiao et al., 2025). Previous studies suggest that the 

choice of extreme event thresholds and the time window for defining compound events have 

limited influence on the identification of their underlying linkages, whereas sufficient sample sizes 415 

enable more robust detection of long-term trends (Bevacqua et al., 2021; Diffenbaugh et al., 2017; 

Fang et al., 2025). Although climate models may exhibit biases in simulating absolute magnitudes, 

this study emphasizes relative changes, focusing on how compound events evolve rather than their 

exact intensity, ensuring the robustness of the findings (Chen et al., 2022; Ganguli and Merz, 2024; 

Lei et al., 2024). 420 

        This study shows that both CHWEP and single extreme events are increasing significantly in 

frequency, intensity, and duration. Understanding the spatial heterogeneity of these increases 

requires parsing the relative contributions of thermodynamic and dynamic drivers within the 

climate system. For instance, the greater increase in the frequency and precipitation intensity of 

both CHWEP and single events in equatorial regions is primarily driven by thermodynamic 425 

responses: the Clausius-Clapeyron relationship dictates that a warmer atmosphere holds 

exponentially more moisture (~7% per °C), directly accelerating the hydrological cycle and 

increasing the likelihood of precipitation extremes following heat-induced convection trends 
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(Diffenbaugh et al., 2017; Fang et al., 2025). Conversely, the larger increase in temperature 

intensity in the Northern Hemisphere’s mid- to high-latitudes is heavily influenced by dynamic 430 

factors, particularly Arctic amplification. The weakened poleward temperature gradient slows 

down jet streams and favors persistent blocking highs (anticyclones), which not only prolong 

heatwaves but also create a stable, dry environment that intensifies surface heating (Xiao et al., 

2025). Furthermore, the substantial increase in the duration of events over the southwestern United 

States, the Sahara Desert, and India may attributed to local land-atmosphere feedbacks. In these 435 

regions, antecedent heatwaves excessively deplete soil moisture, reducing evaporative cooling and 

creating a positive feedback loop that reinforces and prolongs the heat dome (Sun et al., 2024). 

        Crucially, the intensification of CHWEPs not only implies a higher risk of concurrent 

disasters but also reveals a dangerous “rapid transition” phenomenon, namely, a swift shift from 

extreme heat to extreme rainfall (Ning et al., 2022; Ridder et al., 2020; Tan et al., 2023; Xie and 440 

Zhou, 2023). This abrupt transition is not merely a statistical coincidence, but may conceal a tightly 

coupled physical cascade. Previous studies have shown that during the heatwave phase, intense 

surface heating builds up a deep and dry convective boundary layer, creating substantial 

atmospheric instability (Cook et al., 2020; Liao et al., 2021). Concurrently, intensified 

evapotranspiration from both land and ocean surfaces supplies additional moisture to the lower 445 

troposphere (Bevacqua et al., 2021; Liao et al., 2021). When favorable large-scale dynamic triggers 

occur, such as the intrusion of upper-level cold air from cutoff lows or the transport of moist, 

unstable air by low-level jets, the cap on the built-up convective available potential energy (CAPE) 

is broken (Donges et al., 2016; Tan et al., 2023; Zscheischler et al., 2020). The accumulated energy 

and moisture are then explosively released, triggering strong convection and extreme precipitation 450 

(Cook et al., 2020; Jin et al., 2024; Lei et al., 2024). In essence, the preceding heatwave primes the 
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atmosphere by loading the gun (instability and moisture), and the synoptic disturbance pulls the 

trigger. This abrupt transformation from drought-like heatwaves to flash flooding poses a severe 

challenge to traditional disaster preparedness systems, which are typically designed to address 

single-hazard events (Kumar et al., 2024; You and Wang, 2021; Zhou et al., 2023). 455 

        Furthermore, the spatiotemporal evolution patterns of compound and single extreme events 

revealed in this study provide critical scientific foundations for policymakers, urban planners, and 

emergency management agencies (Bevacqua et al., 2023; Gu et al., 2022; Myhre et al., 2019). By 

identifying high-risk regions and key temporal windows, relevant authorities can develop more 

resilient integrated early warning systems (Almeida et al., 2016; Dike et al., 2022; Sauter et al., 460 

2023b). Advancing predictive models capable of capturing the transition from heatwaves to 

extreme precipitation is essential for effective water resource management, agricultural planning, 

public health response, and infrastructure safety (Kumar et al., 2024; Sun et al., 2023). In the 

context of climate change, where the synergistic and cascading nature of extreme events is 

intensifying, enhancing societal resilience and long-term sustainability in the face of compound 465 

climate disasters has become increasingly urgent and necessary (Miao et al., 2024; Sauter et al., 

2023a; Woolway et al., 2021).  

        In this study, we employed several methodological choices in our experimental design to 

enhance the robustness of our results, for instance, using the ensemble mean of multiple model 

outputs, defining extreme events based on the 90th percentile threshold, and applying a 7-day time 470 

window to identify event sequences. Multi-model averaging can effectively offset internal random 

errors and model-specific biases, however, it yields only a single result, failing to reveal the extent 

of inter-model disagreement and ignoring inter-model uncertainty. Considering these limitations, 

in future research, it would be beneficial to incorporate a larger number of climate models and 
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individually evaluate each model’s performance, test alternative percentile thresholds such as the 475 

95th percentile, explore different time windows such as 5 days, and conduct sensitivity tests, which 

would help further validate the robustness and generalizability of our findings (You and Wang, 

2021). More importantly, it is essential to employ land-atmosphere coupled models and synoptic 

field analysis to elucidate the physical drivers of compound extreme events, particularly the 

mechanisms by which stronger extreme precipitation events are generated following heatwaves. 480 

6 Conclusions 

        In this study, we systematically characterize the spatiotemporal evolution of CHWEP events 

relative to single-hazard extremes across global domains. Results show that in mid-to-high latitude 

regions of the Northern Hemisphere, CHWEPs exhibit higher frequency, greater extreme 

precipitation intensity, and longer heatwave duration compared to single extremes. In tropical 485 

regions, the heatwave intensity within CHWEPs exceeds that of single heatwaves. These spatial 

contrasts persist under both future SSP2-4.5 and SSP5-8.5 scenarios. Compared to the historical 

period, metrics of both CHWEPs and single extremes increase across most of the globe in the 

future, with extreme precipitation following heatwaves becoming notably more intense than single 

extreme precipitation events. Under the high-emission SSP5-8.5 scenario, the intensification of 490 

extremes is greater than under the moderate-emission SSP2-4.5 scenario. The sequential 

occurrence of extreme precipitation after heatwaves reflects a physically driven linkage rather than 

random coincidence. In the future, the likelihood of extreme precipitation following heatwaves 

will increase, particularly in tropical regions. These findings indicate that future CHWEP events 

will require increased attention, particularly with respect to ecosystem resilience and flood disaster 495 

prevention. 

Code availability. All R codes can be provided by the corresponding authors upon request. 
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