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• A new identification framework is used 
to evaluate compound drought and heat 
waves (CDH). 

• CDH characteristics averaged over 
China increased dramatically since 
1990s. 

• Mild CDH events are more susceptible to 
SST anomalies variations than severe 
ones. 

• IOD dominates in intensifying CDH in 
the northwest and north regions.  
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A B S T R A C T   

Compound drought and heatwaves (CDH) have garnered increasing attention because concurrent extreme events 
can exacerbate the harmful impacts caused by univariate extremes. However, various severities in CDH events 
and their relationships with sea surface temperature (SST) variations in China remain little understood. Here, we 
accurately identify CDH events and multi-aspect of characteristics using the standardized precipitation evapo
transpiration index (SPEI) and the excess heat factor (EHF) during the extended summer (May–September) of 
1961–2017. The evolution of multifaceted characteristics of CDH and their association with SST variation are 
further explored. The results suggest that the number, frequency, duration and intensity of regional CDH events 
show heterogeneous spatial patterns, with a significant increasing trend. A consistent abrupt transition in CDH 
characteristics averaged over China occurred in the period of 1993–1996. Mild and moderate CDHs occur more 
commonly in Northwest and North China, whereas severe CDHs are mainly found in central and eastern regions. 
Mild and moderate CDHs are more susceptible to SST modes than severe CDH, and there are strong positive 
correlations between mild and moderate CDH characteristics and SST variations in the northwest and northern 
regions. Compared to El Niño-Southern Oscillation (ENSO), Indian Ocean Dipole (IOD) plays a dominant role in 
the intensifications of mild and moderate CDH events. Regionally, the northwest and north have experienced 
longer, more frequent and severe CDH events during the positive phase of IOD. These findings reveal the 
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divergent evolutions in CDH characteristics with various severities and inconsistent impacts of different SST 
modes on the compound events.   

1. Introduction 

With climate warming, the harmful effects of the combination of 
extreme climate events, like droughts and heat waves, cannot be over
looked. The continued increase and proliferation of compound droughts 
and heat waves (CDH) have raised widespread concerns in recent years 
(e.g., Fink et al., 2004; Sharma and Mujumdar, 2017; Sutanto et al., 
2020; Zscheischler et al., 2018). Heat waves and droughts, both highly 
destructive natural hazards, can cause significantly more harm to water 
supplies, agriculture, ecosystems, socioeconomic activity, and human 
health when they occur simultaneously than single-hazard occurrences. 
(Allen et al., 2010; Bandyopadhyay et al., 2012; Mishra et al., 2020; 
Mukherjee et al., 2020; Perkins et al., 2012; Shukla et al., 2015). For 
example, in the summer of 2010, Europe and western Russia suffered 
unprecedented heat waves (Barriopedro et al., 2011), accompanied by 
droughts triggered by less precipitation and hot air (Hauser et al., 2016; 
Witte et al., 2011), resulting in human deaths and severe decrease in 
Russian food output (Grumm, 2011). Similarly, the Yangtze River basin 
in China experienced record-breaking heat wave in the summer of 2022, 
and the persistent exceeding heat led to a severe drought with negative 
impacts rippling through agriculture, hydropower, and other industries 
(Hua et al., 2023; Ma and Yuan, 2023). Therefore, accurate identifica
tion of CDH as well as their severity is critical. 

Drought as one of the most catastrophic natural hazards affects 
surface and groundwater resources and has substantial impacts on 
agricultural productivity, natural ecosystems, and socio-economic ac
tivities (Cheng et al., 2022; Duan et al., 2021; Feng et al., 2019). 
Meanwhile, alarming heat waves have occurred over the world in recent 
decades as global temperatures have risen (Coumou and Rahmstorf, 
2012). Previous study explored substantial increases of concurrent heat 
waves and drought events in America during the period of 1960 to 2010, 
although no significant increases in single heat wave and single drought 
events (Mazdiyasni and AghaKouchak, 2015). There is a statistical as
sociation or reliance between the factors that cause dryness and heat 
waves (Alizadeh et al., 2020; Chiang et al., 2018; Leonard et al., 2014). 
Recent studies demonstrated that the stronger the negative association 
between precipitation and temperature is, the more frequently 
concomitant occurrences of heat waves and drought are (Zscheischler 
and Seneviratne, 2017). Furthermore, anomalies in local meteorological 
conditions are the physical preconditions for the onset of CDH, as 
heatwaves can lead to the spread and exacerbation of droughts through 
soil-precipitation feedbacks (Miralles et al., 2019). 

The drivers of such extreme compound events by large scale mete
orological factors deserve further study. For example, atmospheric 
blocking (Rex, 1950) is closely linked to extreme climate events. When 
atmospheric blocking occurs in the summer, it can cause heat waves, 
droughts or floods (Dong et al., 2018), and both the El Niño-Southern 
Oscillation (ENSO) and the Pacific Decadal Oscillation (PDO) influence 
the intensity of blocking (Barriopedro et al., 2006; De Adana and 
Colucci, 2005; Renwick, 1998). Furthermore, the current understanding 
of the physical mechanisms underlying droughts and heat waves reveals 
that, while droughts tend to develop longer than the heat waves, both 
are driven by persistent large-scale circulation anomalies as crucial 
features (Quesada et al., 2012; Rowell, 2009; Seager and Hoerling, 
2014; Vautard et al., 2007), which partly explains why these two 
extreme events frequently occur together. 

Although the occurrence of drought and heat waves at the same time 
is characterized as a compound event, there is less agreement on how to 
describe the single drought and single heat waves within this concurrent 
condition. Previous researches have examined variations in the CDH 
events using precipitation deficiencies, temperature anomalies, and 

other pertinent variables (e.g., Hao et al., 2018a; Kong et al., 2020; Lu 
et al., 2018; Manning et al., 2018; Mazdiyasni and AghaKouchak, 2015). 
However, given the differences in drought and heat waves time scales, as 
well as the differences in feedback mechanisms between drought and 
heat waves across regions, it is critical to develop more appropriate 
drought and heat waves indices based on regional climatic factors 
(Mukherjee et al., 2020). Given the variety of climate in different places, 
the relative threshold definition may be more appropriate for describing 
heat waves. Temperature is not only used to quantify heat waves, but 
also plays a key role in the drought genesis mechanism (Dai and Zhao, 
2017). As a result, when recognizing compound drought and heat waves 
events, it would be more meaningful to utilize drought indices that take 
temperature into account to define drought (Feng et al., 2021). 
Furthermore, accurately categorizing the severity of CDH is essential for 
determining their adverse consequences (e.g., Mazdiyasni and Agha
Kouchak, 2015; Wu et al., 2019a), as the destructive effects of extreme 
compound events are more deadly than common events for food crises 
and human health. 

Sea surface temperature (SST) anomalies have had complicated 
environmental consequences under global warming and are important 
to the onset of catastrophic climatic events. Nonetheless, the under
standing of how SST modes affect CDH is still limited. The major phase 
of tropical ocean variability is the ENSO, whose anomalous fluctuations 
have considerable impacts on large-scale circulation evolution and 
regional climate conditions, causing many extreme natural hazards 
(Barlow et al., 2001; Bouma et al., 1997; Kogan, 2000). SST changes, 
particularly ENSO and Indian Ocean Dipole (IOD), have been linked to 
high temperature and droughts in previous studies (Seager and Hoerl
ing, 2014), and ENSO in particular influences the onset of summertime 
CDH events in the tropics (Hao et al., 2018b). Other large-scale SST 
modes like PDO and North Atlantic Oscillation (NAO) may affect the 
onset of CDH events independently or in conjunction with ENSO and 
IOD, which may reinforce or diminish their effects (Chang et al., 2006; 
Saji and Yamagata, 2003). With the influence of global warming, the 
dominant SST modes are in constant change in their background con
ditions and dynamical systems, with complex and variable intensity, 
frequency, and phase transitions. Recent researches suggest that SST 
mode in different periods or phases can have conflicting results. The lead 
ENSO have a substantial influence on temperature by magnifying the 
vapor feedback, but the simultaneous ENSO generate more durable and 
powerful heat waves by modifying circulation patterns (Murari et al., 
2016; Oueslati et al., 2017; Wei et al., 2020). Moreover, the dominant 
SST mode that determines the variability of CDH in different regions 
remains ambiguous (Parker et al., 2014; Perkins et al., 2015). More 
studies into the impacts of the SST modes and their consequences during 
different periods and phases are required (Wei et al., 2020). Contrary to 
ENSO and IOD, which have interannual cycles, Atlantic Multi-decadal 
Oscillation (AMO), PDO, and NAO have decades-long cycles and can 
be in one phase for several years, preventing them from capturing the 
variations of CDH response to SST modes in different periods of the year. 
Therefore, this research is more interested in exploring the impact of 
ENSO and IOD, which are more influential on climate in China, on CDH 
during different periods. 

China locates in the East Asian monsoon region, which has a high 
rate of environmental change on Earth (Ding and Qian, 2011). It also 
possesses the world's third largest agricultural arable land area. The 
complexity and importance of investigating extreme compound events 
in China are heightened by the complex and various climate types. 
Compound drought and heat waves have been on the rise in China over 
an extensive area (Li et al., 2020; Li et al., 2019; Wu et al., 2019b; Ye 
et al., 2019; Zhou and Liu, 2018), which created massive multiple 
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pressures on agriculture and ecosystems, such as the summer of 2006 in 
southwest China and the summer of 2013 in southern China, where 
compound drought and heat waves caused massive direct and indirect 
economical loss (Lu et al., 2018; Yuan et al., 2016). However, there are 
few in-depth studies in China that examine the regional and temporal 
evolution and driving factors of compound droughts and heat waves. 
Large-scale ocean-atmosphere variability patterns have linked to a va
riety of extreme events and climatic variabilities around the world (Sun 
et al., 2016a; Sun et al., 2016b; Wu et al., 2021a; Yang et al., 2017). SST 
anomalies have substantial influences on precipitation and temperature 
changes in China because they trigger the anomalous climatic situations 
and related dynamics such as sustained anticyclonic and vapor feed
backs (Wei et al., 2020). However, existing knowledge of the various 
SST patterns as drivers is founded primarily on individual localities 
rather than quantitative systematic studies over China (Wei et al., 2020). 
Therefore, there is a growing need to accurately identify and investigate 
compound droughts and heat waves in vulnerable regions utilizing 
appropriate indicators, as well as to explore the response of compound 
events of varying severity to SST modes across different regions. 

In this study, we use an integrated identification methodology that 
integrates drought and heat waves. Using EHF and SPEI metrics, we 
examined the spatial and temporal characteristics of multiple aspects of 
the number, frequency, duration, and intensity of CDH events across 
China during the period of 1961–2017. The relationships between global 
SST change and CDH characteristics of varying severity, as well as the 
influence of different ENSO and IOD phase (lead and simultaneous), are 
investigated. The responses of compound events of varying severity to 
ENSO and IOD are also scrutinized. 

2. Study area and data sources 

2.1. Study area 

China covers a vast area and is affected by the monsoon over a large 
area (Fig. 1). The regional distributions of annual mean temperature and 
precipitation vary substantially due to the broad span of latitude and 
longitude, complicated topography, and various vegetation, resulting in 
diverse climatic features (Wu et al., 2019a). Average summer temper
atures in the eastern regions have risen by 0.82 ◦C over the last six de
cades (Sun et al., 2014), whereas hotter summers have grown more 
frequent in the northern (Kang and Eltahir, 2018; Zhang et al., 2015). 
With the influence of climate warming and human activities and other 
factors, drought in China has expanded in scope and intensified in 
severity (Lin et al., 2015). Meanwhile, as the population ages, severe 
heat waves endanger the health of a growing number of individuals, and 
heat-related deaths in China have skyrocketed (Bai et al., 2014; Zhang 
et al., 2018). 

2.2. Data sources 

Precipitation, wind speed, relative humidity, sunshine duration, and 
daily maximum and minimum temperatures were derived from the 
China Meteorological Administration's National Meteorological Infor
mation Center (http://www.tpdc.ac.cn/en/data/52c77e9c-df4a-4e27 
-8e97-d363fdfce10a/). Meteorological stations with >3 days of 
missing data were excluded. The 725 stations shown in Fig. 1 were 
employed. 

The two major climatic models affecting Asian climate, ENSO and 
IOD, are investigated in this paper. Monthly global SST is NOAA 
Extended Reconstructed SST V5 at 2◦ × 2◦ resolution (Huang et al., 
2017). The monthly multivariate ENSO index (MEI) and dipole mode 
index (DMI) are obtained from https://www.esrl.noaa.gov/psd. 

Fig. 1. The study area and the locations of the 725 meteorological stations used.  
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Monthly global SST of the NOAA Extended Reconstructed SST V5 is 
available at https://www.esrl.noaa.gov/psd/data/gridded/data.noaa. 
ersst.v5.html. The simultaneous phases of ENSO and IOD are derived 
from calculating monthly averages from May to September (CDH study 
period). We chose December–February (denoted by 0) for ENSO and 
September–November (denoted by 0) for IOD as the lead phases, 
because they generally peak during the two periods (Hong et al., 2010; 
Hong et al., 2008; Liu et al., 2015; Wei et al., 2019). Furthermore, 
monthly sea-level pressure, geopotential height, and cloud cover were 
obtained from the NCEP-NCAR reanalysis product (https://www.esrl.no 
aa.gov/psd/data/gridded/data.ncep.reanalysis.html), with a 2.5◦ ×

2.5◦ resolution. 

3. Methodology 

3.1. Defining compound drought and heat waves (CDH) events 

3.1.1. Heat wave metrics: EHF 
In this study, we characterize heat waves using the excess heat factor 

(EHF) derived from the daily max and min surface air temperatures. The 
definition of EHF was proposed in 2009 by Nairn et al. (2009). 
Compared with past heat waves indicators, the EHF has two advantages. 
One is that the calculation process incorporates both daytime and 
nocturnal heat conditions into the single indicator, allowing for the past 
phenomena of considerable overnight temperature increase to be taken 
into consideration. The other is the incorporation of local pre-heat 
accumulation conditions, as pre-heat accumulation conditions can 
either enhance or weaken heat changes. This approach has been inten
sively tested for reliable detection of heat wave events and more accu
rate representation of heat waves intensity (Nairn et al., 2018; Nairn and 
Fawcett, 2015; Perkins and Alexander, 2013). The EHF includes two 
elements, the significance index (EHIsig) and the acclimatization index 
(EHIaccl), which are expressed as follows: 

EHIsig =
(Ti + Ti− 1 + Ti− 2)

3
− T95 (1)  

and: 

EHIaccl =
Ti + Ti− 1 + Ti− 2

3
− (Ti− 3 +…+ Ti− 32)

/

30 (2)  

where Ti is the daily mean temperature for day i, and T95 is the 95th 
percentile of the daily mean temperature (Ti) for the 1961–1990 climate 
reference period. The daily mean temperature is calculated from 1 May 
to 30 September during 1961–2017, defined as Ti = (Tmax + Tmin)/2, 
where Tmax (Tmin) is the maximum (minimum) temperature within a 24- 
h cycle (0900–0900 LT). The T95 is calculated for each station on a daily 
basis within a 15-day window centered on Ti. Day i is in ◦C for Ti, and the 
units of EHIsig and EHIaccl are both ◦C. 

EHIsig depicts the anomaly of the 3-day window average temperature 
relative to the threshold (T95), while EHIaccl describes the anomaly of the 
average temperature in the same window relative to the preceding 30 
days. Lastly, combining Eqs. (1) and (2), the EHF is expressed as follows: 

EHF = EHIsig ×max(1,EHIaccl) (3) 

The unit of EHF is ◦C2, this formula ensures that sign(EHF) =

sign
(
EHIsig

)
. 

3.1.2. Drought metrics: SPEI 
The standardized precipitation evaporation index (SPEI) derived by 

calculating potential evapotranspiration (PET) using the Penman- 
Monteith (PM) equation was used to define drought events. The SPEI 
(Vicente-Serrano et al., 2010) based on precipitation and temperature 
data has the advantage of combining multi-scale features with consid
eration of the impact of temperature change on drought assessment. 
Common methods for calculating PET are the empirical temperature- 

based Thornthwaite equation (Thornthwaite, 1948), the PM equation, 
and the improved model 2S PET model based on the PM equation. 
However, previous studies have demonstrated that when the 
Thornthwaite equation is used to calculate PET, the impact of temper
ature change on drought features in the Chinese desert zone is typically 
magnified (Chen and Sun, 2015), neglecting other variables related to 
atmospheric water demand (Zhang et al., 2017b). The PM equation was 
proposed by Penman (1948) on the basis of fundamental physical 
principles, taking into account thermodynamic and aerodynamic effects. 
In addition, the SPEI obtained using the PM equation has a better 
response to the observational soil moisture and runoff changes of China 
and better reflects the climate change conditions in the region (Chen and 
Sun, 2015). The SPEI for 1961–2017 is calculated on 1-month time scale 
from 725 observatories covering China. Table 1 lists the SPEI-based 
criteria for dryness and wetness ratings. 

3.1.3. CDH events and severity classification 
A comprehensive temporal framework is employed in this paper to 

define, identify and classify CDH events (Fig. 2). Based on the indices 
mentioned above, we define heat wave events, drought events, and CDH 
in this section. The formal definition is as follows: firstly, a drought is an 
event that results in SPEI ≤ − 1.0, i.e., a month with a SPEI ≤ − 1.0 is a 
drought month. Secondly, a heat wave is an event that at least 3 
consecutive days of warm conditions with EHF > 0. It is worth 
emphasizing that even multiple consecutive three days with EHF > 0 are 
still considered as a single heat wave event, unless there is a hiatus after 
which we would recalculate the heat wave event. Following that, a CDH 
event is defined as a heat wave event that happens during a drought 
event (e.g., Alizadeh et al., 2020; Mazdiyasni and AghaKouchak, 2015; 
Sharma and Mujumdar, 2017; Zscheischler et al., 2018). Specifically, 
there will be one or more CDH events when one or more heat wave 
events (EHF > 0) occurred within a drought period (SPEI ≤ − 1.0). The 
calculation of SPEI (drought) includes temperature, the only element 
that defines a heat wave. Drought events at longer time scales (one 
month) have a dominant influence in sustaining the underlying surface 
and atmospheric conditions for the onset and development of heat 
waves on three-day scales (Barriopedro et al., 2011; Fischer et al., 2007; 
Quesada et al., 2012; Schumacher et al., 2019). The coupling between 
the EHF and SPEI also suggests that the more severe the drought (the 
smaller the threshold range of SPEI), the more likely to occur a heat 
wave (the higher the probability of EHF >0) over China (Fig. S1). 
Therefore, we classify the severity of CDH events according to the 
severity of the drought when it occurs concurrently with the heat waves. 
To be clear, our definition of CDH severity is a combination of drought 
and heat waves influencing factors and interactions, rather than 
considering drought alone. The CDH events are classified as mild 
(− 1.5<SPEI ≤ − 1.0), moderate (− 2.0<SPEI ≤ − 1.5), and severe (SPEI 
≤ − 2.0) (Wei et al., 2021), denoted as CDHMI, CDHMO, and CDHSE, 
respectively. Finally, for each station, the annual occurrence of various 
severity compound drought and heat waves events was calculated. 

The expanded impact, incidence, and risk of CDH globally requires a 
clearer view of how it is changing (He et al., 2022). Previous researches 
have examined heat waves, droughts, and their compound events from 
different characteristic perspectives (He et al., 2022; Murari et al., 2016; 

Table 1 
Classification of wetness and dryness classes based on SPEI and corresponding 
cumulative probabilities.  

Categories Value Cumulative probability (%) 

Extremely wet ≥ 2.0 2.28 
Severely wet 1.50–1.99 6.68 

Moderately wet 1.00–1.49 15.87 
Near normal − 0.99–0.99 50.00 

Moderately dry − 1.49 to − 1.00 84.13 
Severely dry − 1.99 to − 1.50 93.32 

Extremely dry ≤− 2.0 97.72  
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Oueslati et al., 2017; Thomas et al., 2016; Wong et al., 2013). A multi
perspective features quantifying the number (CDHN), frequency 
(CDHF), longest duration (CDHD), and amplitude (CDHA) of CDH 
events is used (Table 2). CDHN is the total number of CDH events per 
year, CDHF is the total participating days of CDH events per year, CDHD 
is the longest duration of CDH events per year, and CDHA is the EHF 
peak magnitude of the hottest CDH events per year. 

3.2. Regionalization of study area 

In order to identify regional CDH change characteristics, the Fuzzy C- 
Mean (FCM) algorithm was used to partition the climate types in China 
(Zhang et al., 2017a, 2017b). The clustering partitioning in this paper 
takes 6 elements of temperature, precipitation, potential evapotranspi
ration, and corresponding station location longitude, latitude, and 
elevation as input variables for 725 stations. To effectively avoid data 
redundancy caused by autocorrelation among the input variables, the 
principal component analysis (PCA) was utilized to process the input 
variables and reduce the dimensionality of the input variables. The FCM 
clustering classification process is shown in Fig. S2. The cumulative 
variance explained of the first four principal components exceeded 95 % 
(supporting Table S1), so the first four principal components are selected 
as the input variables for FCM clustering in this study. Three validity 
indices were considered to determine the optimal number of subregions, 
namely fuzziness performance index (FPI), partition index (SC) and 
Extended Xie-Beni index (Xie-Beni) (supporting Fig. S2). Finally, seven 
subregions with similar climatic conditions were identified, named as 
North China (NC), Southwest China (SWC), Northeast China (NEC), 
Northwest China (NWC), East China (EC), West China (WC), and 
Southeast China (SEC) based on the geographic locations (supporting 
Fig. S3). The cluster partitioning results produced anomalies due to the 
special environment (e.g., higher altitude) of several stations, which 
contrasted with the climatic conditions of the surrounding area, with 
few stations (1.24 %) far from their corresponding subregions. The 
perturbations caused by such very few anomalous stations have almost 

no effect on the results after regional averaging (0.02 % - 6.51 %). The 
map shown in Fig. 5 shows the clustered partition map after optimizing 
the sub-region boundaries. The CDH characteristics of stations far from 
their corresponding subregions are counted in the subregion in which 
the station is geographically located. 

3.3. Trend analysis and abrupt change point test methods 

The Pettitt test (Pettitt, 1979) is a nonparametric test for identifying 
possible abrupt changes in a time series with the advantage of being 
computationally simple, less affected by outlier fluctuations, and more 
suitable for identifying the first abrupt change in a hydrometeorological 
series. The Pettitt test assumes that the data are independent and iden
tically distributed, which is usually not applicable to meteorological 
data, since may exhibit serial dependency (Richardson et al., 2022). We 
applied a block bootstrap procedure (Kunsch, 1989; Lahiri, 2003; Wilks, 
1997, 2019) with 10,000 replicates to mitigate the influences of auto
correlation. To consider spatial autocorrelation and multiple testing, we 
controlled the false discovery rate (FDR; Benjamini and Hochberg, 
1995). The FDR method is effective in controlling the proportion of false 
rejection tests and is robust to spatial dependence. We set ✓FDR = 0.1 
(Wilks, 2016) permitting 10 % of statistically significant results to be 
wrong. For a complete technical description of these methods, please see 
the supporting materials. 

3.4. Correlation between global SST and CDH 

The widely utilized singular value decomposition (SVD) approach is 
used in this paper. SVD is extensively used to find the distantly associ
ated statistical features between distinct variables because it can isolate 
the most essential anisotropic correlation modes of two variable fields 
(Bretherton et al., 1992). SVD has also been used in recent years to 
analyze the relationship between North and South American runoff and 
global SST (Tootle and Piechota, 2006; Tootle et al., 2008). Therefore, 
the correlation between global SST anomalies and CDH characteristics 
across China was investigated using the SVD method. Additionally, 
Pearson correlation was utilized as an aid to explore the correlation 
between CDH characteristics and ENSO, IOD index. 

3.5. Modes of SST and composite analysis 

MEI values derived from the full multivariate signals over the trop
ical Pacific are used in the ENSO measurement. The threshold of ±0.5 ◦C 

Fig. 2. A comprehensive framework for identifying and classifying CDH. The right y-axis represents SPEI and the left y-axis represents EHF.  

Table 2 
Indices of compound droughts and heat waves characteristics.  

Indices Definition Unit 

CDHN Number of CDH Number of events 
CDHF Frequency of CDH Days 
CDHD Longest duration of CDH Days 
CDHA Peak amplitude of heat waves in CDH ◦C  
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was used to classify El Niño (>0.5), neutral, and La Niña (<− 0.5) sea
sons. The lead mature and simultaneous phases of ENSO are Decem
ber–February (0) and May–September (1), respectively. The DMI 
obtained from the Indian Ocean SST gradient anomalies between the 
western equator (50◦E - 70◦E and 10◦S - 10◦N) and the southeastern 
equator (90◦E - 110◦E and 10◦S - 0◦N) was used to calculate IOD. A 
threshold of half the standard deviation was used to distinguish between 
positive, neutral and negative seasons. The MEI ± 0.5 ◦C threshold used 
to classify ENSO as El Niño and La Niña has been widely applied for 
research in atmospheric and oceanic disciplines (Lee, 2015; Sang et al., 
2019; Wei et al., 2020), as has the DMI for IOD (Lee, 2015; Sang et al., 
2019; Wei et al., 2020). The lead mature and simultaneous phases of IOD 
are September–November (0) and May–September (1), respectively. 
Because ENSO and IOD often peak during these months, we chose DJF 
(0) and SON (0) as the lead mature phases. Table S2 depicts the lead and 
simultaneous seasons of ENSO and IOD phases. The effect of different 
phases of SST modes on CDH was analyzed within the lead and simul
taneous periods. The standard t-test was employed to estimate statistical 
significance. The interpolation method used in this work is the Inverse 
Distance Weighting (IDW) interpolation. The weight function is a power 
function with weights proportional to the inverse distance to the power 
of 2, the output image size is defaulted to 0.14453, and the minimum 
number of points within the search radius is 12. 

4. Results 

4.1. CDH spatiotemporal variability over the last 57 years 

4.1.1. The spatial pattern of CDHs 
Fig. 3 shows the spatial distribution of multiyear averages of CDHN, 

CDHF, CDHD, and CDHA in China from 1961 to 2017. Most stations in 
the country had an annual average of no >0.3 mild, 0.2 moderate, and 
0.1 severe CDH events. An average of 0.3–1.0 CDHMI occur each year in 
Northwest China and parts of North China. North China and areas of 
Northwest China have 0.2–0.6 CDHMO per year, while Xinjiang's Hami 
City (93◦44′E, 42◦78′N) can have 0.6–1 CDHMO per year, and Izhou 
District (93◦31′E, 42◦49′N) of Hami can have up to 1.7 times CDHMO per 
year. Further analysis revealed that the spatial pattern of CDHSE events 
is the inverse of CDHMI and CDHMO, with high CDHN values primarily 
distributed in Eastern China, Southwest China, Northeast China, and 
parts of West China, with 0.1–0.3 times CDHSE occurring on average per 
year in these regions. For three levels of CDH events, the spatial pattern 
of CDHF and CDHD is similar to that of CDHN. In general, the longest 
CDHMI lasted no >2 days throughout the year. In areas where moderate 
CDHN occurs >0.2 times, CDHF is higher than 1 day and CDHD can be 
>0.6 days. Notably, the CDHF of CDHMO in Hami, Xinjiang, reached 
9.9 days on average, with the longest duration lasting >3 days. CDHF 
was >0.4 days and CDHD was >0.3 days in locations where severe 
CDHN occurred >0.1 times. The CDHF of CDHSE does not exceed 2 days 
in most areas, and CDHD does not exceed 1 day, while the annual 
average frequency of CDHSE in Shanxi Province exceeds 4 days, and the 
annual average longest duration of CDHSE in Shanxi, Chongqing, 
Hunan, Jiangxi, Jiangsu, Zhejiang, and Shanghai exceeds 1 day and 

Fig. 3. Spatial patterns of CDH characteristics of different severities across China in the summer (May–September) during 1961–2017. (a-d) CDHN, CDHF, CDHD, 
CDHA for mild CDH; (e-h) CDHN, CDHF, CDHD, CDHA for moderate CDH; (i-l) CDHN, CDHF, CDHD, CDHA for severe CDH. 
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reaches >2 days in local areas. Fig. 3 (d, h, l) shows the CDHA distri
bution of the CDH events. It can be observed that the CDHA of CDHMI 
and CDHMO has a certain regularity with latitude, with lower peak in
tensity in the southern region and higher peak intensity in the northern 
region. On the contrary, CDHSE has a higher peak intensity (CDHA) in 
the Northeast China, Shanxi and Gansu, and lower peak intensity in the 
northwest and southern coastal regions. 

4.1.2. Temporal evolution of CDH characteristics 
This section assesses and analyzes the statistical patterns of fluctu

ations in the number (CDHN), frequency (CDHF), longest duration 
(CDHD), and peak value (CDHA) of mild, moderate, and severe CDH 
events in China from 1961 to 2017. Over the years, we estimated the 
time series of the station means of each indices of CDH events in China, 
tested the time series for mutation using the Pettitt test, and determined 
the change trend using the linear fitting method. Fig. 4 displays the 
evolution of each characteristic before and after the CDH event muta
tion, as well as the general growth trend (detailed data results are listed 
in Table S3). The CDHN, CDHF, CDHD, and CDHA of the three levels all 
increased significantly during 1961 to 2017, with some variations in the 
rate of rise, with CDHMI>CDHMO>CDHSE. Each CDH indices was 
mutated in 1993 or 1996, and the differences before and after the mu
tation are significant, with all CDH indices after the mutation reaching 
2–4 times those before the mutation. Concurrent droughts and heat 
waves are increasing and will continue to increase, a result that appears 
to correspond to the increased frequency of dry and hot in the preceding 
two decades. We also reached an intriguing conclusion. The same 
indices of CDHMI, CDHMO, and CDHSE stayed practically at the same 
level prior to the mutation year, but after the mutation year, they 
showed considerable and regular variability as CDHMI>CDH
MO>CDHSE. This indicates that after the period of 1993–1996, heat 
waves tended to occur more concurrently with mild drought, and the 

duration of mild CDH events was longer, with a larger heat waves peak. 
The temporal evolution patterns of the CDH events vary significantly 

between sub-regions. Fig. 5(a-g) shows the time series of the CDHN 
station means for each of the seven sub-regions. Obviously, all CDHNs 
increased significantly, with the exception of Northwest China (NWC), 
where the number of CDHSE was nearly zero. Fig. 5(h-j) depicts the 
CDHN in the seven subregions by year of mutation, as well as the dif
ference in levels before and after mutation. The majority of CDHNs 
mutated in the 1990s, while mild CDHN in SWC mutated in 1988, severe 
CDHN in WC mutated in 2005, and all CDHNs in SEC mutated in 2002. 
Our data revealed that the majority of CDHNs were 2–5 times greater 
after mutation than before mutation, whereas the severe CDHN of NEC 
was >6 times higher after mutation. More specifically, the regions with 
the highest number of CDHMI, CDHMO, and CDHSE before the mutation 
were NWC, NWC, and EC, respectively, while the regions with the lowest 
number were SWC, SWC, and NWC. Following the mutation, the regions 
with the highest number of CDHMI, CDHMO, and CDHSE were NWC, 
NWC, and NEC, respectively, whereas the regions with the lowest 
number of CDHMI, CDHMO, and CDHSE were still SWC, SWC, and 
NWC, respectively. Figs. S4–S6 depicts the time series of CDHF, CDHD, 
and CDHA in each subregion. 

To present the detailed spatial variability of the CDH characteristics 
evolution, we perform the improved Pettitt test on the CDH character
istics at each station. The abrupt changes and magnitudes of the char
acteristics are highly consistent in space (Fig. 6). Only the mild CDH 
characteristics in the northern region show significant step changes 
(satisfy the p < pFDR criteria), occurring between 1992 and 1998 (dark 
red). Nonetheless, the potential step change points detected by Pettitt 
test appear between 1986 and 2010 in a large area (red color scheme), 
without exception for the moderate and severe CDH characteristics. 
Unusually, the potential step change points for the severe CDH charac
teristics in the northwest and southern regions occurred between 1961 

Fig. 4. Characteristics of mild, moderate, and severe CDH events over summers (May to September) averaged over China during 1961–2017. (a) The number of CDH 
events (CDHN); (b) the total participating days of CDH events (CDHF); (c) the longest duration of CDH events (CDHD); (d) the peak amplitude of heat waves in CDH 
events (CDHA). The right panel shows the mean value of each characteristic of CDH before and after the abrupt mutation. 
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and 1966 (light blue). This phenomenon is largely explained by the 
extremely small identifiable sample size of severe CDH events in these 
regions, with some sites not experiencing severe CDH events during the 
study period. The change magnitude basically showed a pattern of large 
for the mild and small for the severe. The change magnitude of mild and 
moderate CDH characteristics is prominent in the northern and some 
eastern regions, while the severe CDH characteristics have a more 
conspicuous change magnitude in the northeastern and central regions. 
A strong connection is found between this result and the spatial distri
bution of CDH characteristics. We give the percentage of sites with a 
range of p-values in the bottom left corner of the corresponding spatial 
map. Multiple tests have a large influence on the results that are sta
tistically significant. Although some areas have small p-values (<0.05 
or < 0.1), controlling the FDR yields fewer significant results. Notably, 
the change magnitude is also larger for sites with red color scheme 
(1986–2010), where a significant proportion of our results are also in the 
common range of statistically significant p-values. These results further 
illustrate that the overall conclusion about the significance of CDH 
growth and abrupt changes across China and the regional variability is 
unquestionable. 

4.2. Relationship between SST variation and CDHs 

The heterogeneous correlations between global SST and CDH char
acteristics based on leading SVD mode are shown in Fig. 7 with 
May–September SST as the left field and CDH characteristics as the right 
field. The heterogeneous correlation of spatial pattern of global SST with 
CDHN, CDHF, CDHD, and CDHA are remarkably (see Fig. S8 for details). 

Fig. 7(A-C) shows the spatial patterns of the correlation between global 
SST and CDHN. The spatial patterns of SST field have heterogeneous 
correlation coefficients corresponding to mild and moderate CDH events 
with a wide range of negative values, while those corresponding to se
vere CDH events have a wide range of positive values, with confidence 
levels above 95 % in large areas. The spatial patterns of the leading SVD 
mode with various severity CDH characteristics are both positively and 
negatively distributed with the corresponding global SST spatial pattern 
(Fig. 7(a-l)). When the global SST decreases, the characteristics of mild 
and moderate CDH events in China will be widely reduced or weakened, 
while when the global SST increases, the characteristics of severe CDH 
events will be widely increased or strengthened. A positive correlation 
between global SST and mild, moderate, and severe CDH events is 
precisely indicated by this outcome. For the CDHMI indices, the confi
dence level exceeds 95 % in NWC, NC and part of NEC; for the CDHMO 
indices, the confidence level exceeds 95 % in a few regions in NWC, NC 
and NEC; while for the CDHSE indices, only very few regions in NEC and 
east-central China have confidence levels above 95 %. The squared 
covariance scores for the leading SVD modes (Table 3) are higher than 
those for the others, suggesting the major association between SST and 
CDH characteristics. The correlation coefficients of CDHN, CDHF, 
CDHD, and CDHA indices with global SST for mild CDH events are 0.85, 
0.85, 0.86, and 0.80, respectively; 0.90, 0.89, 0.87, and 0.73 for mod
erate CDH events; and 0.77, 0.73, 0.74, and 0.62 for severe CDH events, 
respectively. The correlation distributions in Fig. 7(a, b, c) are similar, 
with positive correlation in the NWC, NC, and partly NEC, and the 
positive correlation is stronger in the NWC, indicating that the decrease 
in the number, frequency, and duration of mild CDH events in these 

Fig. 5. The evolutions of the number of CDH events in different regions. (a-g) Time series of the number of CDH (CDHN) in each subregion. (h-j) The number of CDH 
events during the pre-abrupt and post-abrupt periods in different regions. The blank shaded area indicates the regions without meteorological stations. 

X. Pan et al.                                                                                                                                                                                                                                      



Science of the Total Environment 907 (2024) 167934

9

Fig. 6. CDH characteristics potential step change points and change magnitude from 1961 to 2017. The “+” represents satisfying our significant step change criterion 
(p < pFDR), the color indicates the year in which the change point is located, and the site size indicates the magnitude of the change. The bottom left corner of the box 
shows the proportion of sites with different p-value ranges. 
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regions is more likely to be affected by negative SST anomalies. Mean
while, the amplitude of mild CDH events in these regions exhibits a 
slight positive correlation with negative SST anomalies (Fig. 7d). Other 
than the aforementioned regions, the correlation between the mild CDH 
event indices and SST was nonsignificant. Fig. 7(e, f, g) also show similar 

correlation distributions as well as positive correlation in various NWC, 
NC, and NEC. The amplitude of moderate CDH events had a lower 
positive correlation than the number, frequency, and duration in fewer 
regions (Fig. 7h). According to Fig. 7(i, j, k, l), the indices of severe CDH 
events are positively correlated with global SST anomalies in the 

Fig. 7. Heterogeneous correlation of the leading SVD mode between global SST and CDH characteristics. (A-C) Mild, Moderate, Severe SST-CDHN; (a-d) Mild CDHN, 
CDHF, CDHD, CDHA; (e-h) Moderate CDHN, CDHF, CDHD, CDHA; (i-l) Severe CDHN, CDHF, CDHD, CDHA. The shaded areas with black dot in (A-C) denote that the 
correlations significant at the 95 % confidence level. The shaded areas except for the hatch area in (a)-(l) denote that the correlations significant at the 95 % 
confidence level. 

Table 3 
Squared covariance fraction and heterogeneous correlation of the leading SVD mode between global SST and CDH indices.   

Mild CDH Moderate CDH Severe CDH 

CDHN CDHF CDHD CDHA CDHN CDHF CDHD CDHA CDHN CDHF CDHD CDHA 

SCF 77 % 78.8 % 73.2 % 74.2 % 72.1 % 75.4 % 66.9 % 70.8 % 45.4 % 52.1 % 49.5 % 61.6 % 
Heterogeneous R 0.85 0.85 0.86 0.80 0.90 0.89 0.87 0.73 0.77 0.73 0.74 0.62  

Fig. 8. Pearson correlations between SST modes and CDH characteristics in mild, moderate, and severe events for each subregion. (a) MEI(ENSO)-CDHN; (b) MEI 
(ENSO)-CDHF; (c) MEI(ENSO)-CDHD; (d) MEI(ENSO)-CDHA; (e) DMI(IOD)-CDHN; (f) DMI(IOD)-CDHF; (g) DMI(IOD)-CDHD; and (h) DMI (IOD)-CDHA. The shaded 
regions except for the hatch regions in (a-h) denote correlations significant at the 95 % confidence level. 
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majority of regions, and only a few regions in the Northeast China and 
individual regions in the east-central region show significant positive 
correlations. This suggests that the increase of severe CDH events 
characteristics in the aforementioned regions is driven more likely by 
positive SST anomalies. Furthermore, the degree of reaction to SST 
anomalies varied significantly across different levels of CDH episodes. 
Mild CDH is more vulnerable to SST anomalies than moderate or severe 
CDH, implying that global SST fluctuations have a stronger impact on 
mild CDH episodes. 

To further investigate the response of CDH events in each sub-region 
of China to the major SST variations ENSO and IOD, we calculated the 
Pearson correlation coefficients of the CDH indices of each sub-region 
with the indices MEI and DMI of ENSO and IOD, respectively, and the 
results can be used to validate the results of the SVD singular matrix 
decomposition. Fig. 8(a-d) depict the Pearson correlation coefficients 
between the year-by-year ENSO index MEI and the CDHN, CDHF, 
CDHD, and CDHA for each sub-region mean. The correlations between 
the CDH indices and the MEI (ENSO) in most subregions are insignifi
cant, with only mild CDHN and mild CDHD for NC, mild CDHA for NWC 
exceeding 95 %, with Pearson correlation coefficients of 0.265, 0.276, 
and 0.260, respectively. These confidence levels above 95 % are clearly 
all mild CDH, indicating that mild CDH are more vulnerable to ENSO. In 
terms of correlation distribution pattern with ENSO, the CDHN, CDHF, 
and CDHD have a similar regional distribution, while the CDHA is often 
less correlated in regions other than the NWC. The Pearson correlation 
coefficients between the IOD year-by-year index DMI and the CDHN, 
CDHF, CDHD, and CDHA for each sub-region mean are depicted in Fig. 8 
(e-h). In comparison to the MEI (ENSO), more sub-regional CDH indices 
show significant correlation (confidence level >95 %) with the DMI 
(IOD), with mild and moderate CDH events being more vulnerable to 
IOD than severe CDH events. All three CDH events in NEC and NC have 
significant correlations with the DMI index in terms of number, fre
quency, and duration. All of these subregions, NEC, NC, NWC, SWC, and 
EC, have certain CDH events that are significantly and positively 
correlated with DMI(IOD) in terms of CDHA. In terms of correlation 
distribution pattern with IOD, the CDHN, CDHF, and CDHD have a 
roughly comparable spatial distribution, however, the response of 
CDHA to IOD in the EC is greater than the CDHN, CDHF, and CDHD. 
Overall, the Pearson correlation between CDH events and IOD is greater, 
indicating that CDH events are more sensitive to IOD than ENSO. 

This subsection investigates the extent to which different levels of 
CDH features respond to anomalous changes in SST using global SST and 
two major SST variations (ENSO, IOD). The intensity of the warm ENSO 
event and the positive IOD phase grow as the SST increase, resulting in 
stronger responses of CDH characteristics. Therefore, we used the 
composite diagram to examine the differences in CDH changes between 
the warm (positive) and cold (negative) phases. 

4.3. Responses of CDH to lead-simultaneous ENSO and IOD phases 

ENSO and IOD at mature periods can have a delayed effect on the 
climate over China in the following summer. This section focuses on 
exploring the effect of lead and simultaneous SST modes on CDH, i.e., all 
years (1961–2017) are divided into the El Niño and La Niña (ENSO) and 
positive and negative (IOD) phases based on the lead mature (DJF for 
ENSO and SON for IOD) and simultaneous (May–September) periods of 
SST modes, respectively. The composite maps of CDH characteristics are 
obtained by El Niño minus La Niña for ENSO and positive minus nega
tive for IOD in the lead and simultaneous periods, respectively. This 
approach contributes to our understanding of the differences in the in
fluence of positive and negative phases of SST modes on CDH during two 
different periods (Wu et al., 2021a). 

The differences in the composite analysis of CDH characteristics 
calculated between the ENSO phases (El Niño minus La Niña) are shown 
in Fig. 9, where (a-l) are calculated during the following summer of the 
lead DJF (0) seasons and (m-x) are calculated during the simultaneous 

summers (1). The lead-simultaneous ENSO has little effect on CDHN in 
most parts of China (Fig. 9 (a-c) and (m-o)), and the distribution of the 
effect of the (0) and (1) ENSO phases on CDHN is similar. For mild and 
moderate CDH, the (0) and (1) ENSO phases cause a decrease in CDHN 
in the northwest, northeast and east, but the negative anomalies are not 
significant, and only a few northwest and northern regions have a 
modest rise; For severe CDH, the (0) and (1) ENSO phases result in a 
decrease in CDHN in the eastern region, as well as a few northwestern 
and northeastern regions, and the negative anomalies are also insignif
icant, except for a significant decrease of >0.3 times in some eastern 
regions. The CDHF is influenced by the ENSO phase as shown in Fig. 9(d- 
f) and (p-r). For mild CDH, there is a minor decrease in CDHF affected by 
the ENSO phases in most of the regions, except for parts of the north, 
west, and southwest, where there is an increase; For moderate CDH, the 
(0) and (1) ENSO phases cause a more evident fall in CDHF in the north 
and certain eastern regions, and a minor but insignificant increase in 
CDHF in the northwest and west-central regions; For severe CDH, the (0) 
and (1) ENSO phases lead to a more noticeable decline in CDHF in the 
eastern region, where the (0) ENSO phases lead to a 1.5 days decrease in 
some eastern regions, while the amount of change following the impact 
of severe CDHF in other places is less. The CDHD is also influenced by 
the ENSO phases (Fig. 9(g-i) and (s-u)), and its distribution resembles 
that of CDHF. Similarly, the (0) ENSO phases have a significant negative 
effect on severe CDHD in the eastern region, with a significant reduction 
of >1 day. Fig. 9(j-l) and (v-x) show the variation of CDHA under the 
influence of (0) and (1) ENSO phases. The distributions of the CDHA 
effects of the (0) and (1) ENSO phases are highly similar. For mild CDH, 
there is a more noticeable increase in CDHA in the northwest, north, and 
part of the northeast, while there is a more noticeable decline in the 
west-central and part of the northeast, and most other regions are 
influenced to a lesser extent; For moderate CDH, there is a greater 
decline in CDHA in the north and part of the northeast, while there is a 
little increase in the northwest and lower latitudes of the northeast, with 
little change in other regions; For severe CDH, except for a noticeable 
increase or decrease in CDHA in the northeast, most regions have seen 
relatively little change after being affected by the (0) and (1) ENSO 
phases. The results in Fig. 9 reveal that the influences of the (0) ENSO 
phases on the CDH characteristics have some degree of uniformity in 
distribution, and that these effects are virtually always insignificant. 
Further, the lead-simultaneous ENSO have more positive impacts on the 
CDHA and more negative impacts on the CDHN, CDHF, and CDHD. 

Fig. 10 shows the differences in composite analysis of CDH charac
teristics calculated between IOD phases (positive minus negative), 
where (a-l) are calculated during the following summers of lead SON (0) 
seasons and (m-x) are calculated during the simultaneous summers (1). 
For mild CDH, the effects on CDHN, CDHF, CDHD, and CDHA are nearly 
comparable between the (0) and (1) IOD phases, showing a significant 
positive effect widely in the northern and some western regions and 
little effect in rest regions. For moderate CDH, the (0) IOD phases have 
more significant positive impact on the CDH characteristics in a few 
northern regions, but the (1) IOD phases have more significant positive 
effect than the (0) phases in these regions. Particularly, the (1) IOD 
phases result in relatively significant increase in moderate CDHA in the 
northeast. For severe CDH, the characteristics are much more weakly 
affected by the lead-simultaneous IOD phases. The distribution of the 
effects of the (0) IOD phases on the characteristics of severe CDH is 
remarkably similar to that of the (1) IOD phases on them. Furthermore, 
due to the influence of the (0) IOD phases, CDHN, CDHF, CDHD, and 
CDHA show more significant positive effects in the border areas of 
Liaoning and Jilin provinces. Overall, the (1) IOD phases have more 
pronounced effects on CDH characteristics than that in the (0) period, 
suggesting that the CDH events would increase if the (1) IOD phases 
occur. From another perspective, mild CDH have a greater response to 
the lead-simultaneous IOD phases, followed by moderate CDH, and se
vere CDH has a lower response. 
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Fig. 9. Composite maps of differences in CDH characteristics calculated during the ENSO (El Niño minus La Niña) phase. (a-l) Lead period; (m-x) Simultaneous 
period. Hatching denotes statistical significance according to a standard t-test at the 95 % confidence level. 
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Fig. 10. Composite maps of differences in CDH characteristics calculated during the IOD (positive minus negative) phase. (a-l) Lead period; (m-x) Simultaneous 
period. Hatching denotes statistical significance according to standard t-test at the 95 % confidence level. 
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5. Discussion 

A widespread abrupt change in various characteristics of the CDH 
occurred throughout the 1990s, showing that aspects of the CDH event 
grew rapidly following this period. This discovery is consistent with the 
findings of other earlier researches (Li et al., 2019; Lu et al., 2018; Wu 
et al., 2019a, 2019b; Ye et al., 2019). The characteristics of CDH in the 
northwestern and northern regions are alarmingly high, and relevant 
studies are available to back up our findings (Xu and Luo, 2019). 
However, the severe CDH appears to be uncommon in these areas, but is 
more prevalent in the southeast and northeast. Previous studies 
demonstrated that the probability of CDH events is highest in southern 
China, with severe compound events occurring primarily in the region 
(Li et al., 2021; Wu et al., 2021a, 2021b). The mean summer air tem
peratures in eastern and southern China are significantly higher than 
other regions except Xinjiang (Fig. 11.a), with more severe heat waves 
also more likely to occur in the southern China (Wei et al., 2020). The 
negative correlation dependence of temperature and soil moisture can 
affect the severity and regionality of drought-heatwave compound 
events (Zhang et al., 2022). We calculated the correlation coefficients 
between monthly air temperature and precipitation, as well as air 
temperature and surface soil moisture during the summer months 
(May–September) of 1961–2022. The negative correlation between 
temperature and precipitation was only observed in southeastern China 
(Fig. 11.b), accompanied by a strong negative correlation between 
temperature and soil moisture (Fig. 11.c). Insufficient soil moisture due 
to lack of precipitation results in reduced evaporative cooling along with 
enhanced thermal induction and higher surface air temperatures, which 
accelerates evapotranspiration and further depletes soil moisture (Liu 
et al., 2020; Miralles et al., 2019). Furthermore, low cloudiness related 
to lack of precipitation (and consequent soil moisture deficits) tends to 
reinforce shortwave radiation, leading to higher surface air tempera
tures (Gentine et al., 2015; Zscheischler and Seneviratne, 2017). These 

processes combine to result in a strong negative correlation between soil 
moisture and temperature over large of eastern China (Zhang et al., 
2022), which may explain why severe CDH is mainly found in the 
southeast regions. 

The possible physical mechanisms of ENSO and IOD effects on CDH 
are discussed here. Fig. 12 illustrates the sea level pressure (SLP), 500- 
hPa geopotential height, and total cloud cover anomalies of ENSO and 
IOD for the lead and simultaneous phases. During the ENSO lead mature 
phases, significant positive SLP anomalies are observed across the 
western Pacific Ocean and southwest China, with no SLP anomalies over 
most of China (Fig. 12.a). The 500-hPa geopotential height shows sig
nificant positive anomalies (Fig. 12.e), implying a drop in pressure, 
which usually leads to a decline in temperature and more precipitation 
due to cooling of the updrafts. Increased cloud cover reduces solar ra
diation to cool temperatures and facilitates precipitation formation, 
especially in northwest and southeast China (Fig. 12.i), resulting in 
reduced CDH. During the ENSO simultaneous phases, there are no cloud 
cover anomalies over most of China, except for a significant reduction in 
northern China (Fig. 12.j). Significant positive SLP and 500-hPa geo
potential height anomalies move westward to envelop most of China 
(Fig. 12.b and f), leading to a decrease in temperature and possibly 
triggering convective activity at the high-pressure margin to increase 
precipitation and ultimately resulting in less CDH. 

During the lead IOD phases, the positive SLP anomalies appeared 
near the equator and in the north of China (Fig. 12.c), and the positive 
500-hPa geopotential height anomalies dominated the area around 
China, especially in the northwestern part (Fig. 12.g), which may 
reverse the effect of increased cloud cover (Fig. 12.k), contributing to 
warmer temperatures and less precipitation in northern China. In 
contrast, during the IOD simultaneous phases, the center of negative 
anomalies occurs over the North Pacific Ocean, weak negative SLP 
anomalies occupy most of China (Fig. 12.d), tropical cyclones with 
accompanying high temperatures may occur, and the low-pressure 

Fig. 11. (a) The spatial distribution of the mean temperature in summertime (May–September) from 1961 to 2022; The spatial distribution of correlation coefficients 
between monthly air temperature and precipitation (b) and between air temperature and surface soil moisture (c) in summer (May–September) from 1961 to 2022. 
The shaded areas with black dots in (b) and (c) indicate the correlations significant at the 95 % confidence level. 
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system may impede the development of convection thus decreasing 
precipitation, resulting in higher CDH in northern China. Moreover, 
most of China was occupied by weak 500-hPa geopotential height 
negative anomalies (Fig. 12.h), which led to a rise in air pressure and 
compression of atmospheric subsidence, resulting in higher tempera
tures and evaporation of water vapor, which reduced the cloud cover 
and hence less probability of precipitation formation (Fig. 12.l), and 
ultimately increasing the CDH events. 

Other large-scale forcings such as the PDO, AMO, and NAO (Wu 
et al., 2021a, 2021b), should be explored beyond the focus of our study. 
The PDO and NAO may affect the occurrence of CDH events indepen
dently or in conjunction with ENSO and IOD, which may enhance or 
diminish their effects (Chang et al., 2006; Saji and Yamagata, 2003). 
Pearson correlation coefficients were calculated for the annual average 
index of NAO, AMO, and PDO with each CDH characteristic from 1961 
to 2017. Almost all CDH characteristics showed significant positive 
correlations with AMO and less correlations with NAO and PDO (Fig. 13. 

a-d). The correlation coefficients of CDH characteristics between NAO 
(in three regions), NC, NEC, and SEC, were somewhat prominent, 
although not all were significantly correlated. Perhaps NAO has 
contributed to the variations of CDH within certain regions of China. 
Throughout, the results suggest that AMO is more closely associated 
with CDH growth across China, which is intriguing. Since AMO has a 
60–80 years cycle, the Composite Analysis is obviously not applicable 
here. The AMO trends during the simultaneous CDH study period exhibit 
a positive phase change during 1961–2017 (Fig. 13.e). Note that the 
AMO positive phase change is positioned close to the abrupt change in 
CDH characteristics (in terms of the national average CDHN), suggesting 
that the abrupt increase in CDH characteristics can be assumed to come 
from a significantly enhanced coefficient of AMO. We are convinced that 
this is a topic worthy of deeper research and would be another major 
research (Wei et al., 2023), although the research framework of this 
paper is not enough to explore in depth the complex associations of other 
large-scale SST modes including AMO with summer CDHs across China. 

Fig. 12. The differences between the composite maps of the sea-level pressure (millibar) (a-d), 500-hPa geopotential height (gpm) (e-h) and total cloud cover (%) (i- 
l) anomalies for the ENSO (El Niño-La Niña) and IOD (positive-negative) during the anomalous seasons. The shaded areas with black dots indicate the anomalies 
significant at 95 % confidence level on a standard t-test. 
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Although the findings we report here are based on observational data 
and available analytical methods, there still remains limitations that 
should be addressed in further studies. The characterizations of CDH 
events, for example, is dependent on the indicators used to identify heat 
waves and droughts. The identification of heat waves will differ if 
different high temperature heat waves indices are used, and the same is 
true for drought. When different combinations of drought and heat 
waves indices are used, the discrepancies in identifying compound 
drought and heat waves events may be more significant. Moreover, 
numerous studies on the assessment and attribution of compound 
drought and heat waves are defining such events as concurrent drought 
and heat waves, including the present study. Note that with some of the 
shared drivers of drought and heat waves, heat waves often appear more 
quickly, whereas drought displays a lag. As a result, more comprehen
sive definitions of CDH events must be examined further, and future 
research will focus on a more comprehensive and time-scale uniform 
compound drought and heat waves index. In addition, this research 
work only uses data from ground-based weather stations, which may be 

insufficient in some areas, and interpolation may result in huge un
certainties. For example, in the Qinghai-Tibet Plateau region, there are 
only a very few stations over a large area, which will inevitably create 
large errors and uncertainties in the CDH assessment for this region. The 
relative threshold definition of heat waves used in this work offers 
apparent advantages for investigating compound event changes in the 
Qinghai-Tibet Plateau, where the mean temperature is lower. In addi
tion, the variability of CDH event characteristics is often associated with 
seasonal precipitation and evapotranspiration quantity and variability, 
and anthropogenic warming (Konapala et al., 2020; Schwingshackl 
et al., 2017; Zampieri et al., 2017). Therefore, a more comprehensive 
integration of the relative contributions of these influences could 
contribute to our understanding of the evolution of CDH. 

In this study, a special effort is made to provide a more refined 
identification of CDH than previous studies, which is necessary because 
of the large regional spatial variability in China. Compound drought and 
heat waves events in some regions are more importantly influenced by 
SST modes that cannot be ignored. Therefore, we tried to investigate the 

Fig. 13. (a-d) Pearson correlation coefficients for the mean annual index of NAO, AMO, and PDO with each CDH characteristic from 1961 to 2017; (e) Phase change 
of AMO and average CDHN trend in China during 1961–2017. The gray shading in (a-d) indicates the threshold range of correlation coefficients for which the 
correlation is not significant (p > 0.05) according to t-test. 
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anomalous variability of CDH characteristics in China by finding a 
suitable combination of indicators to relate them to the variability of SST 
modes and to find some meaningful conclusions, thus highlighting the 
significance of this study. This study reports many changes in the CDH 
characteristics in China, complementing some parts that were not 
considered in previous studies and improving a more comprehensive 
understanding of them. The findings of this study contribute to relevant 
prediction efforts and can improve disaster prevention and mitigation 
measures in China's sensitive regions. 

6. Conclusions 

In this study, the CDH events are accurately identified by using a new 
framework combining SPEI and EHF, and multifaceted spatial-temporal 
variations of mild, moderate, and severe CDH events are evaluated. SVD 
and Pearson correlations are used to explore the correlations between 
SST variations and compound events, and further composite methods 
are used to assess the effects of SST modes on CDHN, CDHF, CDHD, and 
CDHA to reveal the contribution of SST modes to their variations. 

Over the past 60 years, the CDH characteristics in China exhibited an 
intensifying trend with a consistent abrupt increase. The national 
average after 1993–1996 all reached 2 to 4 times of those in the pre- 
abrupt period. Our results show that the dry heat trend is unprece
dented. The number, frequency, duration and intensity of regional CDH 
events were heterogeneous and showed a consistent growth trend. Mild 
and moderate CDH events occurred mostly in the northwestern and 
northern regions of China, while severe CDH was mainly found in the 
central and eastern regions. A significant positive correlation was found 
between mild and moderate CDH characteristics and SST in the north
western and northern regions, indicating a close association between 
CDH and SST changes. Pearson correlation experiments also showed 
stronger correlation between the compound drought and heat waves 
features and IOD in each sub-region compared with ENSO. Mild and 
moderate CDH events were more susceptible to SST modes than severe 
CDH. IOD dominates the exacerbation of mild and moderate CDH events 
compared to ENSO. Regionally, the northwest and north experienced 
longer, more frequent and severe CDH events during the positive IOD 
phase. 
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