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A B S T R A C T   

Compound drought and heat (CDHE) is frequently occurred worldwide and leads to disproportionate impacts on 
agricultural production than univariate climate extremes, hence continues to receive research attention. How
ever, the driving mechanism and occurrence characteristics of CDHEs remain unclear in some agro-ecological 
sensitive regions. Here, we adopted standardized precipitation index (SPI) and standardized temperature 
index (STI) to identify the intensity of drought and heat, respectively, in north China, and then to identify the 
month and area that most prone to CDHEs. Copulas can simulate the dependence between variables, hence were 
proposed to construct joint cumulative probability distributions of SPI and STI, so as to simulate the occurrence 
characteristic of CDHEs. The results demonstrated that in cold season, there were some stations with significant 
positive correlations between the SPI and STI. However, ~ 80 % of stations had significant negative correlations 
between the two variables in July (the month of the year with the most stations). Hence, July is considered as the 
month most prone to CDHEs among the year in north China. We also found that the Symmetrized Joe-Clayton 
copula was the best to construct joint probability distributions of SPI and STI in most stations. In July, CDHEs 
occurred more frequently after 1990s with much higher intensity and wider spatial extent, which was mainly 
attributed to more severe heats. Spatially, mid-western plain and north mountainous areas were more prone to 
CDHEs. Our findings provide a better understanding of CDHEs in north China and could offer valuable references 
for meteorological disaster risk prevention in agriculture production.   

1. Introduction 

Climate extremes continues to receive research attention due to their 
disproportionate impacts on society and agroecosystem (IPCC, 2012). 
Especially, some of the most serious impacts are often caused by a 
combination of climatic extremes that termed as ‘compound event’ 
(IPCC, 2013). Compound events involve more than one variable 
(Zscheischler and Seneviratne, 2017), which usually have excessive 
impacts than univariate climate extremes. Drought and extreme heat 
often co-occurred under global warming, which is one of the most 
concerned compound events types. Compound drought and heat event 
(CDHE) seriously affected vegetation production (Ciais et al., 2005; De 
Boeck et al., 2011; Wolf et al., 2016), caused tree mortality (Allen et al., 
2010), promoted insect outbreaks (Williams et al., 2010), and wildfires 
(Flannigan et al., 2009), negatively affected agriculture sector. In 
addition, extreme heat and dry conditions are conducive to the spread of 
diseases, and thus severely affect human health (Chretien et al., 2007; 

Padmanabha et al., 2010; Bandyopadhyay et al., 2012). Therefore, un
derstanding concurrent characteristics of compound drought and heat 
events is of crucial importance to provide relevant information for 
disaster mitigation. 

Former studies mainly focus on investigating the disasters from 
univariate perspective, hence leading to underestimate the impacts of 
compound events. The magnitudes of individual hazards will increase as 
climate extremes co-occurred (Shukla et al., 2015; AghaKouchak et al., 
2014; Griffin and Anchukaitis, 2014). In addition, drought and extreme 
heat interact with each other. For instance, surface drought caused by 
precipitation deficit can induce less evaporation, leading to atmospheric 
heating. Mueller and Seneviratne (2012) found that the number of high 
temperature days is closely related to the previous lack of precipitation 
in many parts of the world. On the other hand, extreme heat will 
significantly increase evaporation demand, thereby exacerbating the 
severity of drought (Dai, 2013). This can also explain why CDHE is one 
of the most frequent types of compound events under global warming. 
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In recent years, there were some studies concerning compound 
events (Ridder et al., 2020; Zscheischler et al., 2020). The most common 
approach was to define and identify the compound events, so as to 
analyze the spatial and temporal distributions of historical occurrence 
frequencies (Chen and Li, 2017; Wu et al., 2019b; Zhang et al., 2020). In 
different studies, the definitions may be different. For instance, Zhang 
et al. (2020) defined the short-term concurrent drought and heatwave 
events from evapotranspiration, soil moisture and surface temperature 
to study their historical occurrence frequency around the world. Wu 
et al. (2019b) used 25th percentile of precipitation and 75th percentile 
of temperature to define compound precipitation and temperature 
extreme events in China. This is a straight forward approach to improve 
our understanding of compound events in history. However, as the 
compound events are extreme events, this kind of studies always require 
long-term series data to contain more samples. Moreover, because 
compound events are multi-variable issues, this kind of studies didn’t 
capture the dependence structure between variables, which is essential 
in estimating the probability of compound events and their potential 
effects (Hao et al., 2018). 

Some other studies on compound events used multivariate joint 
distribution to simulate the dependence between variables, and to pre
sent the occurrence probability of compound events. Among them, the 
copula models are the most commonly used, especially for bivariate 
issues (Zscheischler and Seneviratne, 2017; Chen et al., 2019; Ribeiro 
et al., 2020; Collins, 2021). In high dimensions, meta-Gaussian model 
has been proposed (Hao et al., 2018). Before performing joint distribu
tion for two or more variables, the marginal distribution of univariate 
must be fitted separately. The advantage of copulas is allowing the 
correlate variables without the necessity of similar marginal distribu
tions (Wazneh et al., 2020). In the studies of CDHEs, the marginal dis
tributions of precipitation (Collins, 2021) or some drought indexes, such 
as standardized precipitation index (SPI) (Hao et al., 2018), Palmer 
drought severity index (PDSI) (Chen et al., 2019), were fitted to denote 
drought (water deficit), and the marginal distributions of maximum 
temperature (Collins, 2021), the number of high temperature days 
(Chen et al., 2019; Ribeiro et al., 2020) were commonly used to denote 
extreme heat. However, the indexes to denote drought and heat in the 
joint probability modeling were not comparable. For example, drought 
indexes are commonly standardized but heat indexes are not. This may 
have potential adverse effects on exploring the dominant drivers of 
compound events and the dependence between variables. So far, the 
exploration of concurrent event is increasing. However, the existing 
studies were most on global or national scale, targeted researches on 
some sensitive and vulnerable agricultural areas are still missing. In 
addition, the driving mechanism and occurrence characteristics of 
CDHEs in these areas are remain unclear. Moreover, the current meth
odology applied to investigate compound events has some defects as 
described above. 

Hence, in this study, CDHEs were studied in north China, which is 
susceptible to CDHEs and is a major agriculture area in China (Kang and 
Eltahir, 2018). Two comparable indexes, SPI and standardized temper
ature index (STI), were adopted to denote intensities of drought and 
heat, respectively. Copulas were used to link the marginal distributions 
of the two variables, which can capture the dependence between vari
ables. The main objectives were (1) to identify the most frequently 
occurred month and areas of CDHEs across north China during period 
1961–2019; (2) to explore the dominant driven factor of interannual 
variation of CDHEs; and (3) to study the spatial distributions of joint 
return periods of CDHEs with different drought and heat intensities. 

2. Dataset and methodology 

2.1. Study area 

The north China (112.1–122.42◦E, 34.22–42.35◦N) consists of Bei
jing, Tianjin, Hebei, Shandong, and northern Henan, with an area of ~ 

400, 000 km2 (Fig. 1). It is the most important winter wheat and summer 
maize production area in China. This region has a temperate continental 
monsoon climate, which is cold and dry in winter, and hot and rainy in 
summer. Seventy percent of the annual precipitation occurs from June 
to September with large interannual variability, hence there is 
frequently drought. Because north China plain has experienced great 
expansion of irrigated agriculture with significant impact on the surface 
temperature, the risk of high temperature and heatwave in north China 
has increased since 1970 (Kang and Eltahir, 2018). Owing to climate 
change and human interference, this region is more prone to CDHEs, and 
the potential losses for agricultural production are huge. 

2.2. Dataset 

The dataset including daily precipitation and average temperature 
data from 39 national weather stations during the period 1960–2019 
was collected from China Meteorological Data Network (https://data. 
cma.cn/site/index.html), which has been performed rigorous quality 
control procedures. It is one of the best daily meteorological datasets in 
China (Chen and Li, 2017), and is widely used (Qiu et al., 2021b, 2022). 

2.3. Methods 

2.3.1. Definition of compound drought and heat events 
In this study, we investigated the monthly CDHEs. For a certain 

month, when drought and heat happened simultaneously, this month 
can be defined as CDHE occurred. Four characteristics of CDHEs in 
different time periods are evaluated in this study: intensity, dominated 
factor, spatial extent, and joint return period. We studied the intensities 
of drought and heat in the CDHEs, if heat intensity is higher than its 
drought intensity, this CDHE can be defined as heat dominated. The 
spatial extent of CDHEs in a certain month is defined as the proportion of 
stations with compound events happened in north China in that month. 
Risk of CDHEs is expressed by its return period. A region with shorter 
return period means this region is more prone to CDHEs and with higher 
risk. 

To identify the drought, a commonly used index, SPI, was selected. 
The main advantage of using SPI is that it can be compared across 
different locations and calculated at various timescales. To calculate SPI, 
the data of precipitation are fitted by the gamma distribution, then 
converted to the standard normal distribution. Droughts are the 

Fig. 1. Location of north China and distribution of meteorological stations.  
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negative anomalies when SPI < − 0.5 (McKee et al., 1993). Detailed 
calculation processes can be found elsewhere (Yao et al., 2018). Since 
heat is closely related to the previous lack of precipitation (Mueller and 
Seneviratne, 2012), SPI were calculated at 1-, 2-, 3-, 4-, 5-, 6-, 9-, 
12-month timescales in this study, so as to investigate the timescale of 
drought most closely related to heat. To identify heat, we adopted the 
STI index, which is computed in a similar spirit with SPI (Zscheischler 
et al., 2014). Since temperature anomalies can be assumed to be nor
mally distributed (Hansen et al., 2012; Zscheischler et al., 2014), time 
series of monthly average temperature can be directly fitted by a normal 
distribution to calculate STI. Heat is defined as the positive anomalies 
when STI > 0.5. According to previous studies (McKee et al., 1993; 
Zscheischler et al., 2014), categories of drought/heat intensity based on 
SPI/STI can be divided into four levels, as shown in Table 1. Hence, 16 
corresponding bivariate permutations are generated. We will examine 
CDHEs of these 16 drought and heat intensity combinations. In this 
study, the opposite values of SPI (-SPI) were used to represent the 
drought intensity, hence, higher value of -SPI represents stronger 
drought. This makes it more convenient for subsequent fitting of prob
ability distributions. 

2.3.2. Copulas and bivariate joint return periods 
Any multivariate joint distribution can be written in terms of uni

variate marginal distribution functions and a joint model, such as 
copula, which describes the dependence structure between variables 
(Nelsen, 2007). Copula enables the flexible selection of arbitrary mar
ginal distribution structures (Xu et al., 2021) and has been widely used 
in hydrology and meteorology (Mellak and Souag-Gamane, 2020; Zhang 
et al., 2021a; Zhu et al., 2019). One of the objectives of this study is to 
estimate the joint cumulative probability distribution of CDHEs. Six 
copula functions are evaluated to link the marginal distributions of 
drought (denoted by -SPI) and heat intensities (denoted by STI). The 
specific functions and parameter ranges are shown in Table 2. The 
Akaike Information Criterion (AIC) is used to illustrate the fitting 
goodness of the six copulas (Akaike, 2011). In this study, the candidate 
univariate marginal distributions include the normal distribution 
(NORM), the extreme value distribution (EV), and the generalized 
extreme value distribution (GEV). The Kolmogorov-Smirnov test (K-S 
test) is used to select the optimal marginal distribution function (Mas
sey, 1951), and p-value near to 1 indicates the marginal distribution 
function fits the data very well. The K-S test is also used to assess the 
differences between the cumulative distribution functions (CDFs) of 
compound events in different time periods. p-value < 0.05 indicates the 
data from the two periods are draw from different distributions at a 0.05 
significance level. 

The bivariate joint return periods of CDHEs are computed from the 
fitted copulas. The two-dimensional exceeding probability is the prob
ability of an event that both variables exceed given thresholds, which 
can be denoted as follows (Zscheischler and Seneviratne, 2017): 

p = P(X > x ∩ Y > y) = 1 − u − v+C(u, v) (1)  

where X and Y are the random variables, i.e. -SPI and STI in this study; x 
and y are the given thresholds; u and v are the cumulative probabilities 
when the random variables X and Y are less than the thresholds x and y, 
calculated by the best fitted marginal distribution functions. The joint 
return periods (RP) related to the exceeding probability p can be 
computed as: 

RP = 1/p (2)  

3. Results 

3.1. Determination of the month most prone to CDHEs 

For each station and each month, SPI were calculated at 1-, 2-, 3-, 4-, 
5-, 6-, 9-, 12-month timescales. Correlation analysis was conducted be
tween 1-month scale STI (STI_1) and SPIs on each timescale, so as to 
investigate the timescale of drought most closely related to heat and the 
months in which CDHEs were most likely to occur. Proportions of sta
tions with significant correlations (p < 0.05) between STI_1 and SPIs 
were displayed in Fig. 2. Significantly positive correlations mainly 
appeared in cold season, and the largest proportion of stations with 
significantly positive correlation was 28 %, which occurred between 
STI_1 and SPI_4 (SPI on 4-month scale) in December. This means that 
after a period of precipitation deficit (lower SPIs), it more likely 
accompanied by lower temperatures (lower STIs) in cold months. From 
March to September, the significant correlations between STI_1 and SPIs 
on different timescales were all negative. In June and July, the ratios of 
stations having significantly negative correlations were obviously 
greater than that in other months, and that in July (generally > 0.8) 
were obviously greater than in June. This indicates that heats (higher 
STIs) in June and July are likely to be accompanied after a period of 
precipitation deficit (lower SPIs) in north China, leading to high risk of 
CDHEs. The largest ratio of stations with significantly negative corre
lation appeared between STI_1 and SPI_3 in July. Hence, July can be 
determined as the month most prone to CDHEs, and 3-month scale 
drought is most closely related to heat in July. In the following sections, 
we will take SPI_3 in July as an example to study the characteristics of 
CDHEs. 

3.2. Construction of bivariate joint distribution of -SPI and STI by using 
copulas 

In north China, stations with significantly negative correlations be
tween STI_1 and SPI_3 in July are denoted by colored circles in Fig. 3, 
which are prone to CDHEs. Stations denoted by grey circles are not 
studied as they don’t have significant correlation between STI and SPI. 
As shown in Fig. 3, GEV is the optimal marginal distribution function for 
both SPI and STI at most stations, and NORM performs the best at some 
other stations. The p-value of K-S test for marginal distribution of STI at 
each station is between 0.58 and 0.99 (Fig. 3a), and is between 0.29 and 
0.99 for SPI (Fig. 3b), indicating a better performance of the marginal 
distribution for STI than for SPI. Six different copulas are used to link the 
marginal distributions of STI and -SPI at each station, and AIC is used to 
select the best copula function. Fig. 4 shows that the Symmetrised Joe- 
Clayton copula is the optimal copula at most stations, followed by Stu
dent’s t, Frank, and Gumbel copula. 

Three sites, which represented different geographical background, 
are selected as examples to show the joint cumulative probability dis
tributions of STI and -SPI fitted by the optimal copula function (Fig. 5). 
The three sites are Weichang, Haiyang, and Raoyang, located in north
ern mountainous area, east costal area, and mid-western plain area, 
respectively. From the optimal copula functions, we can obtain the joint 
cumulative probability at any STI and -SPI. CDHE is the part that both 
values of -SPI and STI over 0.5. For example, the probability of drought 
and heat intensity simultaneously < 0.5 is 0.58 at Weichang and 0.51 at 
Haiyang. Fig. 5 also reveals that the increasing trend of cumulative 
probability with increasing drought intensity is similar at the three 
stations. However, this is not the case for heat intensity. For Weichang 
and Raoyang, the cumulative probability remains near zero when heat 
intensity is < − 2, and the probability slightly increase when heat in
tensity is > 2. However, for the Haiyang, cumulative probability stops to 
further increase when heat intensity is > 2. This indicates extreme heat 

Table 1 
The categories of drought/heat intensity denoted by SPI/ STI.  

Drought/Heat category SPI ranges STI ranges 

Mild -1.0 ≤ SPI < − 0.5 0.5 ≤ STI < 1.0 
Moderate -1.5 ≤ SPI < − 1.0 1.0 ≤ STI < 1.5 
Severe -2.0 ≤ SPI < − 1.5 1.5 ≤ STI < 2.0 
Extreme SPI < − 2.0 STI > 2.0  
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events rarely occurred in Haiyang. 
Based on Eq. (2) and the best fitted copula function, joint return 

period of CDHEs at any drought and heat intensity can be calculated. We 
also take Weichang, Haiyang, and Raoyang as examples to show the 
isolines of the five selected joint return periods. Fig. 6 shows that 
compared to the other two stations, the isolines at Haiyang are more 
densely distributed in the direction of heat intensity. This suggests that 
for CDHEs with the same joint return periods, if their drought intensities 
are also the same, the compound events in Weichang and Raoyang need 
more intense heat than in Haiyang. For example, for a CDHE with 50- 
year return period, its drought intensity is 1.0, the corresponding heat 
intensity is 1.6 in Haiyang, while 2.3 and 2.2 in Weichang and Raoyang. 
Fig. 6 also shows that the number of years that CDHEs happened in 
Weichang, Haiyang, and Raoyang during 1960–2019 are 9, 9, and 11, 
respectively, and the majority of them happened since 1990. 

3.3. Characteristics of compound drought and heat events in different 
time periods 

Characteristics of CDHEs during different time periods are investi
gated. As shown in Fig. 7a, the frequency of CDHEs in north China 
obviously increased, the frequency in 2000–2019 was more than twice 
as that in 1960–1979. In addition, the frequency of CDHEs dominated by 
heat was obviously increased, however the frequency of CDHEs domi
nated by drought did not change much. The CDFs of heat intensity (STI) 
of CDHEs during 2000–2019 and 1980–1999 shifted to right relative to 
the period 1960–1979 (Fig. 7b). However, the CDF of drought intensity 
(-SPI) of CDHEs during 2000–2019 slightly shifted to left with respect to 
the period 1960–1979 (Fig. 7c). This suggests that heat intensities of 
CDHEs substantially increased, while their drought intensities slightly 
reduced during 2000–2019 relative to 1960–1979. This explains why 
more CDHEs dominated by heats in 2000–2019. Fig. 7d shows that the 
CDF of joint return periods of CDHEs during 2000–2019 slightly shifted 

Table 2 
Summary of bivariate copula functions.  

Copula C(μ, v) Parameter range 

Frank 
−

1
θ

ln
[

1+

(
e− θμ − 1

(
e− θv − 1

) )

e− θ − 1

] θ ∕= 0 

Clayton 
(
μ− θ + v− θ − 1

)−
1
θ 

θ ∈ [0,∞]

Gumbel exp
{
− [− ln μ)θ

+(− ln v)θ
] }

θ ∈ [1,∞]

Student’s t 

tκ+1

⎛

⎝ t− 1
κ (μ) − θt− 1

κ (v)
̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅(

κ +
(
t− 1
κ (v)

)2
)(

1 − θ2)

κ + 1

√
√
√
√

⎞

⎟
⎟
⎠

κ > 0 θ ∈ [ − 1,1]

Plackett 
1

2(θ − 1)

{
1 + (θ − 1)(μ + v) − [1 + (θ − 1)(μ + v))2

− 4θ(θ − 1)μv
]1
2}

θ⩾0 

Symmetrised Joe-Clayton 
1 −

(
(1 − μ)θ

+ (1 − v)θ
− (1 − μ)θ

(1 − v)θ
)−

1
θ 

θ⩾1 

Note: C (μ, ν) is the joint cumulative probabilities by copulas; μ and ν are the marginal distributions of -SPI and STI, respectively; θ is the copula parameter.  

Fig. 2. Ratio of stations with significant correlations (p < 0.05) between STI_1 and SPIs on different timescales in each month. Size of the bubbles denote the ratios of 
stations with significant correlations. Green bubbles denote negative correlation and pink bubbles denote positive correlation. If bubbles of the two colors overlap, it 
denotes some sites are positively correlated and some sites are negatively correlated. 
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to right relative to the period 1960–1979, indicating more extreme 
CDHEs in 2000–2019. CDFs in Fig. 7e show that the CDHEs in 
2000–2019 had much wider scope than previous periods. All in all, the 
above results reveal that more frequent CDHEs happened in 2000–2019 
with respect to 1960–1979, and the CDHEs with higher intensity and 
wider spatial extent were appeared in 2000–2019, which were mainly 
attributed to much serious heats. 

3.4. Joint return periods of CDHEs with different drought and heat 
intensities 

The joint return periods of CDHEs for 16 combinations of drought 
and heat intensity levels in north China are shown in Fig. 8. CDHEs with 
mild drought and mild heat have the shortest joint return periods, which 
are generally less than 10 years (Fig. 8a). Joint return periods increased 
with the increase of either heat intensity or drought intensity. CDHEs 
with extreme drought and heat seldom happened in north China with 
the joint return periods over 100 years in most regions (Fig. 8p). 
Spatially, joint return periods of CDHEs are relatively shorter in mid- 
western plain area and part of north mountainous area than in other 
areas, indicating higher risk of CDHEs. What’s more, the joint return 
periods of CDHEs in these two areas are more sensitive to drought in
tensity than heat. As the increase of drought intensity, the joint return 
period is much longer than that with the increase of heat intensity. For 
instance, the joint return periods of CDHEs with extreme drought 
(Fig. 8m) are longer than that with extreme heat (Fig. 8d) in these two 
area. In other regions, the joint return periods of CDHEs are relatively 
more sensitive to heat intensity. 

Fig. 3. Optimal marginal distribution function at each station for (a) STI and (b) SPI.  

Fig. 4. The selected optimal copula function at each station.  

Fig. 5. Joint cumulative probability distributions of drought and heat intensities at (a) Weichang, (b) Haiyang, and (c) Raoyang.  
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4. Discussions 

4.1. Correlation between precipitation and temperature 

Temperature and precipitation showed negative relation in warm 
season over many regions of world (Zscheischler and Seneviratne, 2017; 
Gao et al., 2020), which can be driven by the complex land-atmosphere 
feedbacks and highly related to soil moisture (Chen et al., 2019). For 
instance, increased temperatures can exacerbate soil moisture deficit, 
thereby reducing evaporation (Seneviratne et al., 2010). According to 
energy balance, reduced latent heat flux will lead to increase in sensible 
heat flux, in turn further raising temperatures (Fischer et al., 2007). 
Furthermore, increased potential evapotranspiration due to air tem
perature increases could skew the region towards greater aridity despite 
precipitation increases (Bennett et al., 2020). In this study, we revealed 
that the negative correlation between precipitation and temperature 
was also mainly appeared in warm season in north China. However, in 

cold season, some stations had significant positive correlation, this may 
be due to that cold atmosphere with limited water holding capacity 
reduced precipitation (Berg et al., 2009). We further analyzed the cor
relation between STI_1 and SPIs when drought (SPI < − 0.5) or wetness 
(SPI > 0.5) happened in July. As shown in Table 3, the correlation co
efficients were all negative at 0.01 significant level when drought 
happened. However, the relationships between STI_1 and SPIs were not 
significant when wetness (SPI > 0.5) happened. Hence, we can infer that 
the negative correlation between precipitation and temperature in July 
is mainly caused by drought (SPI < − 0.5) concurrent with heat 
(STI > 0.5), rather than high SPI concurrent with low STI. 

4.2. More frequent and serious CDHEs in north China 

The number of CDHEs in summer showed significant increase across 
many parts of the world, such as the United States (Mazdiyasni and 
AghaKouchak, 2015), Europe (Sedlmeier et al., 2018), and China (Chen 

Fig. 6. Isolines of joint return periods (-yr) of compound drought and heat events at (a) Weichang, (b) Haiyang, and (c) Raoyang. Dots in different colors indicate the 
years in which CDHEs occurred during 1960–2019. 

Fig. 7. The characteristics of CDHEs for the periods 1960–1979 (blue), 1980–1999 (green), and 2000–2019 (orange). (a) The occurrence frequency of CDHEs in each 
time period. Fig. (b)–(e) are the empirical cumulative distribution functions (CDFs) of CDHEs. The x axes represent (b) heat intensity (STI) in CDHEs, (c) drought 
intensity (-SPI) in CDHEs, (d) the joint return periods of CDHEs, and (e) the scopes of CDHEs. 
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et al., 2019; Wu et al., 2019a). The main trigger for land-atmosphere 
feedback has shifted from the drought to the extreme temperatures in 
recent decades (Wu et al., 2019b; Collins, 2021). Our findings further 
show that more frequent CDHEs with higher intensity and wider spatial 
extent appeared in 2000–2019 relative to 1960–1979, and this mainly 
attributed to more serious heats (Fig. 8). Rising global average surface 
temperatures have been observed over the past few decades (Qiu et al., 
2021a), and Wang et al. (2022) shown that the average annual tem
perature before and after the 1990s was 10.65 ◦C and 11.49 ◦C. This 
leads to an increase in the frequency of extreme heat events (Ababaei 
and Chenu, 2020; Jakob and Walland, 2016). Although China experi
enced warming hiatus after 1998, extremes heat still significantly 
increased (Shen et al., 2018; Li and Amatus, 2020). While there was no 
significant trend in drought (Wu et al., 2019a). Simulations of future 
scenarios suggest that the likelihood and extend of CDHEs will increase 
in future (Wu et al., 2021a, 2021b). 

In studying the CDHEs in July, we only studied 3-month scale 
drought, because this timescale is most closely related to heat in July.  

Fig. 8. Spatial distribution of the joint return periods of CDHEs with different drought and heat intensities.  

Table 3 
Correlation coefficients (r) between STI_1 and SPIs in July.   

r r (SPI < − 0.5) r (SPI > 0.5) 

SPI_1  -0.25**  -0.17**  -0.05 
SPI_2  -0.27**  -0.21**  -0.04 
SPI_3  -0.25**  -0.24**  -0.05 
SPI_4  -0.25**  -0.19**  -0.06* 
SPI_5  -0.25**  -0.19**  -0.06* 
SPI_6  -0.25**  -0.19**  -0.06* 
SPI_9  -0.25**  -0.17**  -0.03 
SPI_12  -0.26**  -0.17**  -0.12** 

Note: ** denote the correlation at 0.01 significant level, * denote the correlation 
at 0.05 significant level. The correlation coefficient between STI_1 and SPIs 
when SPI < − 0.5 are denoted by r (SPI < − 0.5). The correlation coefficient 
between STI_1 and SPIs when SPI > 0.5 are denoted by r (SPI > 0.5). 
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Fig. 9 shows the correlation coefficients between SPI_1 and SPIs on other 
timescales. There were very strong positive correlations between SPI_1 
and SPI on 2- to 12-month timescales in July. This means that when July 
is dry, there is a high probability that the drought has already occurred 
for a long period. Heat is exacerbated by a prolonged drought, leading to 
occurrence of CDHEs in July. Hence, although we only studied CDHEs 
with 3-month scale drought, the results would no significant difference 
if we used other timescales. We also analyze the characteristics of CDHEs 
in June (see Figs. S1 and S2 in the Supplementary material), the spatial 
and temporal characteristics of CDHEs in June shown no big difference 
with that in July. Our results from July can illustrate the characteristics 
of CDHEs in north China. 

4.3. Relationship between CDHEs and agriculture production in north 
China 

Agriculture is the most sensitive sector to CDHEs. North China is 
considered as the vital agricultural area, and summer maize growing 
season last from mid-June to early October in this region (Zhang et al., 
2021b). The phenological stage of six leave fully emerged to tasseling for 
summer maize is most vulnerable to drought and extreme heat, and this 
stage mainly occurred on July to early August in north China (Zhang 
et al., 2021b). The present study showed that the CDHEs mainly 
appeared in June and July in north China. Hence, it tends to be an 
effective way to mitigate the potential effects of CDHEs by postponing 
the sowing date of summer maize, so as to make the sensitive tasseling 
stage occurred at August, when the CDHEs less happened. Xiao et al. 
(2022) also found that proper delaying sowing date of summer maize 
can reduce the effects of extreme heat stress on maize production. Our 
results provide a better understanding of the characteristics of CDHEs, 
and are essential for developing adaptation strategies to reduce meteo
rological disaster risk to agricultural productivity. 

Agricultural activities may also in turn influence the occurrence of 
CDHEs in north China. Irrigated agriculture in North China plain has 
experienced great expansion, which may have significant impact on the 
surface temperature. Irrigation is one of the main contributors for the 
risk of high temperature and heatwave in north China (Kang and Eltahir, 
2018), and the area equipped for irrigation is much higher in the 
mid-western region of the North China Plain than other area (Kang and 
Eltahir, 2018). Heat is the main reason for frequently occurred CDHEs in 
recent years. So that explains the higher risk of CDHEs in mid-western 
region (Fig. 8). 

5. Conclusions 

In summary, we can obtain the following conclusions in this study: 

(1) In north China, the proportion of stations with significant nega
tive correlations between SPIs and STI_1 was the most in July, 

especially for 3-month scale SPI (87 %). The negative correlation 
was mainly caused by drought (SPI < − 0.5) concurrent with 
heat (STI > 0.5), rather than high SPI concurrent with low STI. 
Hence July is the month most prone to CDHEs. 

(2) Taking 3-month scale drought in July as example, the Symme
trized Joe-Clayton copula was the best to construct the joint 
dependence probability distribution between drought and heat in 
most stations. CDHEs were more frequently happened in 
2000–2019 with much higher intensity and wider spatial extent, 
this mainly due to more frequent and severe heats.  

(3) The joint return periods of CDHEs in July were relatively shorter 
in mid-western plain area and north mountainous area over the 
study period. These two areas were more prone to CDHEs, and the 
joint return period of CDHEs in both areas were more sensitive to 
drought intensity. 

Our findings provide a better understanding of CDHEs in north 
China, which is one of the most sensitive and vulnerable regions to 
global warming and is also a major agricultural production area in 
China. The findings could offer a valuable reference for disaster risk 
prevention and future disaster risk preparation. 
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