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A B S T R A C T   

Climate extremes have grown increasingly severe and frequent, posing significant threats to both economies and 
ecosystems. Prior research largely focused on individual hazard occurrences, often overlooking the compounded 
effects of multiple extreme events. With the escalating anthropogenic activities and increasing temperatures in 
Asia, there is an imperative need to investigate the occurrence of compound dry hazards (CDHs). This study aims 
to conduct a comprehensive assessment of CDHs in Asia, with a specific focus on examining the co-occurrence of 
heatwaves, droughts, fire dangers, and extreme winds over a 42-year period from 1980 to 2021. To be specific, 
our research focuses on evaluating interannual variability, identifying geographical hotspots, analyzing temporal 
shifts in cascading compound events, and exploring the dependence structure within CDHs. Our results indicate a 
significant increase in the spatial extent of CDHs in recent decades, with varying patterns in annual average 
frequencies across Asian regions. Particularly significant is the concentration of CDH hotspots within developing 
countries situated in East Asia, South Asia, and Southeast Asia. Moreover, our analysis highlights substantial 
increases in both the frequency and duration of cascading events (CEs), particularly in densely populated areas 
across North, Central, East, and West Asia. Conversely, South Asia experiences conspicuous declines in CEs. 
Lastly, our investigation into the dependence structure among CDHs illustrates varying degrees of interdepen
dence among dry hazards and diverse spatial relationships across different Asian regions. We believe that these 
findings are highly valuable for enhancing natural risk management, improving climate model accuracy, and 
fortifying strategies to address the evolving risks associated with compound climate extremes under climate 
change.   

1. Introduction 

The frequency and intensity of climate extremes have witnessed a 
concerning rise in recent years, presenting a significant threat to both 
the environment and human society. The climate extremes, including 
hazards such as heatwaves, droughts, and storms, have prompted 
widespread consequences, leading to economic losses amounting to 
billions of dollars, habitat degradation, and loss of life (IPCC et al., 2022; 
Tavakol et al., 2020). Notably, since 1990, climate extremes have been 
responsible for approximately 1.6 million fatalities globally and an 
average annual economic loss ranging from USD 260–310 billion (Ward 
et al., 2020). In 2018, climate extremes impacted approximately 60 
million individuals worldwide, resulting in the displacement of millions 
of people (Gu, 2019). Traditionally, the analysis addressing these 
extreme events has predominantly centered around examining them 
within a limited scope, concentrating solely on individual hazards. 

However, with a growing understanding of the interconnected nature of 
climate variables, it has become evident that solely examining individ
ual hazards may lead to an inadequate assessment of the comprehensive 
impacts stemming from climate extremes, emphasizing the necessity of 
adopting a multi-hazard analysis (Kong et al., 2020; Leonard et al., 
2014; Liu et al., 2022). 

The co-occurrence of multiple extreme events, also known as com
pound hazards, have become more prevalent in recent decades 
(Mukherjee and Mishra, 2021; Tavakol et al., 2020; Yang et al., 2023). 
Several studies have shown its increasing frequency and impacts in 
many regions of the world. A study by the World Bank showed that a 
substantial portion of the global population has faced a high risk of 
exposure to compound hazards since 2005, with 105 million exposed to 
three or more concurrent hazards (Dilley, 2005). Particularly, the 
co-occurrence of heatwaves and drought has caused an average of 8 700 
deaths per year from 2009 to 2019 worldwide (Ridder et al., 2022). 
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Meanwhile, coastal regions in Europe and the United States have 
experienced significant detrimental impacts of flooding, predominantly 
caused by the concurrent occurrence of storm surges and prolonged 
precipitation events (Paprotny et al., 2018; Wahl et al., 2015. On the 
other hand, Asian regions have suffered from intense heat and severe 
drought conditions in 2020, resulting in significant economic impacts 
across Southeast Asia. Countries such as Sri Lanka, Thailand, and Viet
nam have been among the hardest hit. Indeed, the government of 
Thailand declared a state emergency due to drought-related saltwater 
intrusions into aquifers (Henson, 2020). With the changing global 
climate system due to human activities and the persistence of warming 
trends in various regions, more frequent and severe compound extreme 
events are expected in the future (IPCC et al., 2022; C. Wang et al., 2022; 
Yang et al., 2023). 

To address the challenges posed by compound hazards, researchers 
have conducted numerous studies aimed at understanding their dy
namics and developing effective strategies for mitigation and adapta
tion. Among the various co-occurring climate extremes under 
investigation, compounding dry hazards (CDHs), which pertain to 
simultaneous events caused by high temperature and low precipitation 
occurrences, have received significant attention (Sutanto et al., 2020). 
Traditionally, the analysis of CDHs has primarily focused on the 
co-occurrence of drought and heatwave (e.g., Liu et al., 2022; Maz
diyasni and AghaKouchak, 2015; Mukherjee and Mishra, 2021). How
ever, recent studies have revealed that the simultaneous occurrence of 
the compound drought and heatwaves can also trigger other compound 
hazards, such as the occurrence of wildfire events (Libonati et al., 2022; 
Pu et al., 2022). Moreover, Evers et al. (2022) have shown that the 
occurrence of high-severity fires can also be influenced by the occur
rence of extreme aridity. Previous studies have also addressed extreme 
winds as one of the components for dry hazard variables (Srock et al., 
2018; N. L. Wang et al., 2022). Notably, extreme wind can potentially 
cause elevated evapotranspiration which could rapidly diminish soil 
moisture leading to the onset of flash droughts and increase fire risks 
(Leonard et al., 2014; Mass and Ovens, 2019; Zscheischler et al., 2020). 
These findings highlight the integral role of heatwaves, drought, fire 
dangers and extreme wind in defining CDHs and underscore the 
imperative for a comprehensive analysis of more than two co-occurring 
dry hazards (DHs) to fully address their impacts. 

While acknowledging the significance of CDHs, it is noteworthy that 
the existing literature on investigating CDHs involving more than two 
events remains limited except for two studies (Sutanto et al., 2020; Yu 
et al., 2022). Sutanto et al. (2020) focused on assessing the 
co-occurrence of heatwaves, droughts, and fires in Europe, while Yu 
et al. (2022) explored patterns related to compound droughts, heat
waves, high temperature events, and wind events in Eurasian drylands. 
These studies have made valuable contributions by evaluating the 
spatiotemporal characteristics of CDHs, including identifying hotspots 
and analyzing occurrence regimes. However, these studies are still 
limited to understand the spatial evolution of CDHs, which is a relevant 
aspect in the multi-hazard impact assessment (Gill and Malamud, 2014). 
By expanding the analysis to incorporate the spatial dimension, we can 
expect to gain a deeper understanding of the interactions between 
different dry hazards. Therefore, exploring the interannual variability of 
the spatial extent and frequency of CDHs can provide valuable insights 
into understanding how the impacts of multiple DHs interact over time. 
This analysis stands as a distinctive contribution filling a crucial gap in 
the current understanding of CDHs. 

Furthermore, the concept of cascading climate extremes (referred to 
as cascading events hereafter) is necessary to enhance the understanding 
of the interaction between multiple hazards (Depietri et al., 2018; 
Lawrence et al., 2020; Osman et al., 2022). The analysis of cascading 
events (CEs) takes into account multiple extreme events which occur 
sequentially or cumulatively without being disrupted by a no-hazard 
day (Yu et al., 2022). Previous literatures show that an initial hazard 
produces enough impact to cause subsequent hazards in the same area 

(e.g., AghaKouchak et al., 2018; Pescaroli and Alexander, 2018; Sutanto 
et al., 2020). For instance, Sutanto et al. (2020) found that drought is the 
most common precursor to the emergence of CEs, often leading to 
compound drought and fire occurrences. While promising, those studies 
have overlooked the temporal characteristics of CEs (e.g., maximum 
duration and frequency) and mainly focused on investigating the hazard 
patterns that may have triggered the chain effect of these events. While 
exploring the initial hazard or driver of a cascading event is crucial, 
neglecting its temporal characteristics may lead to underestimation of 
its underlying risks. By considering factors such as maximum duration 
and frequency, researchers can uncover critical insights into the dura
tion and recurrence patterns of these events. 

Recognizing the knowledge gaps in the literature, there is a clear 
need to explore the interconnectedness of compound dry hazards 
(CDHs) in a more comprehensive manner. This entails delving into the 
interannual variability of CDHs, encompassing both the spatial extent 
and frequency of their occurrence. By understanding how CDHs vary 
over time and space, we can identify hotspots where these hazardous 
conditions frequently occur and pinpoint areas of heightened vulnera
bility. Additionally, it is essential to investigate the dependence struc
ture of CDHs and temporal characteristics of CEs to gain deeper insights 
into the dynamics and challenges associated with multivariate com
pounding hazards. Indeed, while some studies have provided notable 
insights in analyzing CDHs, their findings are predominantly limited to 
the multivariate analysis of DHs within the European and Eurasian 
drylands. However, the emerging extreme conditions associated with 
human activities, particularly compound dry and hot events, extend 
across a growing portion of land area, as highlighted by a recent report 
from the IPCC et al. (2022). Given that Asia is the most populous 
continent, accounting for approximately 60% of the global population as 
of 2023 (Population of Asia, 2023), and with millions of people being 
affected by drought and heat-related illnesses (WMO, 2022), it becomes 
increasingly crucial to evaluate the occurrence of CDHs within this re
gion. Furthermore, the temperatures in Asia have been rising at a rate 
twice as fast as the global average (NOAA, 2021), further justifying the 
importance of such analyses to address the escalating risks. 

In summary, the primary goal of this study is to conduct a compre
hensive assessment of CDHs in Asia, specifically focusing on the co- 
occurrence of heatwaves, droughts, fire dangers, and extreme winds. 
To the best of the authors’ knowledge, this approach has not been pre
viously undertaken in the specific domain of our study, making it a 
valuable contribution to the understanding of these DHs and their in
terrelationships. We particularly employ a percentile-based threshold 
calculation method to identify the geographical occurrence of each 
hazard over a 42-year period from 1980 to 2021. To achieve the primary 
goal of this study, we address the following specific objectives:  

1. Evaluating the interannual variability in both the spatial extent and 
frequency of CDHs in the entire Asia.  

2. Identifying areas that serve as hotspots for the occurrence of CDHs.  
3. Investigation of the significant temporal change in the frequency and 

duration of CEs within sub-regions of Asia.  
4. Assessing the dependence structure that exists among the CDHs, 

exploring their interconnections and relationships. 

The remainder of this paper is organized as follows. A description of 
the study area and data used are described in Section 2. Section 3 il
lustrates the methods used in defining the individual hazards and 
extracting CDHs. The details of the analysis of CDHs and their discussion 
are presented in Section 4 and Section 5, respectively. Finally, the paper 
concludes in Section 6 with a summary of the key findings and recom
mendations for future studies. 

2. Study area and data 

This study focuses on Asia, the largest continent in the world 
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covering approximately 30 percent of the Earth’s land area. It is 
bordered by the Pacific, Indian, and Arctic Oceans which contributes to 
its unique weather patterns. It also exhibits a diverse range of climatic 
conditions influenced by various factors including geography, mon
soons, and the interaction between land and ocean. Accordingly, Asia 
experiences a wide range of temperatures, with extreme variations be
tween its northern and southern parts, leading to diverse susceptibilities 
to climate extremes. The northern regions of Asia have colder climates, 
influenced by the Siberian High and the Arctic air masses (Xu et al., 
2019), whereas the southern regions have warmer climates influenced 
by tropical and subtropical air masses making them more vulnerable to 
intense heat extremes (Sharma et al., 2022; Wang et al., 2019). On the 
other hand, precipitation patterns in Asia are highly variable due to 
monsoons. While monsoonal rains bring substantial rainfall during 
specific seasons like the Indian summer monsoon and the East Asian 
monsoon, the region is also prone to periods of drought brought by 
global warming (Buckley et al., 2014). Along with the observed warm
ing trends and increase in temperature across most of Asia, the residents’ 
exposure to climate hazards are likely to intensify (Sharma et al., 2022). 
These shifts in weather patterns and increased exposure to climate ex
tremes in Asia pose challenges for various sectors including agriculture, 
energy production, and human settlements, impacting their viability 
and adaptability (IPCC et al., 2022). 

To facilitate the subregional assessment, the continent is divided into 
six sub-regions namely North Asia (NAS), Central Asia (CAS), West Asia 
(WAS), East Asia (EAS), South Asia (SAS), and Southeast Asia (SEAS). 
Fig. 1 illustrates the diverse Köppen climate classification across the 
subregions in Asia. North Asia is characterized by continental climates, 
marked by hot summers, cold winters, and significant temperature 
variations. Central and West Asia predominantly consist of arid regions 
where agriculture and water management face arduous conditions due 
to minimal rainfall and high temperatures. These regions in Asia are 
particularly vulnerable to wildfire and sandstorms which could threaten 
agricultural productivity and increase risks of desertification (Aliza
deh-Choobari et al., 2016; Zittis et al., 2022). The Eastern and Southern 
parts of Asia are known for their climates characterized by hot, humid 
summers, and mild winters. Amidst the prevailing temperate conditions 
in these regions, the increasing frequency of extreme temperatures has 
also emerged as a recurring concern for the past decades (Sharma et al., 
2022). Finally, Southeast Asia, characterized by its tropical climate, 
experiences high temperatures and abundant rainfall. While it has 
substantial precipitation that can support lush rainforests, there have 
been a growing concern of frequent drought occurrences in the region 
posing risks of water scarcity and affecting food security (Miyan, 2015). 
Given Asia’s diverse climate conditions and its vulnerability to natural 
hazards, developing region-specific strategies is essential to address the 

Fig. 1. The map of Asia showing the different climate zones categorized based on the Köppen Climate Classification. The Köppen system categorizes climates based 
on temperature and precipitation patterns, providing a comprehensive framework for understanding regional climatic variations. This classification aids in iden
tifying and analyzing the climatic diversity across the Asian continent. The inset presents Asia divided into 6 subregions namely: North, Central, East, West, South and 
Southeast Asia. 
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continent’s climatic challenges. Hence, a great deal of emphasis is also 
directed to the regional scale analysis of the occurrence of compound 
hazards in Asia. 

This study utilized three climatological variables, including 
maximum temperature (Tmax), total precipitation (P), zonal and 
meridional components of wind (Ws) for heatwave, drought, and 
extreme wind occurrences, respectively. Additionally, the Fire Weather 
Index (FWI) is utilized to assess the potential intensity of frontal fires. 
The FWI is a daily hybrid climate-weather index obtained by considering 
the impacts of fuel moisture, weather conditions, and an array of other 
factors influencing the likelihood and behavior of fires, thus aptly por
traying potential fire risk (Van Wagner, 1987). These variables were 
obtained from the ERA5 reanalysis dataset, covering the entire Asia over 
the period of 42 years from January 1, 1980 to December 31, 2021. The 
ERA5 reanalysis dataset, provided by ECMWF (European Centre for 
Medium-Range Weather Forecasts), has been developed using the latest 
data assimilation methods and the most advanced numerical weather 
forecast model available, allowing for enhanced accuracy in estimating 
climatological variables (Hersbach et al., 2020). ERA5 has been widely 
utilized in characterizing extreme events in prior studies attesting its 
utility in capturing and representing climatological conditions (Aadhar 
and Mishra, 2023; Meng et al., 2023; Yu et al., 2022). Indeed, Jiao et al. 
(2021) and Lan et al. (2023) have reported that ERA5 is reliable in 

comparison to ground-based observations within the Asian domain. 
While the dataset is provided as hourly estimates with a spatial resolu
tion of approximately 0.25◦ (~31 km) (Bell et al., 2021), we integrated 
the dataset into daily scales before conducting the analysis. 

3. Methods 

To assess the occurrence of CDHs, the methodology is described in 
three sections. First, we define individual hazard occurrences to 
generate daily binary maps for each dry hazard (DH) (Section 3.1). We 
then assess the spatial overlap of the daily binary maps to identify the 
occurrence of CDHs (Section 3.2). Lastly, a comprehensive set of 
analytical approaches aimed at investigating our research objectives 
(see Introduction) are presented in Section 3.3. A flowchart outlining the 
methodology is illustrated in Fig. 2. 

3.1. Definition of individual dry hazards (DHs) 

The methodology employed in defining each DH utilizes a threshold- 
based approach which involves analyzing the occurrences of climate 
variables (Tmax, P, Ws) and FWI exceeding a specified threshold. These 
hazard thresholds are determined for each variable, ensuring consider
ation of their specific characteristics and requirements. A detailed 

Fig. 2. Flowchart outlining the methodology adopted in this study.  
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description defining each DH and their thresholds is provided as follows. 

3.1.1. Heatwave 
While heatwaves are often characterized as prolonged periods of 

unusually high temperatures, a commonly accepted definition for a 
heatwave is yet to be established (Perkins-Kirkpatrick and Lewis, 2020; 
Shafiei Shiva et al., 2022). However, its identification often relies on 
surpassing a threshold based on climatological data for consecutive days 
(Ahn, 2022). This study also defines a heatwave event where the daily 
Tmax exceeds the corresponding 95th percentile of the climatological 
distribution for at least three days. The selection of the specific 
percentile and minimum duration aligns with existing literatures on the 
subject (e.g., Baldwin et al., 2019; Stefanon et al., 2012). To calculate 
the climatological 95th percentile threshold, for each grid, we utilize the 
daily Tmax within a 15-day moving window centered on each calendar 
day to smooth out any outliers or noises in the dataset. Accordingly, if 
the gridded dataset indicates the daily Tmax exceeds the predefined 
threshold for a specific location and day, it is defined as a heatwave 
occurrence. 

3.1.2. Drought 
For drought characterization, we utilize the widely used Standard

ized Precipitation Index (SPI), which was initially proposed by McKee 
et al. (1993). The SPI employs cumulative precipitation data across 
diverse time frames (e.g., 30 days, 60 days, 360 days) to discern in
stances of drought events or unusual wetness patterns. It enables a more 
standardized evaluation of drought conditions across diverse 
geographical regions (Patel et al., 2007). This study particularly em
ploys the cumulative precipitation time series on a 360-day timescale. 
This selection is made due to the suitability of the 360-day timescale in 
offering an extended, longer-term perspective on drought conditions 
(Russo et al., 2013; C. N. Wang et al., 2022). It is further supported by 
prior studies on drought assessment such as Das et al. (2020), Nosrati 
and Zareiee (2011) and Spinoni et al. (2014). These works have shown a 
preference for employing long-term time scales due to their effective 
presentation of drought patterns and capability to detect significant 
trends. Subsequently, the Standardized Precipitation Index (SPI) values 
are obtained by applying a probability distribution function to the cu
mulative data and then normalizing it to a standard normal distribution. 
In this process, we opt for the Gamma distribution, similar to previous 
research (e.g., Stagge et al., 2015; Zhang et al., 2023). Specifically, we 
classify occurrences as drought events when the SPI equals or drops 
below − 1.50, serving as a marker for severe drought conditions. 

3.1.3. Fire danger 
To assess fire danger, we utilize FWI as a proxy of potential fire in

tensity given its robust empirical relationship in extreme fire events 
across diverse ecosystems (Abatzoglou et al., 2021; Semenova and 
Sumak, 2022). It is a comprehensive measure of fire intensity that in
corporates factors representing the rate of spread and fuel consumption 
by combining the Initial Spread Index (ISI) and the Buildup Index (BUI). 
The FWI is computed using equations that convert ISI and BUI into the 
B-scale FWI and then into the S-scale FWI. It is expressed through the 
following equations (Van Wagner, 1974): 

f (E)=

⎧
⎨

⎩

0.626 • BUI0.809 + 2, for BUI ≤ 80
1000

25 + 108.64 • e− 0.023•BUI , for BUI > 80
(1)  

B= 0.1 • ISI • f (E) (2)  

FWI = e2.72 (0.434 ln B)0.647
(3)  

where f(E) is used to convert BUI into a measure of weight of fuel 
consumed; B is B-scale FWI; and FWI is the final S-scale FWI. However, 
for Eq. (3) when B is less than 1, FWI is simply set to B. 

Fire danger can be classified based on a predefined threshold value of 
FWI. For instance, Good et al. (2008) and Herrera García et al. (2013) 
utilized FWI value of 30 in assessing the meteorological conditions 
associated with extreme fire danger. However, it has been observed that 
this classification may lead to over- or underestimation in various 
geographical regions with diverse climatic conditions (Varela et al., 
2018). To circumvent this limitation, we opt for an alternative approach 
using a percentile-based threshold, akin to the methodologies employed 
in Dupire et al. (2017) and Goss et al. (2020). To be specific, this study 
identifies potential fire occurrence events when the FWI value at a 
particular location and day surpasses the 95th percentile threshold. This 
threshold is established for each grid cell, determined within a 15-day 
window centered on each calendar day spanning from 1980 to 2021. 

3.1.4. Extreme wind 
To characterize extreme winds, our approach involves the initial 

computation of hourly wind speed (Ws) magnitude. This computation is 
achieved by amalgamating the hourly 10-m zonal (v) and meridional (u) 
wind components, employing the formula Ws =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
(u2 + v2)

√
. The 

generated hourly Ws data is then aggregated into a dataset reflecting 
daily maximum Ws, which will serve as the basis for our analysis. In 
accordance with Martius et al. (2016), the 98th percentile threshold is 
considered as a damage-relevant wind threshold and focuses on extreme 
wind events significantly impacting large regions. Applying the identical 
process for assessing fire danger, we compute the daily 98th percentile 
for each grid cell, considering a window of 15 days centered around the 
given date. Extreme wind conditions are recognized when the Ws value 
exceeds the 98th percentile threshold on a particular day. 

3.2. Definition of compound dry hazards (CDHs) and cascading events 
(CEs) 

After identifying the spatiotemporal occurrence of each DH, we 
define CDHs by analyzing the spatial overlap of daily hazard maps. The 
initial step entails plotting the daily set of grid cells to their corre
sponding location to produce the daily hazard maps. These maps are 
then assigned specific values providing easier classification for each DH. 
To be specific, instead of utilizing a conventional binary map wherein 
each grid cell’s attribute value is categorized as either zero (indicating 
an absence of hazard on that day) or one (indicating the presence of a 
DH), we use unique values to represent each DH. For example, the bi
nary maps for heatwave and drought are represented by values 1 and 2, 
respectively. The selected values are ensured to produce distinct results 
after stacking. The stacking involves summing up the values per grid cell 
by spatially overlapping the daily binary maps of DHs. Thus, a resulting 
value of 3 following stacking signifies the co-occurrence of a compound 
heatwave and drought. The unique values assigned to each DH, along 

Table 1 
List of dry hazards (DH) and compound dry hazards (CDHs).  

Value Abb Hazard(s) 

0 – No Hazard 
1 H Heatwave 
2 D Drought 
3 HD Heatwave + Drought 
4 F Fire 
5 HF Heatwave + Fire 
6 DF Drought + Fire 
7 HDF Heatwave + Drought + Fire 
8 W Wind 
9 HW Heatwave + Wind 
10 DW Drought + Wind 
11 HDW Heatwave + Drought + Wind 
12 FW Fire + Wind 
13 HFW Heatwave + Fire + Wind 
14 DFW Drought + Fire + Wind 
15 HDFW Heatwave + Drought + Fire + Wind  
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with the resulting value representing all potential CDH combinations, 
are provided in Table 1. 

Following AghaKouchak et al. (2020), we characterize CEs as two or 
more hazards (DHs or CDHs) occurring consecutively or cumulatively 
without any interruptions. For the analysis of CEs, we explore diverse 
combinations of hazard sequences, each composed of a minimum of two 
distinct values (or one value for a compound hazard). In particular, we 
pay attention to the temporal continuity of both individual and com
pound hazards. As a result, accurately determining the beginning and 
end of a CE is of vital importance. Utilizing the spatiotemporal map of 
CDHs, we explore the CEs for each grid spanning the period from 1980 to 
2021. Here, we overlay the daily CDHs maps and provide the necessary 
functions to analyze the frequency and duration of CEs. This process 
involves piling up all the daily hazard maps to generate the resultant 
map based on the inputted function. The beginning of a CE is determined 
when a DH or CDH value (refer to Table 1) is preceded by a zero value, 
indicating a no-hazard day. The CE continues until the sequence is dis
rupted by another zero value, marking the end of the event. 

3.3. Assessment of CDHs and CEs 

3.3.1. Characterization of CDHs and CEs 
In this study, we first focus on the spatial extent and frequency of 

CDHs to evaluate its interannual spatial and temporal variability within 
a 42-year period from 1980 to 2021. The annual spatial extent of CDHs is 
obtained by calculating the ratio of the number of grid cells with CDHs 
for each year to the total number of grid cells over Asia. For the annual 
occurrence frequency, we calculate the average frequency for each CDH 
combination per year across all grids within the six subregions in Asia. 

Next, we characterize CEs in three aspects including the average 
frequency of events, maximum duration, and average duration. For each 
grid, we define the average frequency as the total number of uninter
rupted DHs and/or CDHs sequences divided by the number of years over 
the study period. The maximum duration is defined as the highest 
number of DHs and/or CDHs occurrences observed among all CEs. 
Lastly, the average duration is calculated by summing the durations of 
all CEs and dividing the total by the frequency of events. To gain a 
comprehensive understanding of CEs across diverse climate conditions, 
both pan-Asia and regional-based analysis are performed in this study. 
This regional perspective facilitates an investigation into unique attri
butes and trends of CEs within various climatic zones. 

3.3.2. Return period 
Areas that serve as hotpots for the occurrence of CDHs are deter

mined based on its return period. Return period (R ) is defined as the 
average time interval between recurrences of extreme events. Here, R is 
calculated from the joint occurrence probabilities (P ) of each CDH 
following Yu et al. (2022). For each grid cell, P is calculated by deter
mining the ratio of the number of days in which a CDH occurs (n) to the 
total number of days during the period 1980–2021 (N = 15341 days). 
The value of R is then obtained as the inverse of joint occurrence 
probability and dividing the result by 365 to obtain a unit of years. The 
equations for P and R are as follows: 

P =

∑n

i=1
CDHi

N
(4)  

R =
1

P × 365
(5)  

where, CDHi represents the occurrence of a compound dry hazard on the 
specific ith day. A small R value indicates a higher likelihood of an event 
occurring more frequently. Thus, hotspots for CDHs are characterized as 
regions with smaller R values, implying a high frequency of CHDs. 

3.3.3. Trend analysis 
This study uses the widely used nonparametric Mann-Kendall trend 

test (Kendall, 1948; Mann, 1945) to assess the statistical significance of 
monotonic trends of CDHs (i.e., spatial extent and frequency) and CEs (i. 
e., frequency and duration) throughout Asia. the MK test statistic (S) is 
calculated as follows: 

S=
∑m− 1

k=1

∑m

j=k+1
sgn

(
xj − xk

)
(6)  

where sgn(xj − xk) = +1 if xj > xk ;= 0 if xj = xk; = − 1 if xj < xk; xj and 
xk are the values of sequence j, k; and m is the length of the time series. 
Then, the standardized test statistic (Z) is calculated by: 

Z =
S ± 1
̅̅̅̅̅̅̅̅̅̅̅̅̅
var(S)

√ (7) 

This equation uses S-1 if S > 0, S+1 if S < 0, and Z is 0 if S = 0. If Z is 
greater than 0, it indicates an increasing trend, and vice versa. The 
trends are evaluated with a confidence level of 95%. Besides, the 
magnitude of a time series trend is estimated using a non-parametric 
procedure developed by Sen (1968). The trend is calculated by 

β=Median
(

xj − xk

j − k

)

, j > k (8)  

where β represents Sen’s slope estimate. A positive β value indicates an 
upward trend in the time series, while a negative value suggests a 
downward trend during the specified time period. 

3.3.4. Dependence structure among CDHs 
To assess the dependence structure that exists among CDHs, this 

study utilizes the likelihood multiplication factor (LMF) introduced by 
Zscheischler and Seneviratne (2017). Ridder et al. (2020) have also 
utilized LMF to illustrate the impact of the possible correlation between 
hazard pairs on the joint occurrence probability. Although correlation 
analysis can yield a similar inference, the LMF holds a distinct advantage 
as it can be employed to multidimensional hazards, allowing for a 
comprehensive understanding of their overall interdependence. Here, 
LMF is defined as the ratio of the joint occurrence probability of a CDH 
(P ) and the probability assuming complete independence between a 
CDH combination (P indep). Following the approach of Ridder et al. 
(2020), the LMF for each CDH combination (e.g., HD, DF, HDW, DFW, 
and so on) is calculated for each grid cell individually and can be 
expressed as follows: 

P indep =
∏H

h=1
P (DH)h (9)  

LMF =
P

P indep
(10)  

where h is the indicator of a particular DH; and H is the total number of 
DH presented in a CDH. The LMF varies between 0 and infinity. For 
positively correlated hazard pairs, the LMF exceeds 1, while the LMF lies 
between 0 and 1 for negatively correlated hazards. 

4. Results 

4.1. Interannual variability of spatial extent and frequency of CDHs 

Initially, the study examines the interannual variation in the spatial 
extent of CDHs over the period from 1980 to 2021. Fig. 3 shows the 
percentage of areas covered by each of the CDH type each year across 
Asia, along with the trend slope and its corresponding 95% confidence 
interval. Overall, there has been a substantial surge in the occurrence of 
CDHs during this period with an increasing trend ranging from 0.004% 
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to 0.76%. Among the CDHs, results show that HF (Fig. 3b) exhibited the 
highest significant increase (p-value < 0.05) in spatial extent covering 
less than 20% of Asia in 1980, but by 2021, it has expanded to more than 
40% of the region. Following HF is FW (Fig. 3g) which showed a 
significantly increasing trend of 0.26% while other CDHs also demon
strated a considerable rise in the spatial extents over the same period. In 
total, the eight combinations of CDHs including HD, HW, HDF, HDW, 
HFW, DFW, and HDFW show significant increases. While DF (Fig. 3c) 
and DW (Fig. 3e) did not show significant trends, it still exhibited an 
observable increase in spatial extents within the recent decades. 

Moreover, HD, HDF, HDW, DFW, and HDFW have showed concerning 
signs of rapid emergence as their spatial extent surges rather abruptly in 
2021. Meanwhile, decreases in spatial occurrence of most CDHs are 
observed in the period 2012–2018. Despite this, the spatial extent of 
CDHs in this period continuously exhibit a higher percentage of spatial 
extent compared to the preceding decades. Indeed, most of the high 
percentage of the extent of CDHs in Asia is observed between 2019 and 
2021. Overall, the consistent upward trend in the spatial extent of CDHs 
clearly illustrates the growing impact of compound dry hazards in recent 
decades. 

Fig. 3. The annual percentage of areas in Asia covered by each compound dry hazard (CDH) combination from 1980 to 2021. Each combination shows the 
interannual variability of the spatial extent of occurrence of CDHs in the entire Asian region. The slope (red line), confidence interval (red bandwidth) and magnitude 
of trend (slope) are also presented. slope values with asterisk (*) indicate significant trends (p-value < 0.05). The slope of the trends show an increase of CDHs 
occurrence where all dry hazard combinations excluding DF and DW have shown significant upward trends. (For interpretation of the references to color in this figure 
legend, the reader is referred to the Web version of this article.) 
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Fig. 4 presents the annual average frequency (days/grid cell) of CDHs 
from 1980 to 2021. Since Asia has a massive area with diverse 
geographical characteristics, this assessment is conducted on a regional 
scale. Among the CDHs, DF stands out with the highest average occur
rence and its prevalence extends across all the Asian sub-regions. Results 
also highlight substantial variation in the yearly average frequency of DF 
with pronounced peaks occurring in various time intervals between 
1980 and 2021. Particularly, in EAS (Fig. 4c), DF peaked in the years 
1984 and 2008–2009 with an average frequency of approximately 15 
days. In SEAS (Fig. 4f), the highest average frequency of DF is approx
imately 14 days which occurred during the years 1998–1990. For the 
rest of the subregions in Asia (i.e., NAS, CAS, WAS, and SAS), the highest 
average frequency of DF is observed in 2021. Meanwhile, other CDHs 
exhibited relatively modest year-to-year changes in contrast to DF 
within each subregion. However, certain noteworthy points have been 
identified. For instance, in NAS (Fig. 4b), the increase of average fre
quency of HDF and HF is evident for the past decade. Its increasing trend 
started around 2005 and peaked in 2010 then decreased and increased 
again after a few years. Similarly, for CAS (Fig. 4a) and SAS (Fig. 4e), 
decadal fluctuations for HD, HDF and HW are observed. Although DF is 
prevalent in all regions in Asia, results of CDHs in each subregion 
showed a varying pattern suggesting the influence of the diverse 
geographical characteristics in the frequency of CDHs. 

4.2. Hotspots of CDHs 

The hotspots of CDHs are defined as geographical regions with short 

return periods in the joint occurrence of a specific hazard combination 
(see Fig. 5: hotspots are indicated in red color). Among the CDHs, DF 
(Fig. 5c) has the least average return period and is widespread in entire 
Asia with approximately 5% and 60% of the area have a return period of 
0.25 and 0.5 years, respectively. Hotspots of DF include the Tibetan 
Plateau and northeastern part of China, and widespread across South
east Asia. Meanwhile, the occurrence of HW (Fig. 5d) is relatively low 
compared to other hazard pairs and is observed in most regions in East 
Asia and Southeast Asia. While most the of CDHs involving two hazards 
are frequently observed throughout Asia, the occurrence of HW has a 
minimum return period of 4 years. Hotspots of HD (Fig. 5a) is prevalent 
along the South Asian region, the northern part of Southeast Asia, and 
lower regions in East Asia with return periods of approximately less than 
two years. While HD covers most of the region in South Asia, a more 
frequent occurrence is observed in the southeastern part of East Asia (i. 
e., Guangdong, China). Hotspots of HF (Fig. 5b) are concentrated in 
Southeast Asia and South Asia where the return period is approximately 
0.25 years. Additionally, HF occurs in more than 50% of Asia (preva
lently in North and East Asian regions) where return period is approxi
mately 0.50–2 years. The rest of the continent particularly most of the 
West Asian region, northwestern part of China, and southern part of 
Central Asia have a return period of more than 2 years. In contrast, the 
return period of FW (Fig. 5g) is at most 1 year and its hotspots extend 
throughout West Asia with higher incidence in Saudi Arabia. It can also 
be observed that FW is most prevalent in regions in Asia with arid 
climate (refer to Fig. 1) which include the lower regions of Central Asia 
and northern parts of East Asia. On the other hand, hotspots of DW 

Fig. 4. Annual average frequency (days/grid cell) of compound dry hazards across six distinct subregions in Asia from 1980 to 2021. Subregions include (a) Central 
Asia, (b) North Asia, (c) East Asia, (d) West Asia, (e) South Asia, and (f) Southeast Asia. The legend provides abbreviations for various compound dry hazards, as 
detailed in Table 1. Lines are fitted using the smoothing spline technique to highlight the underlying patterns of annual average frequency within each region, aiding 
in the visualization and interpretation of climatic trends over the past decades. 
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(Fig. 5e) are observed in Southwest China, Malaysia and northern part of 
Indonesia. 

Among the CDHs simultaneously involving three to four hazards, 
HDF (Fig. 5f) stands out as it exhibits the most extensive spatial coverage 
and frequent occurrences. Hotspots of HDF are observed in diverse areas 
such as the western districts of Russia, the northern regions of India, the 
southern parts of China, and scattered regions across Southeast Asia 
with return period of 0.25–0.50 years. Hotspots of DFW are observed in 
the Tibetan Plateau and in Indonesia. The occurrence of HFW and HDFW 
are mostly observed in the lower regions in Asia with return period that 
ranges from 3 to 4 years. Meanwhile, HDW has the least occurrence 
among the compound hazards mentioned with return period of more 
than 12 years and is observed across the East and Southeast Asian re
gions. When considering the entirety of Asia, the subregions most 

significantly affected by CDHs encompass East Asia, South Asia, and 
Southeast Asia. The prevalence of CDHs in these regions is further 
explored in Section 5. Overall, these findings highlight the distribution 
and varying frequency of CDHs, providing crucial insights into the 
geographical areas that are particularly vulnerable to the combined 
impacts of these DHs. 

4.3. Temporal change in frequency and duration of CEs 

In this section, we examine the characteristics of CEs in Asia 
encompassing the average frequency of CEs (Fig. 6a), maximum dura
tion (Fig. 6b), and average duration (Fig. 6c). The occurrence of CEs 
spans a substantial portion of Asia, with average frequencies ranging 
between four and seven CEs per year (average annual frequency of 

Fig. 5. Return periods of compound dry hazards (CDHs) in Asia (hotspots are indicated in red color). The horizontal histograms adjacent to each map represent the 
percentage (%) distribution of return period intervals for each CDH occurrence. Definitions of each CDH combination are indicated in Table 1. (For interpretation of 
the references to color in this figure legend, the reader is referred to the Web version of this article.) 
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cascading events, in days per grid cell, in entire Asia is also shown in 
Fig. S4). High maximum and average duration of CEs, on the other hand, 
are observed in scattered regions across the continent. Specifically, the 
results indicate that the occurrence of frequent CEs in Asia is most 
prevalent in the northern region, particularly concentrated in the 
western districts of Russia. Frequent events are also evident in Japan and 
the Philippines. Over a span of 42 years (1980–2021), an average of at 
least 6 events per year have been observed in these regions. In contrast, a 
large part of West Asia, along with Afghanistan and the northern regions 

of East Asia, emerges as an area with less frequent CEs. However, a 
noteworthy contrast can be observed when examining Fig. 6b when 
compared to Fig. 6a. Most regions characterized by lower average 
occurrence of CEs often experience prolonged duration for these events. 
Longer duration of CEs are also evident in Southeast Asia particularly in 
the Philippines, Malaysia, and Indonesia. Meanwhile, higher average 
duration of CEs (Fig. 6c) is prevalent in Afghanistan, indicating that 
frequent prolonged durations of CEs are experienced in these regions. 

Next, the temporal change in the frequency and duration of CEs are 

Fig. 6. Characteristics of cascading events (CEs) in Asia defined based on (a) average frequency of CEs, (b) maximum duration (days) of CEs, and (c) average 
duration (days) of CEs for the past 42 years from 1980 to 2021. 

Fig. 7. Results of regional-scale trend analysis for North Asia (NAS), Central Asia (CAS), and East Asia (EAS) using Sen’s slope method. The analysis examines trends 
in the frequency (a–c), average duration (d–f), and maximum duration (g–i) of cascading events over a span of 42 years, from 1980 to 2021. Significant trends, 
identified with a 95% confidence interval, are represented by stippling. Additionally, redder areas on the map indicate an increase, while bluer areas indicate a 
decrease in the occurrence of compound dry hazards across these regions. 
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evaluated from the regional scale trend analysis presented in Fig. 7 (for 
NAS, CAS, and EAS) and Fig. 8 (for WAS, SAS, and SEAS). Results 
indicate an increasing trend in the frequency of CEs in most regions of 
Asia. A widespread significant increase in frequency is evident in NAS, 
CAS, and EAS (see Fig. 7a–c). Meanwhile, substantial increasing trends 
in average duration of CEs (Fig. 7d and e) are concentrated in specific 
regions including the lower regions of NAS (i.e., Southern Russia and 
southern portion of Siberia), and northwest part of CAS (i.e., West 
Kazakhstan Region). For EAS (Fig. 7f), Mongolia, Central and South 
China Districts are observed to have pronounced increases while certain 
areas in Tibetan Plateau exhibit moderate to significant decrease in 
average duration. Similarly, notable trends in maximum duration 
(Fig. 7g–i) are identified in the same areas where pronounced trends of 
average duration are observed. 

While NAS, CAS, and EAS display a consistent increasing trend across 
the regions, Fig. 8 exhibit diverse patterns of increasing and decreasing 
trends throughout WAS, SAS, and SEAS. Particularly, it is apparent that 
nearly the entire region of WAS underwent a significant increase in the 
frequency of CEs (Fig. 8a). Substantial trends of increasing average CE 
duration in WAS are visible in scattered regions across Turkey, Saudi 
Arabia, and Iran (Fig. 8d). A similar pattern is observed in the maximum 
duration of CEs, but with a more extensive coverage across these regions 
(Fig. 8g). In contrast, Fig. 8b highlights a significant decline in CE fre
quency, particularly evident in the majority of the SAS region, especially 
Central India, and more prominently in Southern Pakistan. It is also 
noted that the northwestern region of Pakistan presents a significant 
increase in CE frequency. Similarly, Furthermore, Fig. 8e and h exhibit 

both upward and downward trends in the average and maximum 
duration of CEs in SAS. Increasing trends are concentrated in the 
northern regions, while decreasing trends are observable in the central 
area of SAS, albeit to a lesser extent. Additionally, frequency of CEs in 
SEAS (Fig. 8c) suggests widespread substantial rise in countries 
including Laos, Vietnam, and Indonesia. However, despite the wide
spread increase of frequency of CEs throughout the region, only a small 
area displayed notable increasing trends in the average (Fig. 8f) and 
maximum duration (Fig. 8i) of CEs. Affected countries include 
Cambodia, Indonesia, and northern regions of Myanmar. In summary, 
the analysis of characteristics and trends of CEs in Asia reveals distinct 
patterns of frequency and duration across various regions. This obser
vation also motivates us to further explore the relationship of CDHs 
which will be addressed in the following section. 

4.4. Dependence structure among CDHs 

Fig. 9 exhibits the dependence structure among CDHs in Asia. 
Intriguingly, our analysis showed that the relationship among the 
selected independent variables of CDHs (i.e., heatwave, drought, 
extreme winds, and fire) exhibit varying degrees of interdependence. 
Notably, our results reveal instances where certain combinations of 
these variables exhibit strong positive correlations such as HF, FW, DF, 
HDF, and DFW that span extensively across Asia, highlighting the syn
ergy between dry hazard occurrences. For instance, HF exhibits a robust 
positive correlation (Fig. 9b), indicating that heatwave conditions often 
coincide with increased fire risks. However, other combinations may 

Fig. 8. Results of regional-scale trend analysis for West Asia (WAS), South Asia (SAS), and Southeast Asia (SEAS) using Sen’s slope method. The analysis examines 
trends in the frequency (a–c), average duration (d–f), and maximum duration (g–i) of cascading events over a span of 42 years, from 1980 to 2021. Significant trends, 
identified with a 95% confidence interval, are represented by stippling. Additionally, redder areas on the map indicate an increase, while bluer areas indicate a 
decrease in the occurrence of compound dry hazards across these regions. 
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demonstrate weaker correlations. For example, when compared to HF, 
the correlation between HW is less pronounced (Fig. 9g), suggesting that 
heatwaves do not necessarily align with strong wind conditions. Simi
larly, DW does not display a substantial correlation even on a regional 
scale (Fig. 9f), indicating that the occurrence of drought does not 
entirely influence the likelihood of extreme winds or vice versa. How
ever, an interesting observation arises when DW coincides with fire (i.e., 
DFW). It leads to a compelling positive correlation that spans across 
nearly the entire Asian continent (Fig. 9j). This may be attributed to the 

dry vegetation resulting from drought, which becomes highly suscepti
ble to ignition, and the presence of wind which can accelerate the spread 
of fires, which is also found in the previous studies (e.g., Littell et al., 
2016). This also aligns with the positive correlations exhibited in other 
fire-related CDHs such as FW (Fig. 9c) and DF (Fig. 9d), indicating that 
the conditions conducive to fires are often accompanied by the presence 
of other DHs as well. 

Additionally, it is noteworthy to emphasize that despite some CDHs 
showing negative correlations in most regions, positive relationships can 

Fig. 9. Dependence structure among CDHs obtained from likelihood multiplication factor (LMF) analysis. LMF values are categorized into two: positive (blue) and 
negative (gray) correlations to provide a direct perspective on their underlying relationships. (For interpretation of the references to color in this figure legend, the 
reader is referred to the Web version of this article.) 
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be observed in localized areas. For example, positively correlated CDHs 
involving HD, HW, HFW, HDW, and HDFW are more pronounced in 
lower latitude regions of the continent, albeit in minimal extents. 
Similarly, despite the prevalence of positive relationships of CDHs such 
as HF, FW, DF, HDF, and DFW, certain regions across the continent still 
exhibit a negative correlation. These variations may be attributed by 
local characteristics that could impose constraints or amplify the re
lationships between specific CDHs. In summary, our analysis demon
strates that a range of dependencies among CDH variables are observed, 
with certain combinations exhibiting particularly strong relationships. 

5. Discussion 

This study investigates the co-occurrence of multiple dry hazards 
(DHs), providing a more comprehensive view of complex interactions 
among multiple extreme events. However, we note that our investiga
tion did not delve into the specific drivers of CDHs. Instead, we focused 
on the assessment of the significant spatial and temporal characteristics 
among the CDHs. Our exploration of the interannual variability in 
CDH’s spatial extents highlights a significant and widespread surge in 
CDH occurrences throughout Asia over the recent 42 years. Also, trends 
in CEs mostly exhibit an increase across the subregions, underscoring 
the escalating influence of the CDH events. However, mixed anomalies 
can still be observed in various regions. It informs that additional factors 
beyond the generalized trends might contribute to the multifaceted 
nature of CDH occurrences. This can also be further justified by the 
varying hotspots of CDHs in Asia which suggests that the diversity in 
local conditions across different regions significantly influences the 
prevalence and characteristics of these CDHs. 

This study shows a compelling interconnected relationship among 
various DHs that collectively contribute to the widespread increase of 
CDHs. In particular, prior research has indicated that the escalation of 
CDHs can be attributed to heatwaves causing high evaporation rates, 
resulting in soil desiccation, which in turn heightens vegetation dryness 
and flammability (Afroz et al., 2023; Silva et al., 2022). As an illustra
tion, the considerable spatial coverage of HD (Fig. 3a) in both 1997 and 
2010 could be linked to the variations in the elevated percentage of HF 
(Fig. 3b) during those corresponding years. It informs a synergistic 
relationship between drought, fire, and the concurrent presence of 
heatwaves. Similarly, Evers et al. (2022) and Abram et al. (2021) pro
posed a strong likelihood of fires occurring during periods when drought 
and extreme winds coincide. In this study, even though DW (Fig. 3e) did 
not exhibit a significant increase, the simultaneous peak occurrence of 
DFW (Fig. 3j) and DW in the same years implies a close association 
between extreme winds and fire hazard. These spatial connections be
tween heatwave-induced soil desiccation and fire hazards or 
wind-driven fires underscore their interdependence, providing valuable 
insights to understand the potential mechanisms influencing CDH oc
currences. Nevertheless, our study primarily focuses on the exploration 
of the temporal and spatial occurrence of CDHs and did not extensively 
examine the individual risks or impacts associated with each CDH. 
Indeed, not all dry hazard combinations could potentially lead to 
adverse outcomes such as the simultaneous or cascading occurrences of 
HW and DW. For instance, the presence of extreme wind following a 
drought may not directly trigger significant risks. However, its simul
taneous occurrence could still potentially serve as precursors to subse
quent compound events. Prioritizing research on the specific drivers of 
CDHs and their implications would be a promising avenue for future 
work. 

The hotspots of CDH occurrence specifically East Asia, South Asia, 
and Southeast Asia can be attributed to a combination of various 
regional factors involving regional climatic conditions and trans
formations in land use practices (IPCC et al., 2022). For example, regions 
significantly affected by heatwave and fire events often encompass 
low-latitude areas characterized by tropical and arid climates (refer to 
Fig. 5). This alignment suggests that specific climatic conditions 

significantly contribute to the occurrence of such events. Notably, the 
spatial distribution of HD, HF, and DF events demonstrates a remarkable 
degree of similarity when compared with both regional and global 
outcomes (e.g., Ridder et al., 2020; Sharma and Mujumdar, 2017), 
underscoring the consistent manifestation of these patterns even on 
different scales. The distinct clustering of CDHs in specific regions also 
aligns with the heightened occurrence of these interconnected hazards 
in certain areas with tropical and mild temperate climates. To be spe
cific, the hotspots of DW (i.e., East Asia and Southeast Asia) appears in 
the same regions as the hotspots of DFW (i.e., Southwest China and 
Indonesia) but with a broader coverage (refer to Fig. 5e and j). Jia and 
Zeyong (2017) and Albar et al. (2018) contribute to this validation as 
their studies corroborate the increased likelihood of compound hazards 
in China and Indonesia, respectively. These events also align with the 
disaster events recorded in Emergency Events Database (EM-DAT) from 
1980 to 2021 (Supplementary Tables S1–S6). Lastly, it should be noted 
that a significant portion of CDHs occur in developing countries which 
highlights the potential impact of changes in land cover on their 
occurrence (Pan et al., 2023; Wei et al., 2022). 

While certain studies, such as OECD (2021) and Lawrence et al. 
(2020), have explored the anticipated alterations of CEs in changing a 
climate due to altered emission conditions, the temporal trends of CEs 
are also directly influenced by human-related activities, such as indus
trial processes, deforestation, and shifts in land use. Particularly, sig
nificant increase in frequency and duration of CEs are apparent in highly 
urbanized regions including: southwest Russia, northwestern part of 
Kazakhstan, east of Uzbekistan, Mongolia, eastern China, and upper 
regions of South Korea (refer to Fig. 7). These findings align closely with 
the insights from the 2021 Asia-Pacific disaster report which identified 
these same regions (recognized as areas with high population density) as 
hotspots for exposure to cascading risks (Alisjahbana et al., 2021). 
Notably, high significant trends of frequency and duration of CEs can be 
observed in Guangdong, China (Fig. 7e, f, and 7i), which is known for its 
fast-growing economy and dense population. He et al. (2017) and L. 
Wang et al. (2022) also indicated that it ranks among the regions most 
susceptible to heatwave and drought mainly due to extensive human 
activities. Our findings, which highlight the prevalence of CEs in Asia’s 
most populous regions, further confirm the influence of anthropogenic 
activities in the occurrence of these events. 

In this study, we have adopted threshold-based values from estab
lished methods and experiences in the scientific literature to define the 
selected DHs, ensuring robust results (e.g., Abatzoglou et al., 2021; 
Messmer and Simmonds, 2021; Sutanto et al., 2020). While our results 
are quite robust with different definitions (see Text S7), it is crucial to 
note that modifying these threshold values may introduce potential 
variations in the results. For example, increasing the FWI threshold to 
higher percentiles might result in the detection of fewer events, poten
tially influencing their characteristics, as observed in previous studies 
(Arnell et al., 2021; Miller et al., 2023). Similarly, the pre-defined per
centiles for heatwave and wind extremes may influence the occurrence 
of these DHs. The choice of SPI timescale is a critical consideration in 
drought monitoring and assessment, as it has the potential to yield 
diverse outcomes due to its ability to capture both short-term and 
long-term drought conditions (Stagge et al., 2015). Nevertheless, we 
diligently strived to achieve optimal outcomes through careful efforts in 
characterizing these DHs. Lastly, we employed the ERA5 dataset in this 
study; however, it is important to emphasize that acquiring results from 
diverse datasets is required in the future for robust inference. As a 
foundational step, our results provide essential groundwork for assess
ing the actual effects caused by the various CDHs in the study area. 

6. Conclusion 

Given the substantial threat posed by climate extremes leading to 
economic losses and ecological degradation, previous research has 
devoted significant attention to these extreme events. However, these 
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studies have primarily focused on individual hazard occurrences and 
may have overlooked other interconnected hazards. When multiple 
hazards simultaneously impact the same region, they can yield sub
stantial consequences, as one hazardous event often worsens due to 
interactions with another. This underscores the importance of exploring 
the analysis of compound hazard occurrences. Furthermore, with the 
escalation in anthropogenic activities and rising temperatures in Asia, 
we are motivated to investigate the occurrence of compound dry hazards 
(CDHs) in the region. To be specific, this study explores the spatial and 
temporal characteristics of CDHs including drought, heatwaves, fire 
danger, and extreme winds across Asia from 1980 to 2021. 

Guided by our four primary objectives, the key findings can be 
summarized as follows. First, the interannual variability in the spatial 
extent of CDHs across the region revealed a widespread increase in CDH 
occurrences. Notably, HD, HDF, HDW, DFW, and HDFW have showed 
concerning signs of rapid emergence as their spatial extent surges in 
2021. On the other hand, when considering sub-regional analysis, the 
annual average frequency of CDHs exhibited a varying pattern, with DF 
having the highest average occurrence in all subregions. Second, hot
spots of CDHs are mostly observed in low-latitude regions, predomi
nantly across East Asia, South Asia, and Southeast Asia. Notably, a 
significant portion of these hotspots occur in developing countries 
highlighting the potential impact of changes in land cover on their 
occurrence. Next, temporal changes of frequency and duration of CEs 
reveal distinct patterns across various Asian regions. A significant in
crease is observed in North, Central, East, and West Asia while a notable 
decline is prominent in South Asia, particularly in central India. It is 
noted that high increases in these regions are prevalent in areas with 
high population density, leading to potential connections between 
human activities and the occurrence of CEs. These observed temporal 
changes substantially offer practical information for regions most sus
ceptible to the compounded effects of DHs, such as guidance for targeted 
mitigation and preparedness strategies. Lastly, the dependence structure 
reveals that, despite all these variables (heatwave, drought, fire, extreme 
wind) being categorized as DHs, they still exhibit varying degrees of 
interdependence with each other and display a spatially diverse rela
tionship patterns across Asian regions. This informs that aside from their 
individual hazard interactions, the occurrence of CDHs may also be 
attributed to other regional factors such as distinct local features. 

Finally, we firmly believe that the findings related to CDH results and 
the characterization of CE events in our study hold significant value for 
managing natural risks in the study region. Moreover, our findings hold 
additional significance in the field of climatology and environment as 
they facilitate the critical evaluation of the accuracy of global climate 
models in simulating CDHs. Analyzing climate models proficient in 
simulating CDHs, as well as those models that accurately represent CDH 
statistics with the appropriate physical mechanisms, would offer plan
ners and risk analysts a clear perspective on which climate models are 
most suitable for examining the evolving risks associated with com
pound climate extremes in the context of a changing climate. 
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