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Abstract Compound climate extremes, such as events with concurrent temperature and precipitation
extremes, have significant impacts on the health of humans and ecosystems. This paper aims to analyze
temporal and spatial characteristics of compound extremes of monthly temperature and precipitation,
evaluate the performance of the sixth phase of the Coupled Model Intercomparison Project (CMIP6)
models in simulating compound extremes, and investigate their future changes under Shared
Socioeconomic Pathways (SSPs). The results show a significant increase in the frequency of compound
warm extremes (warm/dry and warm/wet) but a decrease in compound cold extremes (cold/dry and cold/
wet) during 1985–2014 relative to 1955–1984. The observed upward trends of compound warm extremes
over China are much higher than those worldwide during the period of interest. A multi-model ensemble
(MME) of CMIP6 models performs well in simulating temporal changes of warm/wet extremes, and
temporal correlation coefficients between MME and observations are above 0.86. Under future scenarios,
CMIP6 simulations show substantial rises in compound warm extremes and declines in compound
cold extremes. Globally, the average frequency of warm/wet extremes over a 30-yr period is projected to
increase for 2070–2099 relative to 1985–2014 by 18.53, 34.15, 48.79, and 59.60 under SSP1-2.6, SSP2-4.5,
SSP3-7.0, and SSP5-8.5, respectively. Inter-model uncertainties for the frequencies of compound warm
extremes are considerably higher than those of compound cold extremes. The projected uncertainties in
the global occurrences of warm/wet extremes are 3.82 times those of warm/dry extremes during 2070–
2099 and especially high for the Amazon and the Tibetan Plateau.
Plain Language Summary

Compound climate extremes, such as the events with
concurrent temperature and precipitation extremes, have significant impacts on the health of humans
and ecosystems. Can climate model simulate the historical compound extremes? If yes, how the global
compound extremes will change in the future? In this study, we found that the global climate model
performs well in simulating temporal changes of warm/wet and warm/dry extremes during the period
1955–2014. With greenhouse gas emissions continuing to increase in the future, compound warm/dry and
warm/wet extremes show a continuous increase in frequency in the next few decades, while compound
cold/dry and cold/wet extremes are projected to occur less frequently.
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Future climate change will not only affect mean climate but will also likely alter the frequency and magnitude of extreme climate events (Fischer & Knutti, 2015; Miao et al., 2014; Wu et al., 2020). Here, we
broadly define an “extreme” event as a rare and infrequent occurrence at a specific time and site. It is a
low-probability event corresponding to a certain climate variable from either of the tails of that variable’s
probability density function (Seneviratne et al., 2012). Specifically, we usually define extreme events as
those that occur in the highest or lowest 5% (Casanueva et al., 2013; Vincent et al., 2018) or 10% (Beniston
& Stephenson, 2004; Seneviratne et al., 2012) of historical measurements, or two standard deviations from
the mean (Ding et al., 2019; Rahmstorf & Coumou, 2011). Numerous studies have shown that the frequency of extreme events has increased regionally and globally (Seneviratne et al., 2012; Sun et al., 2014). In
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the context of climate change (Gou et al., 2021), the consequences of climate extremes for human health
(Sun et al., 2019; Yang et al., 2019), food security (Eggen et al., 2019), and other socioeconomic factors
have been widely recognized worldwide. There is an extensive body of literature on univariate extreme
events based on observations over the past several decades, and these studies commonly rely on analyzing
extreme climate indices derived for one variable at a time (e.g., precipitation, temperature) (Papalexiou &
Montanari, 2019; Wang et al., 2019).
However, most climate extreme events are essentially interrelated, and a multivariate approach might be
necessary to capture how different extreme events interact with each other. Temperature and precipitation are two key climatic variables that may respond to various but related internal and external climate
forcings on both shorter and longer time scales (Liu et al., 2018). The concurrence of multiple hazards or
events leading to significant impacts on ecosystem and society across multiple temporal and spatial scales
is termed a “compound event” (Zscheischler & Seneviratne, 2017), although the individual drivers/hazards
involved may not be severe (Leonard et al., 2014). Meanwhile, concurrences of multiple types of extremes
(e.g., droughts and heat waves) typically have broader and more significant impacts on natural and social environments compared with individual occurrences (Zscheischler & Seneviratne, 2017). For instance,
heat waves are often accompanied by below-average precipitation, such as in the 2003 European (Fink
et al., 2004) and 2010 Russian (Trenberth & Fasullo, 2012) heat waves, both of which caused devastating
economic losses. Furthermore, analysis of individual extreme events may lead to underestimation of the
effects of interrelated extremes and compound events (Leonard et al., 2014; Sadegh et al., 2018). Detection and quantification of changes in the concurrence of extremes in temperature and precipitation under
a warming climate are important for making reliable risk projections and for understanding changes in
characteristics of compound extremes and their associated uncertainties, which will provide helpful information for policy making and project planning (Seneviratne et al., 2012). Among the various types of compound extremes, concurrent droughts and heat waves have received a great deal of attention in recent years,
and based on observations, compound extremes (especially warm/dry conditions) increased significantly in
the second half of the 20th century (Li et al., 2019; Miao et al., 2016; Sharma & Mujumdar, 2017).
Due to the uncertainties of the climate system itself (Zhou & Chen, 2015) and interactions among climate
variables, it is extremely difficult to accurately simulate and predict changes in compound climate extremes
in the past and future. Global climate models (GCMs) have been widely used to study extreme weather and
climate events, and these models can reproduce climate extremes to some extent (You et al., 2018). The
most recent suite of climate models was developed to participate in the sixth phase of the Coupled Model
Intercomparison Project (CMIP6). Compared with the previous phases of the CMIP, CMIP6 fills some of
the main scientific gaps, such as the identification of systematic model errors and the simulation and estimation of radiative forcing in the past and future (Eyring et al., 2019). With respect to the scenarios used
to guide projections of the future, a set of Shared Socioeconomic Pathways (SSPs) has been proposed as the
latest generation of scenarios for long-term experiments (Riahi et al., 2017). Recent research has shown
that CMIP6 has made some progress in simulating temperature (Nie et al., 2020) and precipitation (Gusain
et al., 2020; Tian & Dong, 2020) compared with CMIP5.
Assessment of compound extremes using climate models is important both for researchers from various
fields who will use the model output and for modelers working on further model development. In order
to evaluate the performance of CMIP5 historical simulation for compound extremes, Hao et al. (2013) assessed the occurrence of concurrent monthly precipitation and temperature extremes for warm/wet, warm/
dry, cold/wet, and cold/dry concurrences from 1951 to 2004 over global land. Zscheischler and Seneviratne (2017) analyzed the global concurrence of hot and dry summers from 1901 to 2013, they showed that
the impacts of compound extremes were more serious than the impacts of independent hot or dry extremes. Also, Hao et al. (2019) used observations and simulations to assess climate change impacts on the
dependence between precipitation and temperature during the period 1951–2004 over global land areas.
For the future scenarios, Estrella and Menzel (2013) investigated recent and future climate extremes arising from changes to the bivariate distribution of temperature and precipitation in Bavaria, Germany; and
Zhou and Liu (2018) analyzed the likelihood of concurrent climate extremes and variations over China.
However, quantitative studies of the performance of model simulations in reproducing compound extremes
are relatively rare, and current research has mainly focused on historical variation in compound extremes;
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furthermore, investigations into future compound extremes have seldom addressed global scales. Additionally, to the best of our knowledge, changes in statistics of future compound extremes have not been
investigated using CMIP6 simulations. A comprehensive analysis of changes in compound extremes using
CMIP6 will help in (a) understanding the strength and limitations of current CMIP6 models in reproducing
historical compound extremes and (b) updating our projections of changes in concurrent extremes under
new scenarios of the future. Therefore, this paper aims to analyze the temporal and spatial characteristics
of compound extremes of monthly temperature and precipitation, to evaluate the performance of 16 CMIP6
models in simulating compound extremes, and to investigate future changes and uncertainties of compound extremes under four SSP scenarios.

2. Data and Methods
2.1. Data
2.1.1. Observational Data
To better evaluate the performance of the different CMIP6 models, we used two observational data sets in
our study. For the first, we obtained global observation data of monthly mean surface air temperature and
monthly total precipitation spanning 1901–2018 from the gridded Climatic Research Unit (CRU) Time-series product (version 4.03) (Harris et al., 2014) (https://crudata.uea.ac.uk/cru/data/hrg/cru_ts_4.03/). For
the second, we selected the land surface air temperature data set from the Global Historical Climatology Network version 2 and the Climate Anomaly Monitoring System (GHCN + CAMS) (Fan & van den
Dool, 2008) (https://www.psl.noaa.gov/data/gridded/data.ghcncams.html) and NOAA’s Precipitation Reconstruction over Land (PREC/L) data set (Chen et al., 2002) (http://www.psl.noaa.gov/data/gridded/data.
precl.html), spanning 1948–2020, along with their station observations collected from GHCN + CAMS. We
will refer to this data set as GHCN_CAMS in later text. These two data sets are available across global land
areas at a high grid resolution of 0.5° × 0.5°. However, only the land area north of 60°S is considered for the
observations and model outputs in this study because the CRU data set does not provide data for Antarctica.
2.1.2. Model Data
Model output data of monthly mean surface air temperature and monthly total precipitation are from 16
CMIP6 GCMs (Table S1; data available at https://esgf-node.llnl.gov/projects/cmip6/). Historical simulations (1955–2014) and future projections (2040–2099) under four SSPs are involved in this study. The SSPs
address both socioeconomic and technological development and are used to fill gaps in previous Representative Concentration Pathways (RCPs) studies in CMIP5 (O’Neill et al., 2016). Tier-1 scenarios that span
a wide range of uncertainties in future forcing are considered in our study (including SSP1-2.6, SSP2-4.5,
SSP3-7.0, and SSP5-8.5, in order of increasing forcing level), which is designed to provide a full range of
forcing targets similar in both magnitude and distribution to the RCPs used in CMIP5 (Gidden et al., 2019)
(Table S2).
2.2. Methodology
As in previous studies (Diaconescu et al., 2015; Kim et al., 2020; Semmler et al., 2020), prior to the analysis,
the observational data and all CMIP6 output were re-gridded to the same spatial resolution (1° × 1°), using
bilinear interpolation. Only one realization from each model is used here so that the performance of each
model can be compared on an equal basis. Multi-model ensembles (MMEs) were constructed by applying
equal weights to all 16 models in this study.
The thresholds for compound extremes of temperature and precipitation in this paper are defined by selecting 10% and 90% quantiles following the example of the Intergovernmental Panel on Climate Change
(IPCC) (Seneviratne et al., 2012). The thresholds are calculated by using the monthly temperature and
precipitation for each month of the 30-yr period 1955–1984. The occurrence of compound temperature
and precipitation extremes here represents when two extreme events occur in the same month. Four types
of modes of compound extremes are defined for detailed analysis: warm/dry (T90/P10), warm/wet (T90/
P90), cold/dry (T10/P10), and cold/wet (T10/P90), where T stands for temperature and P stands for precipitation. In other words, compound extremes are defined as months when abnormal conditions occur for
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both temperature and precipitation that are above or below the thresholds that have been defined from the
period 1955–1984. T10 and P10 indicate that the occurrence frequencies of temperature and precipitation,
respectively, are below the 10% quantile, while T90 and P90 denote that the occurrence frequencies are
above the 90% quantile.
For investigating the regional-scale performance of the models in the future, the global land area (excluding Antarctica) is divided into 26 subregions based on the definitions of the IPCC Special Report on Managing the Risks of Extreme Events and Disasters to Advance Climate Change Adaptation (Seneviratne
et al., 2012), and exact coordinates of the regions are provided in Table S3. This set of region definitions has
been widely adopted in previous studies (Ciavarella et al., 2017).
We compared percentage changes (PCs) in the number of compound climate extremes during the period
1955–1984. We focused this research on the period 1955–2014 for three main reasons: First, the historical
simulation data of the CMIP6 models extends to 2014. Second, we need observational data to be able to evaluate the model performance. Meteorological observation sites were relatively sparse before the middle of
the 20th century, and data quality in earlier years is less reliable, so we chose the 1950s as the starting point
for our research. Third, to define two 30-yr average time series that we could fairly compare, we selected
1955–1984 as the first period and 1985–2014 as the second period. The number of compound extreme events
of each period is calculated by counting the frequency of compound events of T90/P10, T90/P90, T10/P10,
and T10/P90 at each grid point. The PC is estimated as follows:


 100 
PC

P2  P1
P1

(1)

where P1 is the number of compound extreme events in the first period (1955–1984) and P2 is the number
of compound extreme events in the second period (1985–2014).
Probability of detection (POD) (Dinku et al., 2010) analysis is conducted to describe the capability of detecting change (increase, decrease, or neutral) in the number of compound extremes identified in the CMIP6
model output with respect to CRU and GHCN_CAMS observations. The concept of POD is used in various
industries to establish the ability to detect defects, and it relates the POD to the characteristic parameter of
the defect. Here, POD describes what fraction of the observed compound extreme events is detected by the
model output. The formula is as follows:


POD 

N1
N2

(2)

where N1 is the number of grid cells in the simulation or ensemble that show the same direction of change
(increase, decrease, or neutral) as the observation, while N2 is the total number of land grid cells (excluding
Antarctica).
Finally, we calculate the changes in the absolute numbers of compound extremes grid cell by grid cell by
comparing the model output for two future periods, 2040–2069 (medium term) and 2070–2099 (long term),
relative to the period 1985–2014. We analyze the inter-model uncertainties of change in the number of compound extremes under the four SSPs by using box plots that illustrate a collection of descriptive statistics to
highlight salient features of the data.

3. Results and Discussion
3.1. Percentage Changes in Number of Compound Extremes
The warm/dry extreme, which usually corresponds to concurrence of heat waves and droughts, is the most
studied and the most influential type of event among the four types of compound extremes considered in
this paper (Li et al., 2019; Sharma & Mujumdar, 2017; Zscheischler & Seneviratne, 2017). According to
the CRU and GHCN_CAMS observations, warm/dry extremes have increased in many regions worldwide,
including notable increases in Africa, East Asia (especially China), and eastern Australia, and also slight
increases in some areas such as the Amazon and Greenland (Figure 1). Percentage increases in the number
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Figure 1. Percentage changes in the occurrences of the warm/dry (WD), warm/wet (WW), cold/dry (CD), and cold/wet (CW) extremes for the period 1985–
2014 relative to 1955–1984 in the observations and the MME. The values in the lower right corner are the POD values with CRU as the reference.

of warm/dry extremes in most parts of the world exceed 100%. Existing research also showed that significant increases in the severity of compound dry and hot events occurred in most parts of China during the
past few decades (Wu et al., 2020). CRU and GHCN_CAMS observation data reveal an overall increase in
the number of warm/wet extremes globally during the period 1985–2014 relative to 1955–1984 (i.e., concurrence of high temperatures and heavy precipitation), and the PCs exceed 200% over most regions. Similar
findings have appeared in previous studies (Wasko & Sharma, 2017; Zhang & Villarini, 2017), which also revealed a continuous increase in warm/wet compound events. Similar to the warm/dry extremes, the warm/
wet extremes also appear to increase in tropical and high-latitude regions (Figure S1). Globally, Africa, the
eastern part of South America, the Middle East, East Asia (especially China), and South Asia have larger
increases in occurrences of warm/wet extremes than other regions worldwide. A recent study found that
there have been increasing occurrences of extremely humid and hot weather that had been rare or unprecedented in the past in Asia, Africa, Australia, South America, and North America (including the US Gulf
Coast) (Raymond et al., 2020). Many studies have shown that extreme temperature and precipitation events
increased in the second half of the 20th century (Donat et al., 2016; Oliver et al., 2018; Zhou et al., 2016).
This indicates, to some extent, that temperature- and precipitation-related extreme events (both independent and compound) have shown an increasing trend over the past few decades. By contrast, according to
the CRU and GHCN_CAMS observation data, most regions of the world exhibit a decrease in occurrences
of cold/dry extremes during 1985–2014 relative to 1955–1984, although there are some differences at the
regional scale. Only in a few regions, such as parts of North and South America, parts of the Middle East,
and parts of Asia, are there increases in cold/dry extremes. For compound cold/wet extremes, CRU and
GHCN_CAMS observations show a decrease during 1985–2014 relative to 1955–1984, except for a few regions (such as parts of the southern United States, the west of Australia, and the Middle East) that show an
increase. The locations where the occurrences of two compound cold extremes increase are very similar.
Meanwhile, we found that the changes in compound extremes for cold/dry and cold/wet are similar, showing an overall decrease worldwide during 1985–2014 relative to 1955–1984. In the past few decades, the increases in occurrences of compound warm/dry and warm/wet extremes exceed the decreases for compound
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cold/dry and cold/wet extremes, so the general trend is still toward warming (Deser et al., 2012; Hausfather
et al., 2020; Wang et al., 2017).
Overall, most of the CMIP6 model simulations are basically consistent with the CRU and GHCN_CAMS observations (Figures 1 and S2–S5). However, there are still regional discrepancies in the performance across
the models. Globally, the increase in the number of warm/dry extremes in tropical regions and high-latitudes is larger compared with other regions. The MME can simulate the spatial distribution of warm/dry extremes reasonably well, and the POD value is 0.78. Certain models, such as MPI-ESM1-2-HR and MIROC6,
perform less well for warm/dry extremes, and both of the POD values are less than 0.65. For certain regions,
especially the Amazon and North Africa, the simulation ability of the models for warm/dry extremes is
relatively outstanding. For compound warm/wet extremes, the performance of most CMIP6 models is consistent with the observation results, and the POD values are around 0.7. But the number of increases in
occurrences in the simulations still differs among the individual models. In addition, the simulations over
Africa vary considerably by model. The difference in performance among models is large, probably because
climate models represent a multitude of processes happening over various time and space scales, and they
are simulated based on different assumptions about physical, chemical, and biological processes of the
atmosphere, land, and oceans (Balaji et al., 2017; Papalexiou et al., 2020). The new generation of CMIP6
climate model has higher spatial resolution, new physical processes, and new biogeochemical cycles; these
combinations lead to greater uncertainty among CMIP6 models (Jin et al., 2018). Moreover, studies have
proven that CMIP6 models available have tended to show notably higher climate sensitivity than CMIP5
models, mainly due to cloud feedback (Voosen, 2019; Zelinka et al., 2020).
In general, the simulation performance for cold/dry extremes in most models is consistent with the observational results of CRU and GHCN_CAMS. The POD values of most models are less than 0.5. From a global
perspective, the MME’s simulation of the Southern Hemisphere is poor. However, for the simulations of
some areas, there are large differences among the models. For example, most CMIP6 model simulations
and observations show an increase for cold/dry extremes in the Amazon region, while a few models, such as
CanESM5, CNRM-ESM2-1, EC-Earth3, and MPI-ESM1-2-HR, show a decrease. According to previous studies, the frequency of anomalous droughts over the Amazon region has increased due to increased greenhouse gas levels and continued human activity (Barkhordarian et al., 2019), and there have been serious fire
disasters (Arruda et al., 2019). Looking specifically at China, another study has found that compound cold/
dry extremes mainly occurred at high-latitudes and high altitudes across China (e.g., Northeast China and
the Tibetan Plateau) (Liu et al., 2017). For cold/wet extremes, most CMIP6 models show reasonable consistency with observational data in most parts of the world, and they all show an overall decrease. The POD
values of most models are around 0.6, and MIROC6 performs the worst, with a POD value of 0.49. For only a
few regions, the models perform poorly in simulating CRU and GHCN_CAMS observations, and they even
show an increase in some regions (e.g., the northern part of Eurasia). As with the warm/wet, warm/dry, and
cold/dry compound extremes, there are still discrepancies between the models and the observations. For
example, observations and simulations by most models show an increase in the eastern United States, while
a few models indicate the opposite; previous research from CMIP5 showed similar discrepancies among the
models in this region (Hao et al., 2013). Most CMIP5 models exhibit a decrease in the cold/wet extremes
in eastern Australia (Hao et al., 2013), however, several CMIP6 models show the opposite result—notably,
BBC-CSM2-MR, CESM2-WACCM, and MRI-ESM2-0.
With respect to the CRU observations, the POD values for warm/dry and warm/wet extremes are relatively
high, while those for cold/dry and cold/wet extremes are relatively low. Among the models, CanESM5,
CESM2, EC-Earth3-Veg, MRI-ESM2-0, and UKESM1-0-LL display higher consistency with the CRU observations. In addition, across all models, the ranges of variability in the POD values of the compound
cold/dry and cold/wet extremes are greater than those of the warm/dry and warm/wet extremes, which is
relatively consistent with previous findings (Hao et al., 2013). However, the POD values of the CMIP6 models for compound warm extremes are larger than those in CMIP5, suggesting that the performance of the
compound warm extremes is somewhat improved in CMIP6. Meanwhile, compared with previous studies
(Hao et al., 2013), we find that CMIP6’s ability to characterize compound extremes for warm/dry and warm/
wet is significantly improved relative to CMIP5. However, models cannot simulate the magnitudes of the
compound extremes well. Furthermore, although the POD values can roughly show the skill of the CMIP6
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Figure 2. Temporal changes in the number of compound (a) warm/dry (WD), (b) warm/wet (WW), (c) cold/dry (CD),
and (d) cold/wet (CW) extremes for the CRU and GHCN_CAMS observations, 16 CMIP6 models, and the MME during
the period 1955–2014.

climate model products in detecting the occurrences of compound extremes for temperature and precipitation, another limitation is the fact that POD values evaluate only the total frequency of occurrence, without
addressing whether the timing of simulated compound extremes is consistent with the timing of observed
extremes (Dinku et al., 2010).
3.2. Temporal Changes
The temporal changes in the number of compound extremes from 1955 to 2014 show that there has been a
significant increase in the frequency of compound warm/dry and warm/wet extremes but a decrease in the
frequency of compound cold/dry and cold/wet extremes (Figure 2). Past studies have shown similar results
for extreme events (Dashkhuu et al., 2015; Yan et al., 2002). The difference is that the occurrence of univariate extremes is stage-specific: the reduction in cool nights and cool days occurred over all four seasons,
while the increase in warm days and warm nights occurred mainly in summer (Dashkhuu et al., 2015). Before 1985, the results from both the CRU and the GHCN_CAMS observations are almost the same, and after
1985, there is a notable difference. Meanwhile, we found that the increasing trends of compound warm/dry
(0.56/100 yr (CRU) and 0.73/100 yr (GHCN_CAMS)) and warm/wet (0.47/100 yr (CRU) and 0.68/100 yr
(GHCN_CAMS)) extremes are greater than the decreasing trends of compound cold/dry (0.11/100 yr (CRU)
and 0.11/100 yr (GHCN_CAMS)) and cold/wet (0.28/100 yr (CRU) and 0.28/100 yr (GHCN_CAMS)) extremes over the world (Figure S6). From a regional perspective, the increasing trends of compound warm/
dry and warm/wet extremes for CRU (GHCN_CAMS, in parentheses) over China are 1.80 (1.29) and 1.43
(1.37) times those over the world during the period 1955–2014. This shows that the increasing trend of
warm/dry and warm/wet extremes over China is significantly higher than the global average level. Overall,
the MME overestimates the temporal change in the numbers of the four types of extremes compared to the
CRU and GHCN_CAMS observations, although it has better simulation performance than the individual
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Figure 3. Future change in the frequency of occurrence of compound warm/dry extremes during two future periods, 2040–2069 and 2070–2099, relative to
the period 1985–2014 under four different SSP scenarios (SSP1-2.6, SSP2-4.5, SSP3-7.0, and SSP5-8.5). The box plots show uncertainties among the models.
See legend for defined extents of regions. The “Global” box displays the values computed using all land grid points (except Antarctica). To make up for the
limitation of this spatial layout in which we show results for each global subregion, in Figure S9 we reproduce the subplots at larger scale.

models. Compared with the CRU observations, the temporal changes for MME in the number of compound
extremes have higher correlation coefficients with the GHCN_CAMS observations, indicating better simulation performance. Out of the four types of compound extremes, the MME has the best simulation performance for warm/wet extremes, and the correlation coefficients are 0.86 (CRU) and 0.91 (GHCN_CAMS).
Among the models, CanESM5, MRI-ESM2-0, UKESM1-0-LL, and the MME perform better in simulating
the temporal changes in the numbers of the four compound extremes from 1955 to 2014. Especially for
compound warm/wet extremes, the correlation coefficients approach up to about 0.8.
3.3. Future Changes and Uncertainty Analysis of Compound Extremes
According to the predictions of 16 models in CMIP6, the occurrences of both warm/dry and warm/wet
extreme events will increase in the future; that is, under the four SSP scenarios, compound warm/dry and
warm/wet extremes increase during the two future periods, 2040–2069 and 2070–2099, relative to the period 1985–2014 (Figures 3 and 4). Conversely, the occurrences of compound cold/dry and cold/wet extreme
events will decrease in the future (Figures S7 and S8). This result is similar to findings from previous studies
in CMIP5 (Wang et al., 2017), but in addition, we found that warm extremes tend to be more sensitive to
global warming than cold ones. Furthermore, a large number of existing studies have also predicted that
extreme events related to temperature (Pal & Eltahir, 2016) and precipitation (Donat et al., 2016; Prein
et al., 2017) will continue to increase in the future. Among the regions we study, the Amazon (region 7),
North-East Brazil (region 8), and the Tibetan Plateau (region 21) will have larger increases in compound
warm/dry and warm/wet extremes than other regions worldwide; the associated consequences may include
abnormal water temperatures in the Peru Current and a substantial reduction in production of fishery
resources. Also, increased warm extreme events in southern Africa may lead to disease epidemics and discomfort or even death due to overheating. In general, under future scenarios, warm/wet extreme events
increase faster than other modes of compound extremes under all of the SSPs (SSP1-2.6 to SSP5-8.5), and
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Figure 4. Same as Figure 3, but for compound warm/wet extremes. Corresponds to Figure S10.

each compound extreme in the long term (2070–2099) increases faster relative to the period 1985–2014
than the same type of extreme in the medium term (2040–2069). The Fifth Assessment Report of the IPCC
also points out that the risks from climate change are larger in the long term than they are in the near term
(IPCC, 2014). Warm/wet extremes are projected to exhibit larger changes relative to the period 1985–2014
under stronger versus weaker SSPs. Based on the changes in the global number of compound extremes, the
average frequency of warm/wet extremes during the period 2040–2069 (and 2070–2099, in parentheses)
is projected to increase relative to the period 1985–2014 by 17.18 (18.53), 22.69 (34.15), 26.58 (48.79), and
32.85 (59.60) under SSP1-2.6, SSP2-4.5, SSP3-7.0, and SSP5-8.5, respectively. Similar results also appeared in
CMIP5 and manifested as RCP8.5 > RCP4.5 > RCP2.6 (Liu et al., 2017).
We also investigate the future change in the frequency of occurrence of compound extremes during two future periods, 2040–2069 and 2070–2099, relative to the period 1985–2014 under four SSP scenarios. The box
plots show uncertainties among the models (Figures 3 and 4 and S7–S8). In these figures, the uncertainties
among the models are indicated by the sizes of the colored boxes and the lengths of the whiskers. In our
research, the distance between the 25th and 75th quantiles is used to represent the uncertainty range, based
on previous studies (Yeh et al., 2009). The results show that the uncertainties among the models are relatively small for compound cold/dry and cold/wet extremes relative to the compound warm/dry and warm/
wet extremes. Compared with the two types of compound cold extreme events, the two warm extremes of
warm/dry and warm/wet have considerably higher uncertainties. The uncertainties in the numbers of the
warm/wet extremes are the largest, and they are 2.01 and 3.82 times those of the warm/dry extremes in the
medium term and long term, respectively. Recent research also shows that climate projections of future hot
extremes exhibit large uncertainties regarding the magnitude of projected warming (Donat et al., 2018).
For most regions, the uncertainties under the SSP5-8.5 scenario are larger than other scenarios. Therefore,
we suspect that high-emission scenarios will bring greater uncertainty. From a regional perspective, South
America and the Tibetan Plateau have greater uncertainties than other regions over the world. Several
researchers have found that the climate change projections in the Amazon have a larger uncertainty range
(Torres & Marengo, 2013), and we suspect that the Amazon may have contributed to the greater uncertainty
of South America. As the Tibetan Plateau has the highest altitude in the world, it is easy to understand that
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the uncertainty here is relatively large. For the warm/dry extremes, smaller uncertainties appear in several
areas near the Arctic (e.g., Alaska/northwestern Canada (region 1), Canada/Greenland/Iceland (region 2),
and northern Europe (region 11)). In addition, existing studies have quantified the causes of such uncertainties, including the internal variability, physical parameterizations, and so on (Solman & Pessacg, 2012).
Certain studies also show that, regardless of the source of the uncertainties, the geographic distributions
of the results across the ensemble members are consistent, especially for precipitation and temperature
(Solman & Pessacg, 2012).
All four types of compound extreme events, it can be influenced by natural variability, including El Niño/
Southern Oscillation, the North Atlantic Oscillation, the Pacific Decadal Oscillation, and so on (Geng
et al., 2019; Grothe et al., 2020; Hamouda et al., 2021; Trenberth et al., 2014). The changes in the frequency
of compound warm/dry extremes relate to the variation of precipitation and temperature associated with
such patterns of variability. In the context of global warming, the increase in temperature may lead to more
water being taken away by the evaporation part of the water cycle, thus causing some degree of drought
(Dai, 2011; Vicente-Serrano et al., 2014). Due to the influence of land-atmosphere interactions, the arid
climatic conditions can also cause an increase in temperature (Koster et al., 2016). Under global warming,
heavy precipitation associated with tropical cyclones is projected to be higher at 2°C compared to 1.5°C
of global warming (Hoegh-Guldberg et al., 2018). That is, the warming will bring more precipitation to
equatorial and high-latitude regions (Feng et al., 2019). Further efforts are needed to understand the impact
of global warming on the internal variability of the geophysical system, and then to fully understand how
climate change drives the mechanisms that lead to compound events.

4. Conclusions and Prospective
In this study, we have investigated four types of compound temperature and precipitation extremes—warm/
dry, warm/wet, cold/dry, and cold/wet—using ground-based observations and the recently released CMIP6
simulations. We found an overall increase in the global number of occurrences of warm/dry and warm/
wet extremes during the period 1985–2014 relative to the period 1955–1984. Over the same time frame, the
occurrences of cold/dry and cold/wet extremes decreased over most parts of world. We showed that most
CMIP6 climate models can reproduce the four types of compound extremes mentioned above reasonably
well compared with observations; however, some models exhibit discrepancies over certain areas. Overall,
the models appear to perform poorly over low latitudes and tropical regions. POD values for compound
warm/wet extremes are above 0.63, indicating good agreement in the sign of change between model simulations and ground-based observations for warm/wet extremes. The increasing trends of compound warm/
dry and warm/wet extremes for CRU (GHCN_CAMS) over China are 1.80 (1.29) and 1.43 (1.37) times those
worldwide during the period 1955–2014. Among the four types of compound extremes, the MME has the
best simulation performance for temporal changes in warm/wet extremes, and correlation coefficients are
0.86 (CRU) and 0.91 (GHCN_CAMS).
Under the SSP scenarios, compound warm/dry and warm/wet extremes show a continuous increase in frequency in the next few decades, while compound cold/dry and cold/wet extremes are projected to occur less
frequently. Globally, the average frequency of warm/wet extremes is projected to increase by 18.53, 34.15,
48.79, and 59.60 during the period 2070–2099 relative to the period 1985–2014 under SSP1-2.6, SSP2-4.5,
SSP3-7.0, and SSP5-8.5, respectively. The uncertainties for compound warm/dry and warm/wet extremes
increase considerably in the future; the uncertainties for warm/wet extremes are 2.01 (2040–2069) and 3.82
(2070–2099) times those of warm/dry extremes globally, and they are especially high for the Amazon and
the Tibetan Plateau.
From the results relating to compound extremes in the future, we can speculate that the decreases in the
numbers of compound cold/dry and cold/wet extremes may produce certain benefits for the natural environment and humans. For example, the reduction of cold damage and ice-snow disasters may be beneficial for the production of crops, and more importantly, it could reduce the casualties and economic losses
caused by these disasters. On the other hand, changes in compound warm/dry and warm/wet extremes
have a strong relationship with future precipitation under the continued warming projected for the future.
Future precipitation changes are not only dependent on the temperature to a great extent but also related
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to atmospheric circulation, storms, and other factors. So, the increases in compound warm/dry and warm/
wet extremes will also have a number of profound negative effects on human health, agriculture, and infrastructure. In fact, warm/wet extremes are even more difficult to handle than warm/dry extremes, because
humidity that is too high affects the human body’s heat dissipation process. As the climate changes, abnormal temperatures and humidity will soon make parts of the Earth uninhabitable. Therefore, it is necessary
for us to take effective measures to mitigate the adverse effects brought about by extreme heat. In sum, the
results of this research can provide insights on climate model performance relevant to model developers,
which will give us better tools to anticipate and address these issues. Also, the outcomes may be of interest
to stakeholders working on reducing the risks associated with compound climate extremes.
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