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Key Points:

¢ The drought hazard index (DHI) was constructed by synthesizing drought
frequency, duration, intensity and peak

o DHI and its change were estimated under 2 °C, 3 °C and 4 °C temperature
rise scenarios based on 18 climate models of CMIP6

¢ The national average increase values of DHI at 3 °C and 4 °C temperature
rise are 1.5 times and 2 times that at 2 °C temperature rise

Abstract

Drought is one of the most disastrous extreme climate events. In-depth stud-
ies on the response of drought to climate warming are beneficial to improve
drought risk management. In this study, the standardized precipitation evapo-
transpiration index (SPEI) was calculated based on eighteen climate models
from the Coupled Model Intercomparison Project Phase 6 (CMIP6). Four
drought characteristic indices (drought frequency, duration, intensity, and peak)
were extracted and the drought hazard index (DHI) was constructed to evaluate
drought hazards in China for the historical reference period and future 2, 3 and
4 °C temperature rise scenarios, and then the change in future drought hazard
was analyzed. The results showed that the drought frequency in the eastern
monsoon region of China had a spatial pattern of high in the south and low in
the north and increased overall with the increase in warming level. Drought du-
ration, intensity and peak showed a spatial pattern of high in northwest China
and low in southeast China and increased significantly with increasing warm-
ing level. The DHI was relatively high in the northwest inland and southeast
coast of China. Under the 2, 3 and 4 °C temperature increase scenarios in the
future, except for the southeastern Qinghai-Tibet Plateau, the DHI in other
climate regions in China will increase compared with that in the historical ref-
erence period. The national average increase values of DHI under the 3 °C and
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4 °C temperature rise scenarios reach 1.5 times and 2 times that under the 2 °C
temperature rise scenario, respectively.

Plain Language Summary

Drought is one of the most widespread natural hazards and has caused serious
economic losses. Global warming has contributed to increasing drought fre-
quency and intensity in some areas in recent years, and therefore it is necessary
to study the response of drought hazards to different global warming levels. In
this study, the characteristics of drought events in China were extracted for the
historical reference period (1985-2014) and future 2 °C, 3 °C and 4 °C tempera-
ture rise scenarios based on the climate simulation data. The drought hazard
index (DHI) was constructed by integrating four drought characteristic indices
and the change in DHI was estimated at different warming levels. We find that
the drought characteristics and DHI have obvious spatial differentiation and
their values in most of China increase with increasing warming level. The DHI
values under 2 °C, 3 °C and 4 °C temperature rise scenarios increase relative to
that during the historical reference period in China except for the southeastern
Qinghai-Tibet Plateau. The results of this study can provide a scientific basis
for drought prevention and response in the context of global warming.
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1 Introduction

Drought is one of the most extensive natural disasters in a series of extreme
climate events and has an impact on the water resource supply, agricultural
production, ecology, energy, economy, and many other aspects (Chen et al.,
2021). According to the Sixth Assessment Report (AR6) of the Intergovern-
mental Panel on Climate Change (IPCC), the magnitude of natural disaster risk
in the context of climate change depends on the interactions between climate-
related hazards and the exposure and vulnerability of human or ecological sys-
tems to hazards (IPCC, 2022a). Hazard is a necessary condition in the forma-
tion of disasters (Shi et al., 2020). Therefore, an accurate understanding and
assessment of drought hazards is the premise and foundation of drought risk
analysis.

Drought characteristics such as frequency, duration, and intensity are mani-
festations of drought hazards (Hayes et al., 2004). Some researchers identified
drought events based on the drought index and extracted drought characteristics
to quantitatively describe drought events to carry out drought hazard analysis
(Liu et al., 2021; Nam et al., 2015; Yuan et al., 2013). Researchers constructed a
drought hazard index by combining multiple drought characteristics to indicate
the drought hazard level (Geng et al., 2016; He et al., 2011; Maccioni et al.,
2015). Due to the complexity of drought and regional differences, there is no
unified method to calculate the drought hazard index. However, both the extrac-
tion of drought events and the construction of drought hazard indices are often



based on various drought indices. The Handbook of Drought Indicators and In-
dices released by the World Meteorological Organization (WMO) and the Global
Water Partnership (GWP) lists 50 commonly used drought indicators/indices,
which are grouped into five types: meteorology, soil moisture, hydrology, re-
mote sensing and composite/modeled (WMO & GWP, 2016). Among them,
the most commonly used drought indices include the Palmer drought severity
index (PDSI) (Palmer, 1965), standardized precipitation index (SPI) (McKee
et al., 1993) and standardized precipitation evapotranspiration index (SPEI)
(Vicente-Serrano et al., 2010). The PDSI is established based on the principle
of soil water balance. It comprehensively considers factors such as precipitation,
potential evapotranspiration, runoff, and soil water. The physical meaning of
the PDSI is clear, but it has problems such as a single time scale and complex
calculations (Yihdego et al., 2019). The definition and calculation of the SPT is
relatively simple. It only takes precipitation as the input and does not consider
the influence of temperature. Therefore, it has certain limitations in drought
research under the background of global warming (Mukherjee et al., 2018). The
SPEI improves the SPI and adopts the difference between precipitation and
evapotranspiration. It not only has the advantages of simple calculation and
multiple time scales, but also considers the sensitivity of evapotranspiration to
temperature change (Yihdego et al., 2019). The SPEI has been widely used in
drought-related research (Ayantobo et al., 2018; Li et al., 2021; Spinoni et al.,
2020).

Global warming has become a major environmental problem in the 21st century,
and its negative effects seriously threaten the development of human society.
According to IPCC ARG, the global average temperature from 2001 to 2020
increased by approximately 0.99 °C compared with preindustrial levels (IPCC,
2021). With global warming, extreme climate events such as heat waves, heavy
rainfall and drought have intensified in recent years, causing serious losses to
society, the economy and people’s lives (Zhang & Wang, 2019). To mitigate
the serious threat posed by climate change, the Paris Agreement adopted at the
2015 Paris Climate Conference pointed out that the global average temperature
in this century should be controlled within 2 °C higher than that of the prein-
dustrial period, and efforts should be made to control the increase within 1.5 °C
(Rogelj et al., 2016). In this context, the projection of climate change and its
impacts under different temperature rise scenarios in the future has attracted
increasing attention from researchers.

Many researchers use general circulation models (GCMs) to assess or predict the
risk of future extreme climate. GCMs are approximate representations of the
real climate system. The Coupled Model Intercomparison Project (CMIP) or-
ganized by the World Climate Research Programme (WCRP) publicly provides
many GCM outputs in a standard format. To date, the CMIP has evolved into
its sixth phrase (CMIP6), providing strong data support for research in the
field of climate change (Eyring et al., 2016). Some studies have pointed out
that compared with CMIP5, CMIP6 has improved the simulation of extreme
events (Chen et al., 2020; Fan et al., 2020; Luo et al., 2020). Therefore, some



researchers have analyzed the characteristics and changes in extreme climate in
different regions of the world in the future based on CMIP6, such as extreme
precipitation (Dike et al., 2022; Tang et al., 2021; Wu et al., 2022; Xu et al.,
2022), extreme temperature (Babaousmail et al., 2022; Kuang et al., 2021; Ra-
julapati et al., 2022; Zhao et al., 2021), heat waves (Zachariah et al., 2021) and
drought (Chen et al., 2021; Cook et al., 2020; Naderi et al., 2022; L. Zhang et
al., 2021).

Drought occurs frequently in China, and drought-related economic losses ac-
count for approximately 35% of all losses caused by natural disasters in the
country (Li et al., 2020). From 1984 to 2018, the average annual direct eco-
nomic loss caused by drought in China exceeded 34 billion yuan (Su et al.,
2021). Affected by global warming, in recent years, some areas of China have
shown a trend of expanding drought area and increasing drought intensity (Yu
et al., 2014). Some studies based on GCMs also point out that China is a hot
area affected by drought (Cook et al., 2020; Ukkola et al., 2020). The impact
of drought on Chinese people’s lives and social economy may continue to in-
crease in the future. Currently, some researchers have assessed future droughts
in China based on CMIP6 climate data. For example, Chen et al. (2021) pro-
jected drought conditions in China using the self-calibrated Palmer drought
severity index (scPDSI) based on 20 GCM simulations from CMIP6 and ana-
lyzed the socioeconomic impacts of drought. G. Zhang et al. (2021) assessed the
performance of standardized moisture anomaly index (SZI), SPEI, and scPDSI
in identifying drought across China based on simulations from CMIP6 GCMs
and determined drought characteristics based on SZI from 1985 to 2100. Su et
al. (2021) and Ma et al. (2022) calculated the SPEI of historical and future
periods and then evaluated the spatiotemporal characteristics of drought across
China. The above studies all analyzed the changes in drought characteristics
(such as drought frequency, drought duration, drought intensity, etc.) in a cer-
tain period of time in the future, but few researchers construct hazard indices
from the perspective of drought risk. In addition, research on future drought is
mostly based on different CMIP6 climate scenarios. There is little assessment
of drought under different temperature rise scenarios (such as 2 °C, 3 °C and 4
°C). Global or regional climate change under different temperature rise scenarios
has been widely studied by the international scientific community. The assess-
ment of China’s drought under different temperature rise scenarios can provide
a decision-making basis for the formulation of regional disaster reduction pro-
grams and measures and is very important to improve the drought disaster risk
management level and the ability of forecasting and early warning.

The global temperature rise level can be estimated by calculating the increase
in global mean surface air temperature (GSAT) averaged over a 30-year period
relative to the preindustrial level, and the reference period 1850-1900 was used
to approximate the preindustrial GSAT (IPCC, 2021, 2022b). The Fifth Assess-
ment Report (AR5) of the IPCC (2014) takes 1986-2005 as the baseline period
and puts forward that the average temperature in this period is approximately
0.61 °C higher than preindustrial levels. Therefore, 0.89 °C higher than the av-



erage temperature in the baseline period 1986-2005 is defined as a temperature
rise level of 1.5 °C. Similarly, a higher warming level can be calculated. However,
the latest IPCC ARG revised the temperature rise level in the baseline period
of AR5 from 0.61 °C to 0.69 °C and updated the baseline period to 1995-2014,
which was 0.85 °C warmer than the preindustrial level (IPCC, 2021). To date, a
large number of studies have used the baseline period with the underestimated
warming of 0.61°C proposed by IPCC AR5 (Jiao & Yuan, 2019; Liu et al., 2020;
Miao et al., 2020; Su et al., 2018), and few researchers have conducted climate
change research under different temperature rise scenarios based on the newly
updated baseline period.

In summary, based on the CMIP6 multimodel outputs, this study selected 1995-
2014 as the baseline period to determine the 2 °C, 3 °C and 4 °C temperature rise
scenarios and calculated the SPEI to reflect meteorological drought. On this
basis, drought characteristics (drought frequency, duration, intensity, and peak)
were extracted for both the historical reference period and different temperature
rise level scenarios. Finally, the drought hazard index was constructed, and the
spatial distribution maps of the drought hazard index in four periods, including
the historical reference period and the future 2 °C, 3 °C and 4 °C temperature rise
scenarios, were made and compared. The research results can provide a scientific
reference for the formulation of drought adaptation measures in China under
the background of climate change, as well as provide a reference for drought
hazard assessment in other regions.

2 Study Area and Data

2.1 Study Area

China is a vast country with complex terrain. Located in the eastern part of Asia,
China has a typical monsoon climate. According to natural conditions such as
topography and climate, mainland China is divided into seven climate regions
(Zhao, 1983) (Figure 1), including the Northeast humid/semihumid temperate
region (Region A), North China humid/semihumid warm-temperate region (Re-
gion B), Central and Southern China humid subtropical region (Region C),
South China humid tropical region (Region D), Inner Mongolia steppe region
(Region E), Northwest desert areas (Region F) and Qinghai-Tibet Plateau (Re-
gion G). This regionalization scheme has many applications in drought-related
research (Ayantobo et al., 2018; Yao et al., 2018; G. Zhang et al., 2021), so we
use it in this study to compare the spatial distribution and changes in drought
hazards in different regions.
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Figure 1. Seven climate regions of China, i.e., Northeast humid/semihumid
temperate region (A), North China humid/semihumid warm-temperate region
(B), Central and Southern China humid subtropical region (C), South China
humid tropical region (D), Inner Mongolia steppe region (E), Northwest desert
areas (F) and Qinghai-Tibet Plateau (G).

2.2 Data
(1) Climate observation data

The observational dataset used in this study was the gridded dataset CN05.1
with a spatial resolution of 0.25° which was interpolated based on the observa-
tions from over 2400 stations from 1961 to the present in China (Wu & Gao,
2013). The meteorological variables used in this research include maximum tem-
perature, minimum temperature, precipitation, wind speed, relative humidity
and sunshine hours on a monthly scale from 1961 to 2014. This dataset was
used as reference data to evaluate the CMIP6 historical simulation data.

(2) CMIP6 climate model datasets

CMIP6 historical simulation data and future projection data were obtained from
the World Climate Research Programme (WCRP) (https://esgf-node.llnl.gov/
projects/cmip6/). Climate projection data are provided for eight integrated
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scenarios that combine shared socioeconomic pathways (SSPs) and radiative
forcing pathways (O’Neill et al., 2016). We selected three climate scenarios,
namely, SSP1-2.6 (low societal vulnerability and low forcing level), SSP2-4.5
(intermediate societal vulnerability and intermediate forcing level) and SSP5-
8.5 (high societal vulnerability and high forcing level). In this study, monthly
scale data of eight meteorological variables, including mean temperature, max-
imum temperature, minimum temperature, precipitation, wind speed, relative
humidity, downwelling shortwave radiation, and surface air pressure, were down-
loaded for the historical period (1961-2014) and the future period (2015-2100).
At the time of writing (May 2022), considering the availability of the required
meteorological variables and securing the variant level “rlilp1fl”, 18 eligible
GCMs were screened, and the information of these models is shown in Table 1.

(3) Elevation data

The Global Multiresolution Terrain Elevation Data 2010 (GMTED2010) dataset
was provided by the United States Geological Survey (USGS) (Danielson &
Gesch, 2011). In this study, the 30-arc-second (1 kilometer) GMTED2010 data
were used to calculate the SPEI based on the FAO-56 Penman Monteith equa-
tion.

Table 1. Eighteen CMIP6 GCMs adopted in this study.

No Model Institution Country Resolution
(Lon/°xLat/°)

ACCESS- CSIRO- Australia x1.25

CM2 ARCCSS

ACCESS- CSIRO Australis x1.24

ESM1-5

CanESM5 CCCma Australis x2.81

CAS-ESM2-0 CAS China x1.41

CMCC- CMCC Italian x0.94

ESM2

EC-Earth3 EC-Earth- Europe x0.70
Consortium

EC-Earth3- EC-Earth- Europe x0.70

Veg Consortium

EC-Earth3- EC-Earth- Europe x1.13

Veg-LR Consortium

FGOALS-g3  CAS China x2.25

FIO-ESM-2-  FIO-QLNM China x0.94

0

GFDL-ESM4 NOAA- USA x1.00
GFDL

INM-CM4-8 INM Russia x1.50

INM-CM5-0 INM Russia x1.50



No Model Institution Country Resolution

(Lon/°xLat/°)

IPSL-CM6A- IPSL France x1.26

LR

MIROC6 MIROC Japan x1.41
MPI-ESM1- DKRZ Germany x0.94

2-HR

MPI-ESM1- MPI-M Germany x1.88

2-LR

MRI-ESM2-0 MRI Japan x1.13

3 Methods
3.1 Simulation Performance Assessment of CMIP GCMs

The Taylor diagram provides a statistical summary of how closely model-
simulated patterns match observations by displaying the correlation coefficient
(R), the standard deviation (SD), and root mean square error (RMSE) (Taylor,
2001) on a 2-D graph. To evaluate the performance of the 18 GCMs, we used
the standardized Taylor diagram in which the SD and RMSE values of the
observations and simulations were divided by the standard deviation of the
observations to eliminate dimensional effects (Ma et al., 2022; Zhang et al.,
2020). A large R value indicated a high correlation between the simulated
and observational data. The closer the SD was to 1, the closer the standard
deviation between simulated and observational data. The closer RSME was to
0, the smaller the deviation of the simulated data from the observational value.

3.2 Warming Level Estimation

The projections of future global warming were normally made by adding pro-
jected warming above a recent past baseline to the observed warming above
preindustrial level, and the recent past baseline period was updated from 1986-
2005 to 1995-2014 with the observed warming of 0.85 °C according to IPCC
AR6 (IPCC, 2021). Therefore, the 2, 3, and 4 °C warming levels were trans-
lated to 1.15, 2.15, and 3.15 °C above the 1995-2014 mean in this study. Based
on the monthly gridded temperature data, the annual global mean surface air
temperature (GSAT) was calculated using the area-weighted average method.
By applying the time sampling approach (James et al., 2017), a 30-year moving
window was used to calculate the 30-year average GSAT from 2015 to 2100,
and the 2, 3, and 4 °C warming periods were defined as the 30-year period when
the specific warming levels were first reached for each model under the three
integrated scenarios.



3.3 SPEI Calculation and Drought Characterization

The standardized precipitation evapotranspiration index (SPEI) was used for
drought event identification. The SPEI is relatively simple to calculate and
considers the impact of temperature on drought (Ma et al., 2022). It was con-
structed by the difference between monthly precipitation and potential evapo-
transpiration (PET), and then the difference was fitted to the three-parameter
log-logistic distribution, which was further transformed to a normal distribution
(Vicente-Serrano et al., 2010). The PET was estimated using the FAO-56 Pen-
man Monteith method based on the “penman” function in the R package “SPEI”
(Begueria et al., 2014). The SPEI was calculated for a 1-month time scale at each
grid to reflect meteorological drought. For each GCM, the distribution function
parameters were first computed in the historical period (1961-2014) and were
then utilized for the calculation of the SPEI in the future period (2015-2100)
under three integrated scenarios, which makes the values in the future period
comparable with those in the historical period (Li et al., 2021; Su et al., 2021;
Touma et al., 2015).

Run theory is a common method to extract drought characteristic variables,
which identifies the beginning and end of drought events by judging the rela-
tionship between the drought index and the threshold (Yevjevich, 1967). The
traditional run theory uses a single threshold, which may reduce the accuracy of
drought event identification (Wang et al., 2020). In this study, three thresholds
(R, = 0, R; =-0.5, and R, =-1) were set according to a previous study (Ma
et al., 2022). Each drought event was characterized by three variables, namely,
duration, intensity and peak. Drought duration was the number of months
of a drought event from its occurrence to termination. Drought intensity and
peak were the absolute values of the mean and minimum SPEI values during
the drought event, respectively. The drought event series at each grid were
identified as follows:

(1) When the value of the monthly SPEI fell below R,, we defined that drought
occurred in this month.

(2) When the preliminarily identified drought event lasting only one month
showed a higher SPEI value than R, this event was removed.

(3) Two adjacent drought events were merged into one drought event if they
were separated for only one month and the SPEI value of the month was less
than R,,.

In this study, the drought duration, intensity and peak were calculated by aver-
aging the corresponding variables for all individual drought events at each grid
in the historical reference period (1985-2014) and 2, 3, and 4 °C warming periods.
Drought frequency was defined as the number of drought events that occurred
per year, which was obtained by dividing the number of drought events in a
30-year period by 30.



3.4 Drought Hazard Assessment and Change Analysis

For each 30-year period, we obtained the spatial distribution maps of four
drought characteristics, namely, drought frequency (F), drought duration (D),
drought intensity (I) and drought peak (P). The four drought characteristics
reflected the drought from different aspects, but they were not conducive to
the comprehensive and intuitive description of the drought hazard. Therefore,
the drought hazard index (DHI) was constructed based on the four drought
characteristics (Singh et al., 2019):

where W;, W, and W are weight coefficients, all taken as 1/3; (FD)’, (FI)’ and
(FP)’ are the normalized values of the product indictors obtained by multiply-
ing drought frequency (F) by drought duration (D), drought intensity (I) and
drought peak (P), respectively.

Drought duration, intensity and peak describe the magnitude of each drought
event on average, but the drought hazard in a certain period also depends on
the number of drought occurrences. Therefore, the three product indicators
obtained by multiplying the three drought characteristics (D, I and P) with
the drought frequency (F) can characterize the drought condition per unit of
time. The normalization of the three product indicators was performed by the
maximum-minimum method. To make the values of different warming periods
comparable with those of the historical reference period, the maximum and min-
imum used for normalization were found in all values of the historical reference
period and warming periods at the grids in China. After processing, DHI maps
were made for different GCMs.

Finally, the spatial resolution of the distribution maps of the four drought charac-
teristics and the DHI calculated from different GCMs was resampled to 0.5°x0.5°
using the bilinear interpolation method to facilitate the calculation of the mean
values of the corresponding data for the historical reference period and 2, 3, and
4 °C warming scenarios (subsequently referred to as the four periods) so as to
obtain the final spatial distribution maps of the four drought characteristics and
the DHI for the four periods. The DHI was divided into eight levels using the
quantile method to characterize different levels of drought hazard. The DHI
under the future warming scenario was compared with that of the historical
reference period to analyze the change in drought hazard.

4 Results and Analysis

4.1 Performance Evaluation of CMIP6 GCMs

As the SPEI was calculated using the difference between precipitation and PET,
the capability of GCMs to describe drought depends on their ability to simulate
precipitation and PET. Based on the observational and simulated values of pre-
cipitation and PET during the historical period (1961-2014), the performance
of 18 GCMs was evaluated using the standardized Taylor diagram method (Fig-
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ure 2). The correlation coefficients between simulated data and observational
data ranged from 0.52 to 0.71 for precipitation, while they ranged from 0.88
to 0.93 for PET. The ratio of the standard deviation of precipitation between
simulations and observations was greater than 1 for each model, and the maxi-
mum value was 1.61, while the SD values of PET ranged from 0.94~1.39, most
of which were close to 1. The RMSE values for precipitation and PET ranged
from 0.77~1.26 and 0.37~0.69, respectively. Although the simulation of precip-
itation was not as effective as that of PET, the simulated data had generally
satisfactory performance for both precipitation and PET and were qualified to
be used to assess historical and future drought hazards in China.

(a) Precipitation (b) PET
0.3

0 01 g3

04 G,

1.5

Standard Deviation
Standard Deviation

Observation Observation

Figure 2. Standardized Taylor diagrams showing the simulation capability of
historical simulation data of 18 GCMs from 1961-2014 for observational data of
precipitation (a) and PET (b).

4.2 Results of Future Temperature Rise Scenario Determi-
nation

The 2, 3, and 4 °C warming periods of 18 models under 3 integrated scenarios
were counted, and the 15th year of the 30-year period is presented in Figure 3
as the warming target year. Since SSP1-2.6 was a low emission forcing scenario
with a relatively small temperature rise, only 9 models reached the 2 °C warming
level in this scenario, and the earliest warming target year was 2034, while the
latest was 2081. All models failed to reach the 3 and 4 °C warming levels
under the SSP1-2.6 scenario. Under the SSP2-4.5 scenario with an intermediate
forcing level, all 18 models reached the 2 °C warming level, with the earliest and
latest warming target years in 2033 and 2071, respectively; 6 models reached
the 3 °C warming level, and the earliest warming target year was 2061, while

the latest was 2085; there was no model that reached the 4 °C warming level.
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Under the SSP5-8.5 scenario with high radiative forcing, all 18 models reached
2 and 3 °C warming levels with target year ranges of 2029-2049 and 2045-2075,
respectively; 11 models reached the 4 °C warming level with a target year range
of 2059-2080. Overall, there were 45, 24, and 11 datasets for the 2, 3, and 4 °C
warming scenarios, respectively.
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Figure 3. The warming target year of each model under 3 integrated scenarios.

4.3 Spatial Distribution and Variation in Drought Charac-
teristics

The spatial distribution of drought frequency during the four periods is shown
in Figure 4. Overall, the drought frequency in the eastern monsoon region of
China showed a spatial pattern of high in the south and low in the north. The
drought frequency in region G was relatively low during all periods, while the

drought frequency in region F had different characteristics for different periods.

During the historical reference period, the drought frequency was highest in
region C, followed by the southern part of region F. Under the 2 °C warming
scenario, the drought frequency across the country increased overall relative to
the historical reference period, and its spatial distribution was similar to that of
the historical reference period. Under the 3 °C warming scenario, the drought
frequency continued to increase in most regions relative to the 2 °C warming
scenario, while it decreased in region F. Droughts occurred more frequently in
eastern China under the 4 °C warming scenario compared to the 3 °C warming
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scenario, while drought frequency decreased significantly in regions F and G.
The minimum value of drought frequency for all periods was 1.35 times/year,
and the maximum value was 2.22 times/year.
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Figure 4. Spatial distribution of drought frequency under the historical refer-

ence period and three warming scenarios.

The high value of drought frequency represents the frequent occurrence of
drought events, resulting in the corresponding areas being frequently hit by
drought. However, a low value of drought frequency does not necessarily mean
a less severe impact because a low frequency may be associated with drought
events with long duration and great impact. Therefore, we further analyzed
drought duration, intensity, and peak, and their spatial distribution is shown
in Figure 5. Overall, three characteristics generally showed a spatial pattern
of high in the northwest and low in the southeast, and the values of the
characteristics increased as a whole with the increase in the warming level.
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Figure 5. Spatial distribution of drought duration, intensity, and peak under
the historical reference period and three warming scenarios.

The spatial distribution of drought duration is shown in Figure 5(a, d, g, j),
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with longer drought durations in region F, the western Qinghai-Tibet Plateau,
region E, southwestern region A, northern region B, and southwestern China.
During the historical reference period, the drought duration did not exceed
2.13 months in most areas of southern China, while most areas in northern
and northwestern China exceeded 2.24 months. With the increase in warming
level, the drought duration increased in all regions of the country as a whole,
but there was no significant increase in the northeastern edge of China and the
southeastern Qinghai-Tibet Plateau. Under the 3 and 4 °C warming scenarios,
drought events in northwestern China and the western Qinghai-Tibet Plateau
had longer drought durations, which were associated with the lower drought
frequency in the corresponding regions in Figure 4(c, d).

The spatial distribution of the drought intensity and peak is shown in Figure 5(b,
e, h, k) and Figure 5(c, {, i, 1), and the spatial patterns of the two characteristics
were highly similar. During the historical reference period, the drought intensity
basically did not exceed 1.29, and the drought peak basically did not exceed
1.53. With the increase in the warming level, the drought intensity and peak
increased rapidly overall throughout the country. Under the 4 °C warming
scenario, the maximum values of the drought intensity and peak reached 2.23
and 3.83, respectively, with significant increases relative to the values of the
historical reference period.

4.4 Analysis of Drought Hazard Index

The drought hazard grades were recorded as , , , , , VI, , and in
ascending order, and the corresponding DHI ranges were 0.162~0.185,
0.185~0.202, 0.202~0.231, 0.231~0.249, 0.249~0.270, 0.270~0.292, 0.292~0.341,
and 0.341~0.515, respectively. The spatial distribution of drought hazard
grades during the four periods is shown in Figure 6. Overall, the drought
hazard showed a spatial pattern of relatively high in the northwestern interior
and southeastern coastal areas. With the increase in the warming level, the
drought hazard as a whole continued to increase, and the increase was obvious
in region F, northeastern region E, and the southeastern coast of China. In
contrast, the drought hazard grade in the southeastern Qinghai-Tibet Plateau
decreased under the 3 °C warming scenario compared with the 4 °C warming
scenario.
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Figure 6. Spatial distribution of drought hazard grades under the historical
reference period and three warming scenarios.

The proportion of grids of each drought hazard grade during the four periods was
counted, as shown in Figure 7. In the historical reference period, the grades of
most grids were I and 11, and only approximately 4% of the grids reached grade
III, while the grade reached VIII under the three warming scenarios. The grades
that accounted for more than 20% were III and IV under the 2 °C warming
scenario. The proportion of grades V and VI exceeded 20% under the 3 °C
warming scenario, while grades VI, VII and VIII accounted for more than 20%
under the 4 °C warming scenario. With the increase in warming level, the
proportion of grades II, IIT and IV decreased, while the proportion of grades VI,
VII and VIII increased.
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Figure 7. Statistical chart of drought risk grades under the historical reference
period and three warming scenarios.

We further plotted the box plot of the DHI for the whole country and its seven
climate regions for four periods, as shown in Figure 8. The maximum, median,
and mean values had the same trend nationwide, increasing sequentially from
the historical reference period to the 4 °C warming scenario. The mean values of
the national DHI for the four periods were 0.18, 0.25, 0.29, and 0.32. The largest
increase in the national DHI between two adjacent periods occurred between the
historical reference period and the 2 °C warming scenario, which indicated that
global warming of 2 °C and above may cause a significant increase in drought
hazard in China compared with the past. The values of national DHI in the
historical reference period ranged from 0.16 to 0.21, with the smallest range and
the mean value approximately equal to the median. Under the three warming
scenarios, the range increased in turn, and the nationwide mean values were all
greater than the median. In terms of regional DHI, in the historical reference
period, the maximum value of the DHI appeared in region F; the median of the
DHI ranked basically in the same order as the mean value, from high to low:
region F > C > D > G > B > E > A. Under the three warming scenarios, the
maximum value of the DHI still occurred in region F; the three regions with
the highest mean values of the DHI were regions F, E, and D, while the region
with the lowest mean value was region A. Overall, the maximum, median, and
mean values of the DHI in the seven climate regions increased with increasing
warming level.
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Figure 8. Box plot of DHI for the whole country and seven climate regions
under the historical reference period and three warming scenarios.

4.5 Analysis of Change in Drought Hazard Index

The DHI values of the three warming scenarios minus the DHI values of the
historical reference period are used to analyze the changes in drought hazard
in China under different warming scenarios relative to the historical reference
period (Figure 9). The DHI increased in all regions of the country except for
the southeastern part of the Qinghai-Tibet Plateau, where the DHI decreased
slightly. Under the three warming scenarios, the DHI increased most signif-
icantly in region F, and the increases in region E, the northeastern part of
region B, the western part of the Qinghai-Tibet Plateau, and region D were
also significant, while the increase in region C was relatively small. Compar-
ing the three warming scenarios, it can be seen that the change value of DHI
increased with the increase in warming level overall, but the area where the
DHI decreased under the 4 °C warming scenario was slightly expanded in the
southeastern part of the Qinghai-Tibet Plateau.
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Figure 9. Spatial distribution of change values of DHI (the DHI values in the
future minus DHI values in the reference period) under three warming scenarios.

Figure 10 shows the box plots of DHI change values in the whole country and
seven climate regions under three warming scenarios. The national mean change
values of the DHI were 0.066, 0.102, and 0.133 for the 2, 3, and 4 °C warming
scenarios, respectively, and the national average increase values of DHI at 3 °C
and 4 °C warming levels reached 1.5 times and 2 times that at 2 °C warming level.
The national maximum, median, mean and range of the change values were the
smallest under the 2 °C warming scenario and the largest under the 4 °C warming
scenario. Combined with Figure 9 and Figure 10, we find that (1) the regional
mean, median, and maximum values of the variation values were all positive,
and only the minimum values of region C and the Qinghai-Tibet Plateau were
negative, indicating that the grids with decreasing DHI only appeared in these
two regions. (2) In terms of the regional means of the change values, the increase
values of regions F and E were the largest and were greater than the national
average, while the values of the other five regions were smaller than the national

average, and the smallest increase value was in region A, followed by region C.

(3) Comparing the three warming scenarios, the mean, median, and maximum
values of the change in each region increased with increasing warming level.
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Figure 10. Box plot of change values of DHI for the whole country and seven
climate regions under three warming scenarios.

5 Discussion

In this study, the DHI was constructed based on four drought characteristics,
namely, drought frequency, drought duration, drought intensity, and drought
peak, which can effectively integrate multiple characteristics of drought events
and thus comprehensively assess drought hazards. Previous studies used dif-
ferent data and drought indices, as well as different methods, to construct the
composite drought hazard index; therefore, the spatial and temporal patterns
of drought hazard may differ from the results of this study in detail. However,
the spatial and temporal characteristics of the drought from our study were
generally consistent with the results of previous studies. For example, based on
CMIP5 climate model data, Yao et al. (2020) predicted that drought would be-
come more frequent and severe across most of China in the future, and drought
frequency would decrease while drought severity would increase in northwestern
China. The results obtained by Su et al. (2021) using CMIP6 data showed that
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drought events in humid and semihumid regions of China would become more
frequent in the late 21st century, while drought events in arid and semiarid re-
gions were characterized by longer durations throughout the 21st century, and
drought intensity in the future would increase in almost all regions of China,
especially in northwest China. Ma et al. (2022) assessed the spatial and tempo-
ral patterns of drought in China based on CMIP6 data and found that China
would experience longer duration and higher intensity droughts in the future un-
der high emission scenarios. Gong et al. (2021) calculated the drought hazard
index integrating four subindicators that reflected drought duration, intensity
and frequency based on CMIP5 climate model data and predicted a significantly
increasing trend of drought in central and western China, especially in northern
Xinjiang Province, northwestern Gansu Province, and western Inner Mongolia,
which was basically consistent with our findings. Although previous studies
were conducted based on different climate scenarios without focusing on specific
warming levels, they all predicted the spatial distribution and change in future
drought characteristics in China, and the results were similar to those of this
study.

Although it has been suggested that precipitation in China will increase in the
future (Chen & Frauenfeld, 2014; Tian et al., 2021), which may ease drought,
the results of our study suggest that drought hazards in China will become
more severe overall in the future under global warming. Drought is influenced
by the mean and variability of precipitation (Ukkola et al., 2020), and an in-
crease in the mean value of precipitation does not necessarily lead to a decrease
in drought hazard. However, global warming leads to an increase in evapotran-
spiration, thus causing an increase in drought to some extent. In this study, the
drought hazard in the southeastern Qinghai-Tibet Plateau did not increase with
the increase in warming level, which suggested that the mechanism of drought
change of the Qinghai-Tibet Plateau in the context of global warming may be
quite different from that of other regions. Previous studies have shown that the
Qinghai-Tibet Plateau surface has experienced rapid warming and wetting as a
whole in recent years, which was related to differential heating of the elevated
region and its surroundings, as well as changes in local atmospheric circulations
(Gao et al., 2014; Yang et al., 2014). In addition, the melting of the cryosphere
might play an important role in drought variation by changing latent heat, sur-
face albedo and other variables that influence evapotranspiration (Gao et al.,
2015; Li et al., 2019). However, some studies suggest that climate model data
may underestimate the temperature and overestimate the precipitation in the
eastern Qinghai-Tibet Plateau (Lun et al., 2021; Su et al., 2013), so the reasons
for the change in future drought hazards in the Qinghai-Tibet Plateau need to
be further explored.

Drought risk depends not only on the hazard of drought but also on the number
and value of disaster-bearing bodies exposed to drought and their own vulner-
ability characteristics. The mean values of population and GDP from 2015 to
2100 for the three SSPs (SSP1, SSP2 and SSP5) are shown in Figure 11. The
population and GDP projections with a spatial resolution of 0.5°x0.5° under
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different SSPs are available at https://doi.org/10.57760/sciencedb.01683. The
dense population and high GDP in the eastern monsoon region of China result in
a large population and assets exposed to drought hazards, and thus, the increase
in drought hazard may have a great socioeconomic impact. Among the hotspots
with significantly increased drought hazard in eastern China, the southern part
of region A and the northern part of region B are the main production areas of
corn, peanuts and other crops, and the southeast coastal area of China is the
main production area of rice, so strengthening drought prevention and control
in these areas is of great significance to ensure food security in China. The pop-
ulation and GDP of northwest China are relatively small under the three SSPs,
which may result in relatively less socioeconomic risk to drought compared with
eastern China. However, as we predict a noticeable increase in drought hazard
in northwest China, more attention should also be paid to drought prevention
in this region in the future.
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Figure 11. Population and GDP projections in China averaged from 2015 to
2100 under three SSPs.

Finally, our research also had some uncertainties and limitations. First, in
terms of CMIP6 data selection, three commonly used climate scenarios, SSP1-
2.6, SSP2-4.5, and SSP5-8.5, were selected in this study, while only three climate
scenarios may not be representative enough due to the uncertainty of future cli-
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mate change, so more climate scenarios can be included in further studies to
provide more comprehensive reference information for future drought manage-
ment. Second, this study used the raw climate model outputs without bias
correction because bias correction does not correct the deficiencies of model
simulations in representing fundamental physical processes (Ayugi et al., 2021;
Ehret et al., 2012). In addition, the computation of the SPEI can act as an
indirect bias correction of all the relevant variables because the SPEI values
are standardized and drought events were identified using dimensionless thresh-
olds corresponding to specific probability values (Naumann et al., 2018). Third,
the SPEI drought index was used in this study, but it was reported that the
PET (potential evapotranspiration)-based drought indices may overestimate the
severity of drought under climate warming because the PET may be much higher
than the evapotranspiration and precipitation in nonhumid regions (G. Zhang
et al., 2021). It is recommended to work with multiple drought indices when
assessing drought because the use of a single index may not represent all as-
pects of the drought situation correctly (Bank, 2019). Therefore, it is necessary
to combine a number of drought indices to provide more insight into drought
hazards. Fourth, the normalization method to calculate DHI used in this study
was the maximum-minimum method, and the DHI for history and future ranged
from 0.16 to 0.52. Considering that there may be outliers in the data, we tried
to replace the minimum and maximum values with the 1st and 99th percentiles
for normalization, respectively, and the new DHI ranged from 0.12 to 0.89. The
range of the new DHI increased evidently relative to the original result, indi-
cating that replacing the extremums with percentiles can exclude the influence
of outliers to a certain extent. The new result of DHI was further divided into
eight hazard grades using the quantile method, and we found that the spatial
distribution of the new result (Figure 12) was basically the same as the original
result (Figure 6), which proved that the selection of the extremums for normal-
ization did not have an obvious effect on the spatial and temporal pattern of
the DHI.
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Figure 12. Spatial distribution of drought hazard grades after replacing the
extremums with percentiles for normalization.

6 Conclusions

Using the data of 18 climate models of CMIPG6, this paper determines the time
when each model reaches the temperature rise level of 2, 3 and 4 °C, calculates
the SPEI and four drought characteristic indicators, namely, drought frequency,
duration, intensity and peak, under the historical reference period and three
future temperature rise scenarios, and then constructs the drought hazard index
(DHI). The DHI of the historical reference period and the future 2, 3 and 4 °C
temperature rise scenarios were evaluated and compared. The main conclusions
are as follows:

(1) The four drought characteristic indicators have obvious spatial differentia-
tion. The drought frequency in the eastern monsoon region of China showed a
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spatial distribution of high in the south and low in the north, and the drought
frequency increases as the temperature rises. The drought frequency of the
Qinghai-Tibet Plateau and the northwest desert region first increased and then
decreased with increasing temperature. The drought duration, intensity and
peak at each period showed a spatial distribution of high in northwest China
and low in southeast China. The characteristic indicator values increased sig-
nificantly with increasing temperature.

(2) The DHI values in the northwest inland and southeast coastal areas of China
were higher, which corresponds to the larger drought duration, intensity and
peak values in the northwest inland areas and the larger drought frequency in
the southeast coastal areas. The largest regional mean of DHI was in the north-
west desert area, and the smallest was in the northeast humid and semihumid
temperate region. With the increase in temperature rise, the DHI in the whole
country and the seven climate regions was increasing, but the drought hazard
level in the southeast of the Qinghai-Tibet Plateau was significantly reduced
from 3 °C to 4 °C.

(3) Compared with the historical reference period, the DHI under the scenarios
of 2, 3 and 4 °C temperature increases in the future primarily increased in all
climate regions of China, except southeast of the Qinghai-Tibet Plateau. The
increase in DHI in the northwest desert area is the most obvious. Overall,
the change in the DHI relative to the historical reference period increases with
increasing temperature. The national average values of the increase in DHI
under the 3 °C and 4 °C temperature rise scenarios reached 1.5 times and 2
times that under the 2 °C temperature rise scenario, respectively.
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