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Abstract In this study, we identified heat index (HI)-based spatiotemporally contiguous 19 

heatwaves (HI-STHWs) in China based on meteorological observations and CMIP6 global 20 

climate model simulations. We analyzed the spatiotemporal patterns of changes in HI-STHWs 21 

in the past and future and quantitatively attributed these changes to anthropogenic activities. 22 

The results show that the duration, severity, average, maximum, and total impacted area of the 23 

annual strongest HI-STHWs during the present period of 1991–2014 are 1.77, 2.0, 1.05, 1.14, 24 

and 1.89 times the historical period of 1961–1990, respectively. In the fingerprint results, the 25 

anthropogenic greenhouse gases (GHG) signal is significantly detected, while the aerosol 26 

(AER) and natural (NAT) signals are not. GHG is the primary factor driving the intensification 27 

of HI-STHWs, which alone explains about 130%, 122%, 112%, 111%, and 114% of the above 28 

changes. The reason for GHG contribution exceeding 100% is that AER might have a negative 29 

contribution although nonsignificant. In the future warming climate, anthropogenic activities 30 

are projected to lead to more unprecedented HI-STHWs. Under the high emissions scenario of 31 

SSP585, by 2100, the annual strongest HI-STHW in China is projected to last almost the whole 32 

year and influence 96% regions of China in the most serious day. Meanwhile, its duration and 33 

total impacted area are 24.5 [17.2, 31.6] (90% confidence interval) and 107.2 [70, 129.9] times 34 

the preindustrial period. However, if the warming level could be limited to 2/1.5 °C, those 35 

values would be 3.4/5.4 and 8.2/16.2 times smaller than that under the SSP585 scenario by 36 

2100.  37 

 38 
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Plain Language Summary 41 

Heatwaves (HWs) are spatiotemporally contiguous events. However, previous studies often 42 

ignored the spatiotemporally contiguous property of HWs. In this study, we identified heat 43 

index (HI)-based spatiotemporally contiguous heatwaves (HI-STHWs) in China using a 44 

modern spatiotemporal clustering algorithm. We analyzed the spatiotemporal patterns of 45 

changes in HI-STHWs in the past and future and investigated the behind reasons. From 1961 46 

to 2014, the duration, severity, average, maximum, and total impacted area of the annual 47 

strongest HI-STHWs increased significantly. Attribution analysis results show that 48 

anthropogenic greenhouse gases are the primary factor driving the intensification of HI-49 

STHWs. In the future warming climate, more unprecedented and deadly HI-STHWs will occur. 50 

Under the business-as-usual developing scenario, by 2100, the total impacted area of the annual 51 

strongest HI-STHWs will be 206.2 times that in the preindustrial period. However, if the 52 

warming level could be limited to 2/1.5 °C, this value is 8.2/16.2 times smaller. Our findings 53 

call for urgent action to cut greenhouse gas emissions and control the warming level, which 54 

can reduce the impact of HI-STHWs efficiently. 55 

 56 

Key Points 57 

⚫ GHG is the primary factor driving the intensification of heat index-based spatiotemporally 58 

contiguous heatwave events (HI-STHWs) 59 

⚫ Under the SSP585 scenario, HWD and HWAsum are 24.5 [17.2, 31.6] and 107.2 [70, 129.9] 60 

times the preindustrial period 61 

⚫ If the warming level could be limited to 2/1.5 °C, HWAsum  would be 8.2/16.2 times 62 

smaller than that under the SSP585 scenario by 2100 63 

  64 
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1. Introduction 65 

Heatwaves (HWs) are typically defined as periods in which the near-surface air 66 

temperature (𝑇) exceeds a certain threshold for no less than three days (Perkins, 2015; You et 67 

al., 2017). HWs can pose severe threats to many aspects of society and ecosystems, such as 68 

public health (McMichael et al., 2006; Zhang et al., 2023), crop production (Yuan et al., 2016), 69 

energy supply (Larcom et al., 2019), and ecosystem security (Frölicher et al., 2018a). 70 

Compared with 𝑇-based HWs, heat index (𝐻𝐼)-based HWs are more closely related to human-71 

perceived heat, morbidity and mortality (Fischer & Knutti, 2013; Kong et al., 2020; C. Li et al., 72 

2020; J. Li et al., 2018; Mora et al., 2017; Russo et al., 2017), as the 𝐻𝐼 additionally considers 73 

the influence of relative humidity (𝑅𝐻) on the body’s ability to cool itself through perspiration 74 

(Rothfusz & Headquarters, 1990). 75 

Heatwaves (HWs) are spatiotemporally contiguous events. However, many studies have 76 

analyzed HW characteristics only at the station or grid point level, often ignoring the fact that 77 

HWs are spatiotemporally contiguous events. HWs can be vast in space and last for a long 78 

period. For example, the 2013 summer HW event in central and eastern China lasted for more 79 

than 30 days (S. Ma et al., 2017; Sun et al., 2014) and covered most regions of the Yangtze 80 

River basin. The 2015 summer HW in western China lasted for approximately 60 days and 81 

covered an area of approximately 753,000 km2 (Sun, Song, et al., 2016). HWs can also migrate 82 

from one region to another and merge or split over time during their development and 83 

conclusion. Taking the 2013 summer HW as an example (Fig. S5), on August 6, the HW 84 

originated in the northern region of China. By August 12, the intensity of the heatwave 85 

escalated in Qinghai and Tibet, eventually merging into a unified HW that collectively baked 86 

the Yangtze River Basin. After August 18, it entered a declining phase, with the HW's influence 87 

shifting westward and gradually diminishing.  88 
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Understanding the changing characteristics of spatiotemporally contiguous heatwaves 89 

(STHWs) can provide new insight into how HWs will change under a warming climate. Some 90 

researchers have paid attention to changes in STHWs in the past and future. Lo et al. (2021) 91 

developed an objective spatial and temporal connectivity algorithm to track STHWs over 92 

global terrestrial areas during 1979–2018 based on reanalysis data. From a regional perspective, 93 

Luo et al. (2022a) indicated that China experienced more frequent, intenser, longer-lasting, and 94 

more widespread STHWs during 1961–2018. (Keellings & Moradkhani, 2020) found a 95 

considerable increase in a spatial metric combining the frequency, magnitude, duration, and 96 

areal extent of STHWs in the United States during 1981–2018. In addition to these historical 97 

changes in STHWs, Lyon et al. (2019) projected an increase in the areal extent of STHWs in 98 

the United States under future warming. Vogel et al. (2020) also projected more frequent 99 

STHWs globally and pointed out that thermodynamic factors strongly contribute to the increase 100 

in global climate model (GCM)-simulated STHWs. However, these studies mainly focused on 101 

𝑇-based STHWs. Although 𝐻𝐼-based STHWs (abbreviated HI-STHWs hereafter) provide a 102 

better characterization of HWs as felt by humans, there is still limited understanding of the past 103 

occurrences and future changes of HI-STHWs. Previous studies have indicated with high 104 

confidence that global warming is accompanied by a strong reduction in 𝑅𝐻 (Fischer & Knutti, 105 

2013), and the joint impact of 𝑅𝐻 reduction and warming will lead to more unprecedented 106 

HWs (Dunne et al., 2013). Hence, the analysis of 𝐻𝐼-STHWs is likely to provide different 107 

findings relative to the analysis of 𝑇-based STHWs. 108 

Detection and attribution techniques have become increasingly mature in the past two 109 

decades (Allen & Stott, 2003; Y. Li et al., 2021; Ribes & Terray, 2013). The signal of 110 

anthropogenic activities has been significantly detected in the increase in HWs (Christidis et 111 

al., 2015; Kong et al., 2020; C. Li et al., 2020; Seong et al., 2021; Stott et al., 2004; Sun et al., 112 

2014) during the last few decades based on optimal fingerprint methods (Allen & Stott, 2003; 113 
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Ribes & Terray, 2013). However, to our knowledge, all HW detection and attribution analyses 114 

have focused on traditional HW characteristics at the station or grid point level, and 115 

corresponding analyses of STHWs from a three-dimensional (3D) perspective are still lacking. 116 

Although previous studies have revealed increases in the areal extent and frequency of STHWs 117 

in the historical warming climate, suggesting that these increases may be driven by global 118 

warming (Luo et al., 2022a; Lyon et al., 2019), there is no quantitative evidence supporting 119 

whether the signal of anthropogenic activities can be detected in the changes in STHWs. 120 

In this study, we identify HI-STHWs in China using a modern spatiotemporal clustering 121 

algorithm. Then, we address the following questions: 122 

⚫ What are the changes in the characteristics of HI-STHWs in China in the past and 123 

future? 124 

⚫ Is there a signal of anthropogenic emissions in the historical changes in the 125 

characteristics of HI-STHWs? 126 

⚫ If so, what is the relative contribution of anthropogenic activities to these changes? 127 

To answer these questions, (1) we investigate the patterns of changes in HI-STHW 128 

characteristics in the historical period; (2) employ the regularised optimal fingerprint method 129 

(Ribes & Terray, 2013) to detect anthropogenic signals and attribute anthropogenic 130 

contributions based on meteorological observations and the Coupled Model Intercomparison 131 

Project Phase 6 (CMIP6) GCM-simulated HI-STHWs; and (3) finally present the future 132 

evolution of HI-STHWs under two representative shared socioeconomic pathways (SSPs), 133 

SSP126 and SSP585 (Fig. 1). This study seeks to help understand the anthropogenic 134 

contribution to increases in HI-STHWs and the future evolution and spatiotemporal 135 

characteristics of HI-STHWs under different development paths and warming levels in the 136 

future warming climate. 137 
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 138 

Fig. 1. The framework of this study. Details of temporal and spatial characteristic indexes can be found in 139 

Table 2. 140 

2. Data and Methods 141 

2.1 Data 142 

2.1.1 Observed gridded daily meteorological data 143 

In this study, the daily maximum heat index (𝐻𝐼𝑚𝑎𝑥 ) was used to identify HI-STHW 144 

events. Usually, 𝐻𝐼𝑚𝑎𝑥 is corresponding to the daily maximum air temperature (𝑇𝑚𝑎𝑥) and the 145 

daily minimum relative humidity (𝑅𝐻𝑚𝑖𝑛 ). 𝑇𝑚𝑎𝑥  and 𝑅𝐻𝑚𝑖𝑛  are used to calculate 𝐻𝐼𝑚𝑎𝑥 146 

(section 2.2). But for the observed meteorological data, we only have the daily 𝑇𝑚𝑎𝑥 and daily 147 

mean relative humidity (𝑅𝐻𝑚𝑒𝑎𝑛). Fig. S2 shows that daily 𝑅𝐻𝑚𝑒𝑎𝑛  derived 𝐻𝐼𝑚𝑎𝑥  has a 148 

substantial positive bias, especially for the summer and Southern humid region (e.g., 149 

Guangzhou), which indicates that we can’t use the daily 𝑅𝐻𝑚𝑒𝑎𝑛 and 𝑇𝑚𝑎𝑥 directly for the 150 

calculation of 𝐻𝐼𝑚𝑎𝑥. Compared with air temperature strongly influenced 𝑅𝐻, 𝑞, as well as 151 

actual vapor pressure (𝑒𝑎), can be regarded as a constant within a day (Fig. S1). By assuming 152 
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𝑞 and 𝑒𝑎 as constant, daily 𝑅𝐻𝑚𝑖𝑛 can be derived by daily mean air temperature (𝑇𝑚𝑒𝑎𝑛), 𝑇𝑚𝑎𝑥, 153 

and 𝑅𝐻𝑚𝑒𝑎𝑛 (Eqs. 1-2). Although this assumption cannot be strictly satisfied, it has already 154 

significantly reduced the errors of 𝐻𝐼𝑚𝑎𝑥 calculation (see details in supplementary Text S1 155 

and Figs S1, S2). 156 
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where 𝑒𝑠(𝑇) is the saturated vapor pressure (in kPa) under the air temperature 𝑇 (in °C).  159 

The observed daily 𝑇𝑚𝑎𝑥 and 𝑇𝑚𝑒𝑎𝑛 were obtained from the CN05.1 dataset (Wu & Gao, 160 

2013, https://ccrc.iap.ac.cn/resource/detail?id=228), which has a resolution of 0.25°×0.25° 161 

and covers the period 1961–2021. Previous studies have revealed that unhomogenized 𝑅𝐻 162 

data can lead to a false decreasing trend of 𝐻𝐼 values in South China (Freychet et al., 2020; Li 163 

et al., 2020). To avoid this problem, we used the homogenized 𝑅𝐻𝑚𝑒𝑎𝑛 from ChinaRHv1.0 164 

dataset (Li et al., 2020), which has 746 stations on the Chinese mainland during 1960–2017. 165 

We interpolated ChinaRHv1.0 into 0.25°×0.25° cells using the same method as CN05.1 (Wu 166 

& Gao, 2013), namely, the thin-plate spline method and the angular distance weighting method, 167 

for climatology and anomaly interpolation, respectively. The sum of the interpolated 168 

climatology and anomaly results in the final gridded 𝑅𝐻𝑚𝑒𝑎𝑛 dataset. For consistency with the 169 

length of CMIP6 simulations in the historical scenario, we used only 𝑇𝑚𝑎𝑥 and 𝑅𝐻𝑚𝑒𝑎𝑛 data 170 

from the period of 1961–2014. 171 

 172 

2.1.2 Coupled Model Intercomparison Project Phase 6 (CMIP6) data 173 

CMIP6 data is accessed at https://esgf-node.llnl.gov/esg-search/search. For CMIP6 GCMs 174 

data, gridded daily 𝑇𝑚𝑎𝑥 and 𝑞 were used to calculate 𝐻𝐼𝑚𝑎𝑥. Their variable names in CMIP6 175 

https://ccrc.iap.ac.cn/resource/detail?id=228
https://esgf-node.llnl.gov/esg-search/search


   

9 

are 𝑡𝑎𝑠𝑚𝑎𝑥 and ℎ𝑢𝑠𝑠, respectively. Similar to the observed data, we derived 𝑅𝐻𝑚𝑖𝑛 by Eq. 3 176 

under the same assumption that 𝑞 and 𝑒𝑎 can be regarded as a constant within a day. 177 

 min max, / ( ),
0.622 0.378

a
a a s

qP
e RH e e T

q
= =

+
 (3) 178 

where 𝑃𝑎  is the air pressure, which is an insensitive variable (Fig. S3) and is treated as a 179 

constant value of 101.325 kPa here. After that, 𝑇𝑚𝑎𝑥 and 𝑅𝐻𝑚𝑖𝑛 are used to calculate 𝐻𝐼𝑚𝑎𝑥. 180 

In the historical period (1961–2014), we used CMIP6 simulations of multiple scenarios to 181 

detect the signal of anthropogenic activities, including historical forcing (anthropogenic and 182 

natural forcings, ALL), greenhouse gas forcing only (GHG), aerosol forcing only (AER), and 183 

natural forcing only (solar and volcanic combined, NAT). Furthermore, unforced preindustrial 184 

control (piControl) runs were used to quantify the internal variability (Ribes et al., 2013; Ribes 185 

& Terray, 2013). In the future period (2015–2100), we used the simulations of two differing 186 

SSPs, SSP126 and SSP585, to illustrate the potential future evolution and spatial distribution 187 

of HW characteristics at different warming levels. SSP126 and SSP585 are two representative 188 

development pathways. They correspond to low-emission and high-emission development 189 

pathways, respectively, where the 2100 radiative forcing reaches 2.6 𝑊 𝑚−2 and 8.5 𝑊 𝑚−2 190 

with respect to the preindustrial level (Meinshausen et al., 2020). As in previous studies (Chen 191 

& Sun, 2017; Kong et al., 2020), we used only the first ensemble of the CMIP6 simulation runs 192 

(“r1i1p1f1”) to conduct our analyses. Even though only the “r1i1p1f1” realization was used, 193 

ample simulations exist to conduct fingerprint analysis (Ribes & Terray, 2013). There are 18 194 

𝑝𝑖𝐶𝑜𝑛𝑡𝑟𝑜𝑙 GCMs, which altogether consist of 9,396 years of simulations and 174 54-year 195 

chunks (Table 1). All CMIP6 simulations were interpolated to the same 1°×1° grid using the 196 

bilinear interpolation. After that, we used the delta quantile mapping (QDM) method to correct 197 

systematic biases in GCMs simulations for all scenarios (details can be found in supplementary 198 
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Text S2). The QDM method is designed to protect relative changes in quantiles, has a good 199 

performance in extreme climate events studies (Cannon, et al., 2015).  200 

Table 1 List of GCM simulations used in this study. Here, “1” indicates that the simulations are available in 201 
the corresponding GCM; the number in the “piControl” row indicates the number of 54-year chunks in the 202 
corresponding GCM. 203 

Model ALL GHG AER NAT piControl SSP126 SSP585 

ACCESS-CM2 1 1 1 1 8 1 1 

ACCESS-ESM1-5 1 1 1 1 18 1 1 

CMCC-ESM2 1    8 1 1 

E3SM-1-0 1  1  8  1 

E3SM-2-0 1 1 1 1 8   

EC-Earth3 1    8 1 1 

EC-Earth3-CC 1    8  1 

FGOALS-f3-L 1    10   

FGOALS-g3 1 1 1 1  1 1 

GFDL-CM4 1   1 8  1 

GFDL-ESM4 1 1 1 1 8 1 1 

IITM-ESM 1     1  

INM-CM4-8 1    8 1 1 

INM-CM5-0 1    22 1 1 

KIOST-ESM 1    8 1 1 

MIROC6 1 1 1 1 8 1 1 

MPI-ESM-1-2-HAM 1    14   

MPI-ESM1-2-HR 1    8 1 1 

MRI-ESM2-0 1 1 1 1 2 1 1 

NorESM2-MM 1     1 1 

SAM0-UNICON 1    12   

Total models 21 7 8 8 18 14 16 

 204 

2.2 Detection of HI-STHWs 205 

The extraction of HI-STHWs is based on 𝐻𝐼 , which is calculated using the Rothfusz 206 

regression (J. Li et al., 2018; Luo & Lau, 2018; Rothfusz & Headquarters, 1990): 207 
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=
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, (4) 208 

where 𝑇 is the surface air temperature (in °C) and 𝑅𝐻 is the relative humidity (in %), 209 

( , )HI T RH  is the function to calculate 𝐻𝐼 (in °C).  210 
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Eq. 4 will fail if HI ≤ 26. 7℃ (J. Li et al., 2018; Luo & Lau, 2018; Rothfusz & 211 

Headquarters, 1990). Further adjustments should be applied when 𝑅𝐻 < 13% and 26.7°C < 𝑇 212 

< 44.4°C or 𝑅𝐻 > 85% and 26.7°C < 𝑇 < 30.6°C 213 

(https://www.wpc.ncep.noaa.gov/html/heatindex_equationbody.html): 214 

1.8 63
1 , ( 13% and 26.7    44.4 )

17

(11 0.36 ), ( 85% and

,

 26.7    30.
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( 85)
6 )
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− 

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℃ ℃

(5) 215 

It should be noted that we used daily 𝑇𝑚𝑎𝑥  and 𝑅𝐻𝑚𝑖𝑛  to calculate the daily maximum 𝐻𝐼 216 

(𝐻𝐼𝑚𝑎𝑥, Eq. 6). 217 

 max max min( , )HI HI T T RH RH= = = , (6) 218 

We used the spatiotemporal clustering algorithm of ( Samaniego et al., 2013) 219 

(https://git.ufz.de/chs/progs/SMI/-/blob/main/src/mo_smi_drought_evaluation.f90) to detect 220 

HI-STHWs. This clustering algorithm was initially proposed to identify soil moisture droughts 221 

( Samaniego et al., 2018; Samaniego et al., 2013). It considers merging and splitting processes 222 

in the development and conclusion stages of spatiotemporal events reasonably. Compared with 223 

other spatiotemporal clustering algorithms, the method has two specific parameters 𝑛𝑐𝑜𝑛𝑛𝑒𝑐𝑡 224 

and 𝑛𝑜𝑣𝑒𝑟𝑙𝑎𝑝 to control the connected HW grids in the space and the overlapped grids over 225 

successive time steps (Fig. S4). In this method, HI-STHWs are identified by the following steps 226 

(Fig. S4): 227 

(1) Grids experiencing HWs are identified when the corresponding 𝐻𝐼  ≥ threshold (𝑇𝑅𝑆). 228 

Song et al. (2022) revealed that threshold methods (e.g., the fixed threshold) that do not 229 

consider seasonal variations will weaken the continuity of HI exceedance and 230 

underestimate the increasing rate of STHW. In this study, we used a seasonally varying 231 

𝑇𝑅𝑆. For each grid, on the ith day of the year (doyi, doyi=1, …, 366), 𝑇𝑅𝑆𝑖 is calculated as 232 

the 95% quantile of all 𝐻𝐼 values over a 15-day window centered over the current doyi from 233 

https://www.wpc.ncep.noaa.gov/html/heatindex_equationbody.html
https://git.ufz.de/chs/progs/SMI/-/blob/main/src/mo_smi_drought_evaluation.f90
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1961–1990 (30 × 15=450 values). The dimensions of 𝐻𝐼  and 𝑇𝑅𝑆  are 234 

[longitude×latitude×time] and [longitude×latitude×doy], respectively. It should be noted 235 

that HW in this study refers to HI being relatively higher with respect to the climatology, 236 

other than exceeding a fixed threshold that becomes intolerable for humans. 237 

(2) Spatially contiguous (edge-adjacent, 4-connected) HW grids are consolidated as one spatial 238 

HW event. Because small isolated HWs are usually unable to develop into regional and 239 

long-lasting spatiotemporal events, spatial HW events with connected HW grids of less 240 

than 𝑛𝑐𝑜𝑛𝑛𝑒𝑐𝑡 are eliminated, where 𝑛𝑐𝑜𝑛𝑛𝑒𝑐𝑡 equals 16 and 4 for 0.25°×0.25° and 0.5°×0.5° 241 

grids, respectively (approximately 10,000 km2) (Samaniego et al., 2013; Wei et al., 2021). 242 

(3) Because the spatial extent and variability of an extreme HI-STHW can be vast (Luo, et al., 243 

2022a; F. Ma et al., 2022), different HW events can merge or split over time in the 244 

development and conclusion stages. We further consolidate spatial HW events over 245 

successive time steps as one HI-STHW. The only condition for consolidation is that the 246 

overlapped grid ≥ 𝑛𝑜𝑣𝑒𝑟𝑙𝑎𝑝. For 𝑛𝑜𝑣𝑒𝑟𝑙𝑎𝑝, we use the same threshold as 𝑛𝑐𝑜𝑛𝑛𝑒𝑐𝑡. The grids 247 

from the same HI-STHW event are flagged with the same HW ID (ID = year*1,000+𝑖𝐻𝑊, 248 

where 𝑖𝐻𝑊 represents the order of identified HI-STHW events in the current year). For 249 

example, the ID 2012,002 refers to the second HI-STHW event in 2012. For grids that are 250 

not HI-STHWs, IDs are set to -9999. Finally, IDs are stored in a 3D array 𝑐𝑙𝑢𝑠𝑡𝑒𝑟𝐼𝐷 (with 251 

the exact dimensions as the input data 𝐻𝐼, namely, [longitude×latitude×time]). 252 

Moreover, we rewrote the original Fortran version spatiotemporal clustering algorithm of 253 

(Samaniego et al., 2013) in the Julia language (Bezanson et al., 2017), improving its computing 254 

efficiency and reducing the memory consumed by the disjoint set algorithm 255 

(https://en.wikipedia.org/wiki/Disjoint-set_data_structure). The new Julia version is 256 

approximately 30~50 times faster. Computing HI-STHWs for one GCM with a 0.5°×0.5° grid 257 

and a daily scale during 1851–2014 takes only a few minutes to complete. Fig. S5 shows a case 258 

https://en.wikipedia.org/wiki/Disjoint-set_data_structure
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of the observed annual strongest HI-STHW event in 2013, which can illustrates the correctness 259 

of this algorithm. 260 

2.3 Characteristics of HI-STHWs 261 

For each HI-STHW event, we quantified its characteristics using six indices (Table 2): 262 

HW duration (HWD), HW intensity (HWI), HW severity (HWS), average HW-impacted area 263 

(HWA𝑎𝑣𝑔 ), maximum HW-impacted area (HWA𝑚𝑎𝑥 ) and sum of the HW-impacted area 264 

(HWA𝑠𝑢𝑚). At the event scale, we focused only on the annual strongest HI-STHW, as indicated 265 

by the largest HWS𝑠𝑢𝑚 (Table 2 for details), to study the pattern of changes in the HI-STHW 266 

characteristics in the past and future. At the event scale, HI-STHW characteristics were 267 

spatially aggregated by grids, so only the temporal variation information was left, and spatially 268 

distributed information was lost. 269 

We were also concerned with the spatial distribution of HI-STHW events, such as 270 

understanding where the worst HI-STHWs occur the most frequently. Hence, we further 271 

quantified HI-STHW characteristics at the grid scale to represent their spatial information using 272 

four additional indices for each grid (Table 2): HWD (duration, days impacted by HI-STHW 273 

events), HWI (intensity, maximum 𝐻𝐼 exceedance during HI-STHW days), HWS (severity, 274 

accumulated 𝐻𝐼 exceedance during HI-STHW days), and HWF (frequency, the number of HI-275 

STHW events). These four indices were calculated in each grid cell for each year. Separately 276 

from the event-scale indices, we considered all the HI-STHW events, namely, all pixels flagged 277 

with a valid HW ID (ID≠ -9999), to calculate grid-scale characteristics. If we took only the 278 

annual strongest HI-STHW event into account, due to the asymmetric spatial distribution of a 279 

given HI-STHW, many regions are not impacted by a given HI-STHW; hence, no valid HW 280 

characteristics would be present in these regions. 281 
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Table 2 Indices of HI-STHW characteristics at the event and grid scales. At the event scale, only the annual strongest HI-STHW is selected, where 𝑑 is the HI-STHW 282 
duration, the subscript 𝑖 corresponds to the ith grid in space, 𝑡 corresponds to the time, and 𝑡𝑠𝑡𝑎𝑟𝑡 and 𝑡𝑒𝑛𝑑 are the beginning and ending times of the HI-STHW. Some 283 
of those indexes were borrowed from Luo et al. (2022a). At the grid scale, all HI-STHWs are included, where 𝑘 corresponds to the kth HI-STHW event and 𝑛 is the 284 
total number of HI-STHW events that have occurred on the grid. 𝐻𝐼𝑖,𝑡 is the heat index, 𝑇𝑅𝑆𝑖,𝑡 is the seasonally varying 95% quantile threshold, and 𝐴𝑖,𝑡 is the grid 285 
area. [ ]+  is the positive part function, [𝑥]+ = max(𝑥, 0) . We selected the annual strongest HI-STHW by a comprehensive index 𝐻𝑊𝑆𝑠𝑢𝑚 , 𝐻𝑊𝑆𝑠𝑢𝑚 =286 
∑ (∑ 𝐴𝑖[𝐻𝐼𝑖,𝑡 − 𝑇𝑅𝑆𝑖,𝑡]

+𝑖 )
𝑡=𝑡𝑒𝑛𝑑
𝑡=𝑡𝑠𝑡𝑎𝑟𝑡

, which considers the intensity, duration and impacted area of HI-STHWs simultaneously. 287 

Scale Purpose Index Name Formula Description 

Event-

scale 

Show the temporal 

characteristics of the 

annual strongest HI-

STHW 

(used in Figs. 2, 3, and 

5-8) 

HWD Duration (day) 
start

HWD 1
=

= 
endt

t t

 
The time interval between the 

beginning and ending time of 

HI-STHW. 

HWI Intensity (°C) 
start

, , ,

,

[ ]1
HWI

+

=

−
=






end
i t i t i ti

t i

t

t i t

A HI TRS

d A
 Mean of the daily area-weighed 

𝐻𝐼 exceedance. 

HWS Severity (°C·day) 
start

, ,[ ]
HWS

+

=

−
=






end

t

i i t i ti

t i

t

i

A HI TRS

A
 Sum of the daily area-weighed 

𝐻𝐼 exceedance 

HWAavg 
Average of impacted area 

(106𝑘𝑚2) 
start

avg ,HWA
=

=  
end

t

t

t

i ti
A  Mean of the daily HI-STHW-

impacted areas. 

HWAmax 
Maximum of impacted area 

(106𝑘𝑚2) max ,HWA max ( )= t i ti
A  Maximum of the daily HI-

STHW-impacted areas. 

HWAsum 
Sum of impacted area 

(106𝑘𝑚2) 
start

sum ,HWA
=

=  
end

t

t

t

i ti
A  Sum of the daily HI-STHW-

impacted areas. 

Grid-

Scale 

Show the spatial 

characteristics of all HI-

STHWs in each year 

(used in Figs. 4 and 9) 

HWD Duration (day) 

end, k

start, k1

H ( 1)WD
= =

= 
tn

k t t

 Days with HI-STHW events.  

HWF Frequency (times) 
1

HWF 1
=

=
n

k

 
The number of HI-STHW 

events 

HWI Intensity (°C) , ,HWI max([ ] )+= −i t i tHI TRS  Maximum 𝐻𝐼 exceedance 

HWS Severity (°C·day) 

end, k

start, k

, ,

1

HWS ( [ ] )+
= =

= − 
tn

i t i t

k t t

HI TRS  Accumulated 𝐻𝐼 exceedance. 

288 
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2.4 Detection and attribution method 289 

Regularised optimal fingerprinting (ROF) is employed to detect and attribute anthropogenic 290 

contributions to the changes in HI-STHW characteristics (Ribes et al., 2013). The separate 291 

contributions of external forcing factors, i.e., ALL, GHG, AER, and NAT, are quantified. ROF 292 

is an extension of traditional ordinary least squares (Allen & Tett, 1999) and total least squares 293 

(Allen & Stott, 2003) optimal fingerprinting. ROF outperforms OLS and TLS methods in 294 

estimating the internal climate variability covariance matrix. Meanwhile, ROF does not need 295 

empirical orthogonal projections and avoids the problem of arbitrary selection of the 𝑘 leading 296 

empirical orthogonal functions. ROF has been widely used to detect and attribute anthropogenic 297 

contributions to changes in extreme events, such as extreme temperature (Kim et al., 2016; Sun, 298 

Zhang, et al., 2016), extreme precipitation (Kirchmeier-Young & Zhang, 2020), and extreme 299 

Arctic sea ice extent (Kirchmeier-Young et al., 2017). Similar to TLS, ROF considers the 300 

sampling uncertainties both in the observations 𝑌 and in the simulated signals 𝑋: 301 

 0

1

( )
m

i i i

i

Y x v  
=

= − + , (7) 302 

 trend
i ix i xC n=    (8) 303 

where 𝑌 is the rank‐𝑛 vector of observations, 𝑥𝑖 is the climate model‐simulated signal under the 304 

ith external forcing (ALL, GHG, AER, or NAT), and 𝛽𝑖 is the corresponding scaling factor of the 305 

signal 𝑥𝑖. 𝑣𝑖 is the noise in 𝑥𝑖, 𝜀𝑜 is the noise in 𝑌, and 𝑚 is the number of signals. A fingerprint 306 

signal is detectable if its scaling factor is positive and its 90% uncertainty range excludes zero 307 

(Y. Li et al., 2021; Ribes et al., 2013; Ribes & Terray, 2013). Interested readers can find the 308 

detailed calculation procedure of the scaling factor’s uncertainty in Appendix 3 of Ribes et al. 309 

(2013). The attributable changes to external forcing can be quantified using Eq. (8), where 𝐶𝑥𝑖
 is 310 

the estimated attributable changes to external forcing 𝑥𝑖, trend𝑥𝑖
 is the Sen’s slope trend of 𝑥𝑖 311 

during 1961–2014 (Kong & Song, 2022; Sen, 1968), and n is the length of the year over 1961–312 

2014 (i.e., 54). We employed both one-signal ( 𝑚 = 1 ) and two-signal ( 𝑚 = 2 ) optimal 313 
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fingerprint analysis. The former was used to indicate whether one signal can be detected in 𝑌; 314 

the latter is used to indicate whether two signals (e.g., GHG and NAT) can be separated from 315 

each other (Gu et al., 2019; Kong et al., 2020; J. Liu et al., 2021). 316 

In this study, we conducted ROF mainly based on the HI-STHW characteristics at the event 317 

scale in the historical period of 1961–2014. The input data for ROF were prepared as follows: (1) 318 

The daily 𝑇 and 𝑅𝐻 of the CMIP6 GCM simulation were interpolated into 0.5°×0.5° grids. (2) 319 

The 𝐻𝐼  was calculated, HI-STHW events were identified, and HI-STHW temporal 320 

characteristics were evaluated at the event scale for each model and each scenario. (3) Noise data 321 

were prepared using 𝑝𝑖𝐶𝑜𝑛𝑡𝑟𝑜𝑙 simulations. The 𝑝𝑖𝐶𝑜𝑛𝑡𝑟𝑜𝑙 simulations from the available 18 322 

GCMs were divided into 108-year chunks (twice the length of 1961–2014). Each of the 108-year 323 

chunks was equally divided into two parts, 𝑛𝑜𝑖𝑠𝑒1 and 𝑛𝑜𝑖𝑠𝑒2. The former was used to estimate 324 

the covariance matrix of internal variability (namely noise1 was regarded as vi in Eq. 7), and the 325 

latter was used to test the residual consistency. Readers can find more details in the section 3.1 326 

of Allen & Stott (2003). There were 9,396 years 𝑝𝑖𝐶𝑜𝑛𝑡𝑟𝑜𝑙  simulations, which were finally 327 

divided into 87 54-year chunks for 𝑛𝑜𝑖𝑠𝑒1 and 𝑛𝑜𝑖𝑠𝑒2. (4) Similar to previous studies (Gu et al., 328 

2019; Sun, Zhang, et al., 2016), a 5-year nonoverlapping mean was applied to suppress natural 329 

internal variability for observed signal 𝑌, simulated signals 𝑋, and 𝑛𝑜𝑖𝑠𝑒1 and 𝑛𝑜𝑖𝑠𝑒2. Hence, 330 

the HI-STHW temporal characteristic signals from 1961–2014 were aggregated into ten 5-year 331 

nonoverlapping means and one 4-year mean (11 values in total). After this step, all inputs of the 332 

ROF (i.e., 𝑋, 𝑌, 𝑛𝑜𝑖𝑠𝑒1, and 𝑛𝑜𝑖𝑠𝑒2) were prepared and ready for fingerprint analysis. 333 

 334 

 335 

 336 
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3. Results 337 

3.1 Historical Characteristics of HI-STHW Events 338 

 339 

Fig. 2. Taylor diagram showing the performance of CMIP6 ALL simulations in the HI-STHW characteristics 340 

of the annual strongest HI-STHW event during 1961-2014. The brown dashed lines indicate the root mean 341 

square error (RMSE) between the observed and simulated; the grey lines indicate the Pearson correlation (𝑅). 342 

CMIP6 simulations was bias-corrected by the QDM method. Additionally, an 11-year moving window was 343 

applied for both the observed and simulated HI-STHW characteristics to suppress interannual fluctuations 344 

caused by internal climate variability. 345 

It can be seen from Fig. 2 that the bias-corrected CMIP6 GCMs have a good performance in 346 

most HI-STHW indexes, including HWD, HWS, 𝐻𝑊𝐴𝑚𝑎𝑥, 𝐻𝑊𝐴𝑠𝑢𝑚, with a large number of 347 

models 𝑅 > 0.8 and 𝑅𝑀𝑆𝐸 <  1 standard deviation of the observed. Compared with CMIP6 348 

simulations without bias correction (Fig. S6), the 𝑅 is almost the same, but the RMSE is reduced 349 

many times. Meanwhile, the performance of 𝐻𝑊𝐴𝑎𝑣𝑔 is weaker than 𝐻𝑊𝐴𝑚𝑎𝑥  and 𝐻𝑊𝐴𝑠𝑢𝑚, 350 

the performance of HWI is the lowest. As for HWI, because HWI has no significant trend in the 351 

last decades (Fig. 3), HWI is not the key point of our study, hence the lower performance of HWI 352 

has very limited impact in the subsequent analysis. 353 



   

18 

 354 

Fig. 3. Annual variation in HI-STHW characteristics in the observations (OBS) and CMIP6 ALL simulations 355 

during 1961–2014. HI-STHW characteristics were calculated at the event scale (Table 2). For each year, we 356 

only select the annual strongest event, indicated by the largest HWS𝑠𝑢𝑚. The red shading represents the 10%-357 

90% interval of CMIP6 GCMs. The thin black and red lines represent the HI-STHW characteristics of the OBS 358 

and CMIP6 multimodel ensemble means, respectively. The thick lines represent the linear trend estimated by 359 

Sen’s slope. The values of the trends are labeled at the top of each subplot. The symbols “*” and “**” indicate 360 

slopes that are significant at the 0.05 and 0.01 levels, respectively, while “-” represents slopes that are 361 

nonsignificant. Slope uncertainties (the value after the symbol “±”) are estimated as the standard deviation of 362 

1,000 bootstrapping samplings for OBS and the standard deviation among CMIP6 GCMs for ALL. The 363 

bootstrapping slope uncertainty is calculated by the 𝑠𝑙𝑜𝑝𝑒_𝑏𝑜𝑜𝑡 function of the R package rtrend (Kong & 364 

Song, 2022). 365 

Fig. 3 shows the annual variation in the characteristics of the annual strongest HI-STHW 366 

event based on the observations (OBS) and CMIP6 ALL simulations from 1961 to 2014. For the 367 

observed HI-STHWs, we find that the annual HWD, HWS, HWA𝑎𝑣𝑔, HWA𝑚𝑎𝑥 and HWA𝑠𝑢𝑚 368 

increase significantly, with values of 2.25±0.76 days/decade, 4.38±1.29 °C·day/decade, 369 

(0.04±0.04)×106 km2/decade, (0.18±0.11)×106 km2/decade and (4.68±1.39)×106 km2/decade, 370 

respectively. Although the climate is warming, the HWI remained relatively stable during 1961–371 

2014. Because the expanded area and extended duration of HI-STHW dilute the potential 372 

intensification of the HWI (Perkins-Kirkpatrick & Lewis, 2020). For the historical period (1961–373 

1990), HWD, HWS, HWA𝑎𝑣𝑔 , HWA𝑚𝑎𝑥  and HWA𝑠𝑢𝑚  have mean values of 12.4 days, 374 

17.7 °C·day, 1.61 ×106 km2, 3.43×106 km2, and 19.30×106 km2 per year, respectively. For the 375 
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recent period (1991–2014), these values are approximately 1.77, 2.0, 1.05, 1.14, and 1.89 times 376 

those of the historical period. Compared with CMIP6 simulations without the QMD bias 377 

correction (Fig. S7), the magnitude and trends of HI-STHW characteristics of the bias-corrected 378 

improved significantly. For the annual characteristics of CMIP6 ALL-simulated HI-STHWs, 379 

they match well with those of the observed in magnitudes and trends (Fig. 3). Although CMIP6 380 

ALL-simulated HWD and HWA𝑠𝑢𝑚  are slightly overestimated after 2000, their 10%-90% 381 

intervals cover the observed. 382 

Fig. 4 further compares the spatial pattern of trends in HI-STHW characteristics in the 383 

observed and CMIP6 ALL simulations from 1961 to 2014. Because Fig. 4 mainly focuses on the 384 

spatial pattern of HI-STHW characteristics, the characteristics are calculated at the grid scale 385 

(Table 2). For the observed HI-STHW spatial characteristics, there are widespread increasing 386 

trends for HWD, HWF, HWI, and HWS, with mean spatial trend values of 3.26±1.20 387 

days/decade, 0.31±0.15 times/decade, 5.17±1/78 °C/decade and 0.93±0.46 °C·day/decade, 388 

respectively. For the CMIP6 ALL-simulated HI-STHWs, their trends are very close to that of the 389 

observed, being 4.28±1.24 days/decade, 0.29±0.05 times/decade, 5.90±1.00 °C/decade and 390 

1.15±0.37 °C·day/decade in the same order. Different CMIP6 models show good trend 391 

consistency (Figs. S8-S11). Despite some differences in spatial distribution patterns of HWI in 392 

East China (Fig. 4, c1-c2), the CMIP6 ALL simulations successfully capture the increasing trends 393 

in most regions of China for all spatial characteristic indexes (Fig. 4). 394 

The consistency results of Figs. 2-4 confirm that CMIP6 GCMs can capture and reoccur the 395 

observed spatiotemporal characteristics of HI-STHW events, and give us confidence in the 396 

following detection and attribution analysis, and future evolution of HI-STHW characteristics 397 

under different future warming levels. 398 
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 399 

Fig. 4. Trends in HI-STHW characteristics of the observed (left panel) and CMIP6 ALL-simulated (right panel) 400 

events during 1961–2014. The duration (HWD), frequency (HWF), intensity (HWI), and severity (HWS) of 401 

HI-STHWs are summarized for each grid and each year to show the spatial distribution information of HI-402 

STHW events (see Table 2 and Section 2.3 HI-STHW characteristics at the grid scale for details). All identified 403 

HI-STHW events are included here to produce the spatial characteristics. Trends are calculated by Sen’s slope 404 

(Kong & Song, 2022; Sen, 1968) method with the help of 𝑅 package 𝑟𝑡𝑟𝑒𝑛𝑑 (Kong & Song, 2022). For OBS, 405 

regions covered by diagonal lines indicate that trends are significant at the 0.05 level; for ALL, it indicates that 406 

more than 70% of GCMs share the same trend direction. The trend’s frequency distribution is also shown in 407 

the lower-left corner for each subplot. 408 



   

21 

 409 

3.2 Detection and Attribution 410 

 411 

Fig. 5. Annual variation in HI-STHW characteristics under different CMIP6 scenarios (ALL, GHG, AER, and 412 

NAT) during 1961–2014. Same as Fig. 3, for each year, we only select the annual strongest HI-STHW event. 413 

Fig. 5 shows the annual variation in HI-STHW characteristics under different CMIP6 414 

scenarios. Under the GHG and ALL scenarios, all indexes except HWI have a significant positive 415 

trend. Under the AER scenario, the trends become significantly negative. While under the NAT 416 

scenario, the trends of all indexes are nonsignificant. Those results indicate that GHG (AER) 417 

might have a positive (negative) contribution to the increase of HI-STHW characteristics. 418 

Meanwhile, the influence of NAT is ignorable. On the other aspect, we notice that although QMD 419 

bias correction has been applied and ALL matches well with OBS for all indexes (Figs. 3 and 4), 420 

HI-STHW characteristics are increasing dramatically under the GHG scenario, whose 421 

magnitudes are many times of ALL. This implies that HI-STHW characteristics will increase 422 

dramatically under the future warming climate. 423 
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 424 

Fig. 6. Scaling factor (left) and attributable changes (right) of ALL, GHG, AER, and NAT for the annual 425 

strongest HI-STHW indexes during 1961–2014. Attributable changes are calculated using Eq. 8. The error bars 426 

are the 90% uncertain intervals of scaling factor (left) and attributable changes (right). Vertical dashed lines 427 

indicate unbounded confidence intervals, and the corresponding scaling factors are nonsignificant. We show 428 

only the mean values of their scaling factor and attributable changes in the plot for anthropogenic forcings with 429 

an unbounded confidence interval. 430 

We attributed the increases in HI-STHWs to anthropogenic forcings (i.e., ALL, GHG, AER, 431 

and NAT) using the ROF optimal fingerprint method. The left panel of Fig.6 shows the best 432 

estimate of the one-signal scaling factor and their 90% confidence interval for the annual 433 

strongest HI-STHW during 1961–2014. Results show that the signal of ALL and GHG can be 434 

significantly detected for all HI-STHW indexes, while the signal of AER and NAT are 435 

nonsignificant for all indexes except AER in HWI. For ALL and GHG, their scaling factor’s 90% 436 

intervals are above zero, which is a sign of significance. Meanwhile, we noticed that the scaling 437 

factor of GHG is much smaller than one, which indicates the values of HI-STHW indexes are 438 
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overestimated under the GHG scenario. The degree of overestimation under the GHG scenario 439 

is significantly higher than that of ALL scenario (Figs. 5 and 6), indicating that values of HI-440 

STHW indexes will grow dramatically in the future warming climate, which is consistent with 441 

the results of Fig. 5, and is verified in Figs. 7-9. 442 

The right panel of Fig. 6 shows the attributable changes of HI-STHW indexes during 1961–443 

2014 to ALL, GHG, AER, and NAT. Results show that the ALL simulated changes during the 444 

1961–2014 are 5.7 [2.9, 8.5] days (with the 90% confidence interval in “[]”), 0.44 [0.12, 0.78] ℃, 445 

8.39 [2.57, 14.26] ℃·day, 0.51 [0.25, 0.78]× 106𝑘𝑚2, 1.57 [1.02, 2.15]× 106𝑘𝑚2, 6.19 [3.78, 446 

8.62]× 106𝑘𝑚2  for HWD , HWI , HWS , HWAavg , HWAmax , and HWAsum , respectively. Of 447 

which, GHG explains about 130%, 109%, 122%, 112%, 111%, and 114% for the same indexes 448 

in the same order. The reason for attributable changes to GHG exceeding 100%, is that AER 449 

might have a negative contribution (Fig. 5). The above results indicate GHG dominates the 450 

changes of HI-STHW indexes. Although AER might have a negative effect, but can’t be 451 

significantly detected. Meanwhile, the attributable changes to NAT are tiny, nonsignificant, and 452 

ignorable (Fig. 6).  453 

3.3 Future evolution of HI-STHW events 454 

 455 

Fig. 7. Simulated changes in HI-STHW characteristics under different warming levels for the annual strongest 456 
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HI-STHW event. The warming level refers to the rise of 𝐻𝐼𝑚𝑎𝑥 with respective to preindustrial period. It was 457 

calculated individually for each GCM by subtracting the China area-weighted annual mean 𝐻𝐼𝑚𝑎𝑥 from the 458 

averaged value during 1861–1880. Both warming levels and HI-STHW characteristics are smoothed by a 21-459 

year moving window. The thinner lines represent projections of each GCM, while the thicker lines represent 460 

the projection of the multimodel ensemble means. Black lines are models of the historical ALL scenario. The 461 

blue and red lines are the SSP126 and SSP585 scenarios, respectively. The four vertical thinner lines indicate 462 

warming levels of 0.85 °𝐶, 1.5 °𝐶, 2.0 °𝐶, and 3.5 °𝐶. 463 

SSPs are CMIP6 future scenarios under different climate policies and different levels of 464 

anthropogenic GHG emissions, with CO2 concentrations ranging from 393 to 1135 ppm by 2100 465 

for the lowest and highest emission scenarios (Meinshausen et al., 2020). As GHG is primarily 466 

responsible for the increase of HI-STHW indexes, we further present the HI-STHW 467 

characteristics under two representative GHG emission pathways during 2015–2100, namely, 468 

SSP126 and SSP585 (Fig. 7). With the increase in warming, the HI-STHW characteristics 469 

increase consistently and dramatically. Such an increase is independent of the development paths, 470 

as indicated by the overlapping lines between the SSP126 and SSP585 scenarios in Fig. 7. This 471 

is consistent with previous HW studies at the grid scale (Frölicher et al., 2018b; Kong et al., 472 

2020). These results indicate that even though GCMs might overestimate or underestimate 473 

warming levels, they influence only the time required to reach the warming level but will not 474 

alter the HI-STHW characteristics at a certain warming level. This gives us more confidence in 475 

the robustness of our results.  476 
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 477 

Fig. 8. Temporal evolution of the annual strongest HI-STHWs’ characteristics during 1851–2100. 478 

Although independent of the development path, the difference between SSP1-2.6 and SSP5-479 

8.5 is noticeable after the 2050s (Fig. 8). Under the SSP585 scenario, after the 2050s, the rate of 480 

increase in HI-STHW characteristics dramatically accelerates. By 2100, the warming level is 481 

projected to be 7.2 [4.9, 8.9] °C. At that time, the annual most severe HI-STHW event will last 482 

almost the whole year, and influence 96% regions of China on the most serious day, with HWD, 483 

𝐻𝑊𝐴𝑚𝑎𝑥, 𝐻𝑊𝐴𝑠𝑢𝑚 about 358.2 [340.4, 365.2] days, 9.11 [8.51, 9.41] ×106 km2 and 2137.1 484 

[1576.9, 2580.4] ×106 km2, respectively. At that time, HWD and 𝐻𝑊𝐴𝑠𝑢𝑚 are about 24.5 [17.2, 485 

31.6] and 107.2 [70, 129.9] times the preindustrial period. Under the SSP126 scenario, the 486 

human-perceived temperature warming level exceeds 1.5 °C in the 2030s and 2.5 °C in the 2050s 487 

and stabilizes thereafter. Under this scenario, the HI-STHW characteristics peak in the 2050s. 488 

Even under the SSP126 scenario, the warming level still can reach 2.69 [1.78, 4.29] °C by 2100. 489 

At that time, HWD and 𝐻𝑊𝐴𝑠𝑢𝑚 are 157.2 [53.9, 273.5] days and 493.05 [102.78, 978.65] ×106 490 

km2, which are about 10.8 and 26.1 times the preindustrial period. When the warming level is 491 

reduced by 0.5 °C, the magnitude of 𝐻𝑊𝐴𝑠𝑢𝑚 will approximately decrease by half. If warming 492 

could be limited to 2.0 and 1.5 °C, 𝐻𝑊𝐴𝑠𝑢𝑚 can be reduced to 1/2 and 1/4 of the level of SSP126 493 
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by 2100 (Fig. 7). Those results indicate that in the future climate warming climate, HI-STHW 494 

indexes are projected to escalate approximately in an exponential manner. Implementing 495 

effective strategies to curb temperature rise could substantially mitigate the adverse impacts of 496 

HI-STHW events. 497 

 498 

Fig. 9. Spatial distribution of HI-STHW characteristics under different warming levels. 499 

The response of HI-STHW characteristics to anthropogenic warming varies spatially. Fig. 9 500 

shows the spatial distribution of HI-STHW characteristics under different warming levels. In 501 

general, the HWD, HWI, and HWS increase consistently with increasing warming levels, while 502 

the HWF presents a decreasing trend. This is mainly because short-duration events are merged 503 

into long-duration events and hence decrease the HWF. Under the 3.5°C warming level, in Tibet 504 

and Yunnan, a high HWD is observed, whereas North China Plain exhibits the highest HWI, 505 

reaching up to 10°C. Meanwhile, South China, encompassing Tibet and Yunnan, displays a 506 

strong HWS. Specifically, while Tibet has a lower HWI compared to eastern regions, it 507 
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compensates with an extended HWD, culminating in an HWS severity level commensurate with 508 

that in Yunnan and Guangdong provinces. Inconsistencies in the monthly temperature rise 509 

throughout the year can disrupt the temporal continuity of HI-STHW events  (Song et al., 2022, 510 

their Fig. 4 and Fig. 8). We guess that consistent monthly temperature rise is the reason for the 511 

higher HWD in Tibet. In the South China provinces, notably Guangdong, both high HWD and 512 

HWI are present; their duration and intensity are second only to Tibet and North China Plain, 513 

respectively, resulting in a higher HWS. North China Plain has the highest HWI in China, 514 

reaching up to 10°C under a 3.5°C warming scenario, which aligns with a previous study by 515 

(Kang & Eltahir, 2018). However, its shorter duration (HWD) results in a lower HWS compared 516 

to South China and Tibet. This region necessitates heightened vigilance for short-duration 517 

extreme HI-STHW events. 518 

 519 

4. Discussion 520 

4.1 Comparison with previous STHW studies 521 

Luo et al. (2022a) also studied the change pattern of STHW events in China using a similar 522 

spatiotemporal clustering technique. But their STHW events mainly focused on air temperature 523 

𝑇𝑚𝑎𝑥 based STHW. In our study, the trends of HWD, HWA𝑚𝑎𝑥 and HWA𝑠𝑢𝑚 during 1961–2014 524 

are 2.25±0.76 day/decade, (0.18±0.11)×106 km2/decade and (4.68±1.39)×106 km2/decade, 525 

respectively. The values of HWD and HWA𝑠𝑢𝑚 are larger than those of (Luo et al., 2022a), who 526 

obtained values of 1.14 day/decade and 1.30×106 km2/decade, respectively. This can be attributed 527 

to the following reasons: (1) The difference in the research period and selected STHW events: 528 

Luo et al. (2022a) focused only on the summer, and selected all STHW events only if their HWD529 

≥ 3 days and 𝐻𝑊𝐴𝑚𝑎𝑥  ≥1 million km2. While we considered the whole year, and mainly 530 

focused on the annual most severe HI-STHW events, which produces longer HWD and HWA𝑠𝑢𝑚. 531 

(2) The faster increasing speed in 𝐻𝐼𝑚𝑎𝑥 (J. Li et al., 2018; Song et al., 2022): We used 𝐻𝐼𝑚𝑎𝑥 532 
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to define STHWs, while (Luo et al., 2022a) used 𝑇𝑚𝑎𝑥. The increasing trend of 𝐻𝐼𝑚𝑎𝑥 is stronger 533 

than that of 𝑇𝑚𝑎𝑥 in 62.4% of the regions of China (Fig. S12c), and the China area-weighted 534 

𝐻𝐼𝑚𝑎𝑥 increased at a rate of 0.023°C/decade faster than 𝑇𝑚𝑎𝑥 during 1961–2014 (Fig. S12d). 535 

Despite these differences, the trend of HWA𝑚𝑎𝑥 is similar to that of (Luo et al., 2022a), which 536 

confirms that the detection of HI-STHW events is correct. Meanwhile, a significant positive 537 

increasing trend is found for HWD, and HWA𝑠𝑢𝑚 in both the study by (Luo et al., 2022a) and 538 

our study, indicating that the increasing pattern of the HI-STHW is robust. 539 

4.2 The reasons for the intensification of HI-STHW 540 

We found that GHG-induced anthropogenic warming dominates the increases of HI-STHW 541 

characteristics. This is consistent with the result of (Vogel et al., 2020). They also found that the 542 

increasing pattern of STHW is mainly attributed to climate warming. When using a time-varying 543 

threshold, which considers the effect of climate warming, to identify HW grids, the increasing 544 

pattern of STHW will disappear. However, the spatial pattern of STHW characteristics can’t be 545 

fully explained by climate warming alone. The asymmetric warming across different months 546 

explains the regional difference in the HI-STHW characteristics under a certain warming level 547 

and explains why the severity of HI-STHW in Tibet is more serious than in North China Plain 548 

and South China in the future 3.5℃ warming climate. 549 

Additionally, from the perspective of synoptics and atmospheric circulation, the Western 550 

North Pacific Subtropical High (WNPSH) is another factor responsible for the increase of HI-551 

STHW in China (N. Li et al., 2021; Q. Liu et al., 2019). The stronger westward WNPSH usually 552 

corresponds to the long-lived HWs (N. Li et al., 2021). Under the control of WNPSH, there is 553 

prevailing sinking, dry, and warm air, which is favorable to the formation and maintenance of 554 

HW, as well as the HI-STHW. Under the warming climate, NPSH will be further intensified with 555 

stronger subsidence motion and larger subsidence area (W. Li et al., 2012; Yang et al., 2022), 556 

which corresponds to the longer-lasting and more serious HI-STHW. Other studies also argued 557 
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that large-scale circulation indexes, e.g., El Niño-Southern Oscillation (ENSO), and North 558 

Atlantic Oscillation (NAO), could also explain the changes in STHW (Luo et al., 2022b). 559 

However, this is not supported in our study. When regressed HI-STHW characteristic indexes to 560 

ENSO or NAO, the regression coefficients are nonsignificant, which implies ENSO and NAO 561 

contribute little to the increases of HI-STHW on the annual scale. 562 

 563 

5. Conclusion 564 

HI-STHWs became longer lasting and larger during 1961–2014. In the historical period 565 

(1961–1990), the HWD, HWS, HWA𝑎𝑣𝑔 , HWA𝑚𝑎𝑥  and HWA𝑠𝑢𝑚  have mean values of 12.4 566 

days, 17.7 °C·day, 1.61 ×106 km2, 3.43×106 km2, and 19.30×106 km2 per year , respectively. In 567 

the recent period (1991–2014), these values are approximately 1.77, 2.0, 1.05, 1.14, and 1.89 568 

times those of the historical period. For the annual variation and spatial changing pattern of HI-569 

STHW characteristic indexes, the bias-corrected CMIP6 ALL simulations match well with the 570 

observed. This indicates CMIP6 GCMs can capture and reoccur the changing pattern of HI-571 

STHWs, and provide reliable results in the historical attribution analysis and future evolution 572 

analysis. 573 

In the attribution analysis, we attributed the increases in HI-STHWs to anthropogenic 574 

forcings (i.e., ALL, GHG, AER, and NAT) using the ROF optimal fingerprint method. For all 575 

HI-STHW indexes except HWI, the GHG signal is significantly detected, while the AER and 576 

NAT signals are not. GHG is the primary factor contributing to the increases in HI-STHWs. For 577 

HWD, HWS, HWSavg, HWSmax, and HWAsum, GHG alone explains about 130%, 122%, 112%, 578 

111% and 114%. Although nonsignificant, AER should have a negative contribution to the 579 

increases of those indexes. As the increases in HI-STHWs are mainly attributed to anthropogenic 580 

GHG, we further present the future evolution of HI-STHWs under two different GHG emissions 581 

scenarios (i.e., SSP126 and SSP585). The pattern of increases in the HI-STHW characteristics is 582 
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determined by the warming level and is independent of the development path. Under the SSP585 583 

scenario, the warming level of 𝐻𝐼𝑚𝑎𝑥 is projected to be 7.2 [4.9, 8.9] °C by 2100 in China. At 584 

that time, the annual most severe HI-STHW event will last almost the whole year, and influence 585 

96% regions of China on the most serious day. Meanwhile, HWD and 𝐻𝑊𝐴𝑠𝑢𝑚 are 24.5 [17.2, 586 

31.6] and 107.2 [70, 129.9] times the preindustrial period. However, if the warming level could 587 

be limited to 2/1.5 °C, HWD and HWAsum would be 3.4/5.4 and 8.2/16.2 times smaller than that 588 

under the SSP585 scenario by 2100. Additionally, the response of HI-STHWs to human-induced 589 

warming varies spatially. Tibet and South China are expected to experience more severe HI-590 

STHWs, while the North China Plain should be vigilant against high-intensity and short-duration 591 

HI-STHW events. 592 
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