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ARTICLE INFO ABSTRACT

Editor: Martin Drews The heatwave frequency and intensity have significantly changed as the climate warms and human activities increase,

which poses a potential risk to human society. However, the impact factors that determine the change of heatwave

Keywords: events remain unclear. Here, we estimated the heatwave events based on data from 2474 in-suit gauges during

Heatwaves o 1960-2018 at daily scale in China. Besides, we explored possible drivers and their contributions to the change of

Spatial-temporal variation heatwave based on correlation analysis, multiple linear regression (MLR), and random forest (RF) in different subre-

Impact factors . . K s e e .

Contribution quantification gions of China. The results show that the temporal changes of all heatwave metrics exhibit significant differences be-
tween the period 1960-1984 and the period 1985-2019. Spatially, the heatwave frequency and duration significant
increase in the southern China (S), eastern arid region (EA), northeastern China (NE), Qinghai-Tibet region (QT)
and western arid and semi-arid region (WAS). The occurrence of the first heatwave event in a year tends to be earlier
in S, NE, EA, WAS, and QT than before. Based on the regression modelling and RF, human activities play an important
role in heatwave intensity in all subregions of China. For heatwave frequency, urbanization generate a dominant influ-
ence in NE, EA, and QT, with relativercontributions'(R€)ranging from 32.8 % to 38.9 %. Long-term climate change
exerts the dominant influence in C, N, and S. Moreover, the first day of the yearly heatwave event (HWT) in NE is sig-
nificantly influenced by climate change, with RC of 33.9 % for temperature variation (TEM). Our findings could
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provide critical information for understanding the causes of heatwave across different regions of China in the context
of rapid urbanization and climate change.

1. Introduction

As kind of extreme disaster, a heatwave is usually regarded as a durative
period that the temperature exceeding a prescribed threshold (Dong et al.,
2021; Li, 2020). Extreme heatwaves have a largely negative influence on
the human health, the social economy development, and the natural ecosys-
tem (Coumou and Rahmstorf, 2012; Xu et al., 2018; Xu et al., 2016). For ex-
ample, a heatwave across European caused >70,000 deaths during the
summer in 2003 (Robine et al., 2008). Similarly, an unprecedented heatwave
resulted in nearly 55,000 excess deaths, which occurred in Western Russia and
Moscow in 2010 (Barriopedro et al., 2011). A northwest Atlantic heatwave
significantly affected biological habitats and biodiversity in 2012, leading to
a considerable destruction of natural nutrient cycles (Mills et al., 2013). Nev-
ertheless, heatwaves have increased in frequency, intensity, and duration all
over the world due to enhanced global warming in recent decades
(Mukherjee and Mishra, 2021). Rohini et al. (2016) indicated that the fre-
quency of heatwaves has increased by one incident per two decades, and
their length has increased by 2 days per decade in northwest India. Mean-
while, heatwaves have been more frequent and longer in Europe and south-
east Asia, which poses a threat to physically active humans (Casanueva
et al., 2020; Pogacar et al., 2018). Besides, previous studies also indicated
that the severe heatwave intensity is growing at a quick rate around the
world such as Australia's southern areas (Jyoteeshkumar et al., 2021), north-
ern and central Thailand (Huang et al., 2018), and North America (Mondal
and Mishra, 2021).

Climate change and anthropogenic forcing are widely regarded as the
primary causes of heatwave occurrence (Kang and Eltahir, 2018). Specifi-
cally, global rise in mean temperature and radiation can lead to an increase
in the frequency of heatwaves (Intergovernmental Panel on Climate, 2014).
Previous studies have commonly demonstrated that human activities such
as urbanization accounts for the rise in heatwaves across China, and its con-
tribution is still increasing over time (Liao et al., 2018). The main reason of
the urbanization effect is the increases in impervious surfaces, which results
in more solar energy being absorbed in urban regions (Athukorala and
Murayama, 2021). Besides, atmospheric modes also play a significant role
in heatwave formation by modulating the background climate, including
the El Nifo-Southern Oscillation (ENSO) (Luo and Lau, 2019) and the At-
lantic Multidecadal Oscillation (AMO) (Horton et al., 2015). Changes in
the physical properties of clouds and atmospheric aerosols also have a
great impact on the radiative balance, which may affect local and circula-
tion air temperature (Lyamani et al., 2006). And some land surface proper-
ties, such as soil moisture and natural surface albedo, are also highly
associated with high temperatures (Stegehuis et al., 2021). Linking with la-
tent heat flux, the soil moisture can regulate the net radiation budget
(Alexander, 2011) and the albedo always impacts the surface energy bal-
ance to influence the temperature (Seo et al., 2021). Overall, the causes
of heatwaves and their physical mechanisms are complicated, and how-
ever, our current understanding of the dominant factors in heatwaves is
still limited due to the complexity of the dominant impact variables and
their relationship with heatwaves.

In general, the heatwaves can be estimated by different metrics, including
the intensity, frequency, duration, etc., which depend on the application sec-
tions. For instance, the public health scholars tend to pay more attention on
the heatwave intensity (Sun et al., 2014; Xu et al., 2019), whereas the agricul-
tural sections are concerned more about the onset time, frequency and dura-
tion of heatwave (He et al., 2022; Lobell et al., 2012). Therefore, it is of great
significance to carry out a comprehensive evaluation of different heatwave
metrics (including intensity, frequency, duration, and occurrence time) for
their applications in various industries. Although some studies have ever ex-
plored the relative contributions of some impact factors to heatwaves, includ-
ing climate change (Clark et al., 2010), atmospheric circulation (Clark and

Brown, 2013) and anthropogenic activities (Vautard et al., 2020), while
they more focused on the relationship between some drivers and a single
heatwave aspect (Perkins-Kirkpatrick et al., 2017; Wu et al., 2012). Conse-
quently, a deeply study for the relationship between different heatwave met-
rics and impact factors can greatly help us underatand the causes of heatwave
in the future.

Due to rapid urbanization and climate change, heatwaves have swept
across China since the mid-1980s with significantly increasing frequency
and strength (Liu et al., 2021b; Wang et al., 2019). From 1951 to 2006,
the average surface temperature over China increased by about 1.35 °C
(Piao et al., 2010), and the summer heatwave has grown significantly in
area and frequency since the 1990s (Ye et al., 2014). Moreover, the
heatwave in southeast China induced massive economic damage and
caused a total loss of 4.20 billion U.S. dollars in 2013 (Xia et al., 2018).
Therefore, it is of practical significance to improve our understanding of
spatiotemporal variations and the driving factors of heatwaves in China.
This study aims at addressing two scientific issues: 1) how is the space-
time changes characteristics of heatwave based on various evaluation met-
rics across mainland China? 2) what are the main drivers and their relative
contributions (RC) to heatwave in China?

2. Data
2.1. Study area

The study area includes mainland China, where summer temperatures are
consistently high across the country. During winter, the temperature differ-
ence between north and south is significant, with the temperature decreasing
as moving from south to north (Duan et al., 2021). Besides, the precipitation
in China tends to reduce from the southeast area to the northwest inland,
with more precipitation in summer (L. Yu et al., 2021; Y. Yu et al., 2021).
China has a diverse topography that includes plateaus, hills, basins, plains,
and deserts, which also have different climatic types. Therefore, a widely
konwn climatic sub-regions classification is used in this study (Shen et al.,
2021), including the central China (C), the eastern arid region (EA), the
northern China (N), the northeastern China (NE), the Qinghai-Tibet region
(QT), the southern China (S), the southwestern China (SW), and the western
arid and semi-arid region (WAS) (Fig. S1).

2.2. Observation data from 196010°2019

The ground observations from 2474 national stations are used in this
study. The Resource and Environment Science and Data Center (https://
www.resdc.cn/) provides the data for 70 summer seasons (June to Septem-
ber) from 1950 to 2019. The raw data is quality-checked through the con-
ventional quality control procedures of the National Meteorological
Information Center (NMIC), such as the climatological limit check, the sta-
tion or regional extremes check, the internal consistency check, the tempo-
ral and geographic consistency checks, etc. (Xu et al., 2013). All gauges are
tested the homogenization by the PMTred and PMFred algorithm, which is
based on the penalized maximal t test (PMT) and the penalized maximal F
(PMF) (Wang et al., 2007). Based on the homogeneity test results, we also
use quantile-matching algorithm (QM) to adjust the uneven station data.
Since many stations do not cover the period 1950-1959, the measurements
from 1960 to 2019 are utilized to identify the heatwave in this study. A
gauge is considered missing if it has five or more missing days in any sum-
mer season and a total of 1906 stations are remained after checking. The
missing segment, which have less than five missing days, is filled by linear
interpolation method. The annual and warm season (June to September)
average temperature are shown in Figs. S2 and S3, respectively.
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2.3. Impact factors data

We selected fifteen potential drivers from 1985 to 2018 in this study,
including monthly temperature (TEM), monthly precipitation (PRE),

wnward _sh ve radiation rbanization B rosol

optical depth (AOD), soil water (SOM), standardized precipitation-
iration index (SPEI) : Ibedo (ALB). Nifio 3.4 ind

NIN outhern Oscillation Index (SOI), Dipole Mode Index (DMI), North
Atlantic Oscillation index (NAO), Arctic Oscillation index (AO), Atlantic
Multi 1 illation index (AM nd Pacific D 1 illation
index (PDO). Besides, in order to compare the effects of climate change,
antropogenic activities, land surface processes, and atmospheric circulation,
the impact factors are divided into four categories (Wang et al., 2022; Wu
et al., 2021).

The monthly PRE and TEM are calculated based on the observation data
during 1950-2019 from the Resource and Environment Science and Data
Center. The monthly AOD, ALB, SOM, and RAD data are obtained from
the'MERRA=2 reanalysis dataset (https://gmao.gsfc.nasa.gov/reanalysis/
MERRA-2/). The MERRA-2 reanalysis dataset has been widely evaluated
and validated in previous studies around the world (Fei and Wang, 2019;
Hua et al., 2019). Particularly, Wang et al. (2020) validated MERRA-2 al-
bedo dataset with sun photometers over eastern China and found that the
accuracy of the MERRA-2 albedo is acceptable in eastern China. For SOM,
the accuracy of MERRA-2 (unbiased RMSE of 0.053 m®m~%)is higher
than that of ERA-Interim/Land and MERRA (Reichle et al., 2017). For
RAD, Zhou et al. (2020) reported that the overall correlation coefficient be-
tween the surface radiation and the MERRA-2 monthly radiation product is
0.9. Notably, due to the length limitation of MERRA-2 and SPEI data sets,
the analysis of HW potential drivers can only be conducted in the common
period of 1980 to 2018. Similarly, due to the limited availability of data, the
period 1985-2018 was chosen to calculate the relative contribution (RC) of
driving factors in this study.

The impervious surface area can be regarded as a measure of urbaniza-
tion (Zhang et al., 2020). The 30 m annual land cover data is used in this
study (Yang and Huang, 2021). The SPEI is adopted to depict seasonal
drought conditions in this work, which is developed by the Spanish Na-
tional Research Council (CSIC) with a resolution of 0.5° x 0.5° (https://
spei.csic.es/spei_database/). Thedatarsourcesiof atmospheric circulation
indicesrarersummarizediiniTablerS1, including of NINO, SOI, 10D, NAO,
AO, AMO, and PDO. Generally, the preceding soil water is an influential
driver of the HW and the average Nino3.4 index of the previous winter
can define the El Nino event (Luo and Lau, 2019). Therefore, the antecedent
soil moisture (February—May) and the Nino 3.4 index of the previous winter
are calculated. The other impact factors are analyzed by the average from
June to September of each year.

3. Method
3.1. Definition and metrics of heatwave

The excess heat factor (EHF) is used to identify heatwave in this study
(PerkinsrandAlexander;2018). EHF, which is calculated using climatology
and the previous 30 day mean temperature, has the advantage of consider-
ing both historical averages and current situations. It has been widely
adopted to identify heatwave in previous studies (Perkins et al., 2012;
Wondmagegn et al., 2021). Two indices to calculate EHF are as follows:

T +Tp + T,

EHIsig = 3 - ngo, (1)

TWI TITL, Tm, Tm - o Tm,
EHI, = e .31+ i-2 .3+3+ ) (2

where Ty, is daily average value of maximum and minimum temperature,
with the i indicating the relevant day and days prior. EHI is the difference
between the previous 3 day mean and the climatological 90th percentile for
the time period 1960-2019, and EHI, is the difference between the
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previous 3 day mean and the preceding 30 day mean. Then the EHF is cal-
culated by:

EHF = EHIg x max (1, EHI;cc) 3)

The unit of the EHF index is in °C* and the positive values of EHF repre-
sent heatwave-like conditions for the day i. If EHF is consecutivly greater
than zero for three or more days, a heatwave event is identified to onset.

Based on the criteria above, this study examines the different heatwave
features based on six metrics. Specifically, HWM is the average daily mag-
nitude across all heat wave events within a year. HWA is the EHF of the hot-
test day (or peak) of the hottest yearly event. HWN is the yearly number of
heat waves. HWD is the length (in days) of the longest yearly event. HWF is
the sum of participating heatwave days per year that satisfy the definition
criteria. HWT is the first day of the first yearly heatwave event.

3.2. Change trend detection

In this study, the Mann-Kendall (MK) trend test (Kendall, 1957; Mann,
1945) and Theil-Sen median slope (Sen, 1968; Theil, 1992) are adopted to
analyze the change trend. A further procedure called trend-free pre-
whitening (TFPW) is used to eliminate the influence of autocorrelation on
the MK test (Yue, 2002). The TFPW consists of four steps: (i) estimating
the Sen's slope on the original data; (ii) removing the trend to obtain a
detrended time series; (iii) removing the lag-1 autocorrelation on to gener-
ate a detrended pre-whitened time series; and (iv) adding the trend back to
generate the processed time series. In TFPW-MK test, the calculation
method of standardized test statistic Z is as follows:

Var(S)
7= 0 §=0 4
Var(S)

where S is the Mann-Kendall statistic (S). If Z value is positive, it signifies
an upward trend and if negative, it indicates a decreasing trend. Trends
are tested using a two-tailed test with a significance level a. When |Z| >
Z1-0y2 (Z1.o/2 is the standard normal deviation), a significant trend exists.
Significance level of 0.05 is used in this study.

3.3. Correlation and explanatory rates

The Pearson's correlations between the potential influence factors and
heatwave indicators are calculated to assure significant relationships be-
tween factors and heatwave metrics. The multiple linear regression
(MLR) is used to estimate the explanatory rates of four categories, including
climate change, anthropogenic activities, land surface processes, and atmo-
spheric circulations. Therefore, for each heatwave metric, we performed 4
MLR runs on an annual time step over 1985-2018. In MLR, the following
models are constructed:

Yi=b+axj +axp+...apxp +§; (5)

where & is a prediction residual corresponding to the ith data sample. The or-
dinary least squares method is applied to estimate the value of the intercept b
and coefficients a; and to minimize the sum of squared residuals 37, £2.

3.4. Variable screening methods

Before evaluating the RC, a variable selection procedure is carried to find
the vital variables, which can therefore greatly improve the performance of
the model (Blanchet et al., 2008; Xiong et al., 2020). Stepwise multiple linear
regression (SMLR) can be used with data sets that have non-normal distribu-
tions, and it can be expanded to more generalized models. The main goal of
this approach is to identify effective variables through calculating the Akaike
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Fig. 1. The trend of warm season temperature for each gauge across China during 1960-2019. The cross indicates the change trend is significant at 0.05 level.

information criterion (AIC) after filtering potential unrelated predictors.
Details of SMLR can be found in Yamashita et al. (2007).

In this study, a combination of SMLR and randomforest (RF) is con-
ducted to identify the valid correlative variables for heatwave. First, each
factor is ranked by SMLR and RF, which can obtain two rank scores.
Second, two rank scores are summed up to get the total score for each
factor. Finally, for ensuring that there is at least one driving factor in each
category (climate change, antropogenic activities, land surface processes,
and atmospheric circulation), the leading eight factors that have the
smallest total score are selected as input driving factors for heatwaves and
used to calculate the contributions.

(b)

3.5. Evaluating the RC of drivers

RF has the advantage of considering split candidates from a randomly
selected portion of the original feature set, which results in decorrelated
trees and lower variance (Belgiu and Dragut, 2016). RF is widely used in
assessing the importance of independent variables (Luo et al., 2020; Yu
and Leng, 2022). The mean decline in Gini (MDG) has been used as a statis-
tical tool to evaluate the relative significance of the variables based on an
out-of-bag data term. There are 54 RF models (6 metrics X 9 regions) for
RC evaluation and in each RF model we choose eight factors as input vari-
ables, which are selected by the variables screening method above. The
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Fig. 2. Temporal changes of HWA (a), HWM (b), HWN (c), HWF (d), HWD (e) and HWT (f) over China during 1960-2019. The red lines are the linear fits to the data and the

dash black line is the year of 1985.
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details on model training and validation are provided in the supplement.
The RC are calculated as follows:

_ MDG
- simMDG

p x 100% 6

where i represents the number of input factors, x is the RC of each factor,
and MDG represents the mean decrease of Gini purity.

In terms of the data scale, the point-to-pixel analysis method is adopted
to match the series HW metrics data, which are calculated by temperature
gauges, with the corresponding pixels of gridded drivers data. Only pixels
in which at least one ground-based gauge can be selected and used for
the calculation (Sharifi et al., 2018). When the stations are included within
the pixels, the abstraction of pixels is processed directly based on the loca-
tions of temperature gauges. However, if the temperature gauge locates on
near the corner of four pixels or the edge between two pixels (<0.01° off the
edge), the average value of four or two pixels around the gauge is utilized as
the basis for calculation. Additionally, because the RC analysis is conducted
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at station scale, this method avoids the influence of different product spatial
resolutions on the evaluation results.

4. Results
4.1. Temporal trends of temperature and heatwave

The warm season temperature trends of all gauges are presented in
Fig. 1. Overall, the maximum, minimum, and average trends are 0.068,
—0.036, and 0.014 °C/year, respectively. The temperature shows an in-
creasing trend in 54.4 % stations, with the highest of 0.068 °C/year and
the lowest of 0.005 °C/year. By contrast, the decreasing temperature trends
range from —0.036 to —0.011 °C/year. Spatially, the positive trends
are mainly over S, NE, WAS and QT, occupying the stations amount of
70.2 %, 92.7 %, 72.8 %, and 82.3 %, respectively. Particularly, the temper-
ature trends in central China are remarkably lower than in other regions,
with 28.1 % of gauges showing increasing trends. In addition, for N and
SW, the temperature trends exhibited a significant spatial heterogeneity
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of south-north pattern and the percentages of positive stations in two re-
gions are 39.4 % and 42.1 %, respectively.

From Fig. 2, the six metrics show different change directions from the
period of 1960-1984 to 1985-2019. The year 1985 is generally used as a
change date in previous study about the characters of extreme temperature
and precipitation over China (W. Gao et al., 2021; X. Gao et al., 2021; Zheng
etal., 2019).To reveal the temperal change of HW trend, we also divide the
1960-2019 into two periods (1960-1984 and 1985-2019) in the analysis
of HW charaters. In the HW characters analysis in this study, the year
1985 can be used to divide the whole period into two periods due to the op-
posite trends. Specifically, the frequency, duration, and intensity of
heatwaves decrease slightly while the HWT increased during 1960 to
1984 (Fig. 2a). However, after 1985, the values of all metrics significantly
increase, especially for HWN (Fig. 2c), HWF (Fig. 2d), and HWD (Fig. 2e).
During 1985 to 2019, the trends for HWN, HWF, and HWD are 0.05
event/year, 0.39 day/year, and 0.17 day/year, respectively. Besides, the
HWT decreases significantly, and the first heatwave of a year tended to
occur 0.36 day earlier per year during the period 1985-2019.

Fig. 3 shows the probability density distribution of heatwave metrics in
all stations during the periods 1960-1984, 1985-2019, and 1960-2019. In

+ HWA_significant
® -0.28--0.15
-0.15--0.05
-0.05 - 0.00
0.00- 0.10
0.10- 0.20
® 020- 0.40
0.40 - 0.60
Unit: °C?/year

-+ HWN_significant

© -0.04--0.03

-0.03 --0.02

-0.02 - 0.00

0.00 - 0.02

0.02- 0.04

0.04 - 0.06

0.06 - 0.08

Unit: events/year

+ HWD_significant
® -0.16--0.08
-0.08 - -0.04
-0.04-0.00
0.00- 0.10
0.10- 0.15
0.15- 020
0.20- 0.32
e Unit: days/year

Science of the Total Environment 848 (2022) 157527

addition to HWT, the mean values of HWA, HWM, HWN, HWF, and HWD
during 1985-2019 are higher than those of 1960-1984 (Fig. 3a—e), with
an average of 10.37 °C?, 3.90 °C?, 2.13 events, 12.66 days, and 7.04 days,
respectively. For HWN, HWF, and HWD, the distribution curve is more ho-
mogeneous during 1960-1984 (Fig. 3c—e), suggesting that the values be-
come more concentrated and more stations have higher heatwave
frequency after 1984. For HWT, the station average for 1985-2019 is
4.39 days less than that of 1960-1984 (Fig. 3f).

4.2. Spatial patterns of heatwave metric trends

Spatially, the trends of six metrics of observation stations are shown in
Fig. 4. Overall, all metrics present a non-significant (p > 0.05) change at
the junction region of C, N, and SW, which includes parts of the north
China plain and the Sichuan basin. The increasing trends of HWA are
mainly found in the S, C, EA, QT and WAS, which occupy the stations
amount of 38.2 %, 44.3 %, 30.7 %, 37.5 %, and 31.5 %, respectively
(Fig. 4a). The HWN, HWF, and HWD of S, EA, NE, QT, and WAS also exhibit
a significant increasing trend (Fig. 4c—e). Particularly, the increasing HWM
trends in S and C are more common than those of other regions with 31.7 %
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Fig. 5. The temporal change of HWA (a), HWM (b), HWN (c), HWF (d), HWD (e) and HWT (f) in different subregions during 1960-2019 based on sliding 5-year window.

and 24.7 % stations, respectively (Fig. 4b). And the HWT values decrease
significantly in all subregions except for N, C, and SW (Fig. 4f). In addition,
we also investigated the frequency and duration of heatwaves in QT and
find that there were 37.5 %, 69.8 %, 78.1 %, 76.0 %, and 31.2 % of stations
with a significant increase for HWA, HWN, HWF, HWD, and HWT,
respectively.

The temporal variations of six heatwave metrics in all subregions are
shown in Fig. 5. For HWN, HWF, and HWD (Fig. 5c—e), the positive trends
are found in different subregions during 1960-2019. The HWT tend to de-
crease in all subregions except for C after 1990 (Fig. 5f). However, for HWA
and HWM, the differences between subregions are larger than other metrics
(Fig. 5a and b). Specifically, the HWA in S, SW, and C have smoother fluc-
tuations than other regions, with smaller standard deviations of 0.87, 1.27,
and 1.80 °C?, respectively. The same phenomenon is also found in the HWM
of S and C, with standard deviations of 0.20 and 0.36 °C2.

4.3. Relationship between HW and driving factors

The correlation analysis results of fifteen variables and MLR explanatory
rates (adjust R?) for four variable categories over mainland China are shown
in Fig. 6. For HWA, HWN, HWF, and HWD, the climate factors show the
highest explanatory rates among four categories, with values of 36 %,
86 %, 83 %, and 68 %, respectively (Fig. 6a, c—e). On the other hand, the

land surface process factors have the lowest explanatory rates (9 %, 33 %,
40 %, and 47 %) among the four categories for HWA, HWN, HWF, and
HWD. Only one factor (SOM) of land surface processes significantly corre-
lates with all heatwave metrics except for HWM. The anthropogenic activi-
ties have significant positive relationships with HWA, HWN, HWF, and
HWD. Besides, HWT is negatively correlated with TEM, URB, AOD, and
AMO (with correlation coefficients of —0.72, —0.62, —0.43, and —0.53)
(Fig. 6f). All correlation coefficients in HWM are unsignificant (p > 0.05),
and the explanatory rates of four categories for HWM are minimal
(Fig. 6b). In addition, Fig. S5-S6 presents the correlation analysis and
MLR results in C, EA, N, NE, QT, S, SW and WAS. The frequency and dura-
tion of heatwave are dominated by the factors of climate change.

4.4. Contributions of dominant drivers in different subregions

Based on SML and RF models, the importance of different variables to
heatwave metrics is quantified, and the input variables for RC evaluation
are shown in Table S2. For all heatwave metrics in EA, N, NE, QT, and S,
the AO, URB, SPEI, and AOD are regarded as the explanatory variables in
RC analysis. Based on RF, the RC of each variable in different subregions
are exhibited in Fig. 7. For HWA and HWM in EA, N, NE, SW, and WAS,
the RC of URB range from 6.8 % to 21.0 % (Fig. 7a and b). Meanwhile,
for HWA and HWM, the RC of SPEI range from 9.7 % to 25.1 % and the
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RC of AOD range from 11.5 % to 38.0 %, respectively. In particular, AOD is
the main explanatory variable for HWA and HWM in NE, with RC of 29.6 %
and 38.0 %. For HWN and HWF, URB presents a dominant influence, with
RCranging from 32.8 % to 38.9 % in NE, EA and QT (Fig. 7cand d). InC, N,
and S, the RC of TEM for HWN and HWF range from 25.9 % to 32.2 %.
Compared to other heatwave metrics, HWD is mainly regulated by AO,
URB, and SPE], and the AO exerts a great influence (RC of 31.4 %) on the
HWD in NE (Fig. 7e). For HWT, TEM has a RC of 33.9 % in NE and AOD
have a dominant influence on heatwave onset time in SW (Fig. 7f) with
the RC of 42.9 %.

5. Discussion

This study analyzes the changes in heatwave across mainland China using
station-observed temperatures from 1960 to 2019. Overall, consistent with
previous studies (Liao et al., 2018; Shi et al., 2021), most areas of China
show increasing heatwave frequency and duration during 1985-2019. This
study found that climate change shows a large influence on heatwave,
which is physically reasonable because warming climate usually aggravates
extreme hot events over a large spatial scale (Guo et al., 2017; Liu et al.,
2021a). Similarly, the SPEI also acts as a crucial driver for heatwave fre-
quency, duration, and onset time, because the land-atmosphere coupling fa-
vors the amplification of hot spells and leads to mega-heatwaves (Geirinhas
et al., 2021). Moreover, the dry conditions can amplify heat entrainment
from the top of the atmospheric boundary layer and enhance the near-
surface heat storage (Miralles et al., 2014). The source of surface humidity in-
cludes both moisture advection and area evaporation, which generally in-
creases the probability of HW (An et al., 2020). For SOM, the increase of
temperature is always regarded as the standard response to low soil moisture
(Herold et al., 2016). However, because an increasing sensible heat flux to the
atmosphere can compensate the decreasing latent heat flux, the effect of low
SOM also cannot cause the increase of HW metrics (Alexander, 2011). During
1985-2018, the agricultural land, wetlands and lakes in China has been
widely shifted to urban land, which cause a significant perturbation to surface
energy balance (Zhou and Chen, 2018). The albedo of some urban land de-
crease and store more radiation energy, which contribute to the occurrence
of HW (Zhao et al., 2014). Besides, the increasing aerosols enhance the trans-
fer of solar radiation energy and reduce the diurnal temperature difference,
which result in a local insulation effect and attribute to the occurrence of
HW (Wild et al., 2007). The local and remote aerosol emission changes can

impact the summer extreme temperature event by inducing precipitation-
soil moisture-cloud-temperature feedback (Dong et al., 2016). The increase
of urban impervious surface (URB) also makes the surface albedo increase,
which leads to a high relative contribution to HW. In addition to land surface
process, this study also presents the significant relationship between atmo-
spheric circulation and heatwave metrics in different regions. For example,
AO is a critical atmospheric circulation factor for heatwave duration over
China, which is regarded as an important climatic driver for the East Asian
by affecting the westerly wind and the Siberian high (He et al., 2017).
Through causing eastward propagating Rossby wave trains toward Eurasia,
AMO change is also considered as an important contributor to heatwave
frequency (Zhou and Wu, 2016). Through Atlantic-Eurasian teleconnection,
the Atlantic SSTs always influence the high temperature events in northern
China (Deng et al., 2019). And positive AMO can cause the circulation
anomalies, which warm parts of China and increase HW frequency (Choi
et al., 2020). Furthermore, the low-frequency PDO dynamics can result in a
persistent and continuous atmosphere boundary condition, which influences
the regional climate and potentially contributes to the land temperature
(Vijverberg and Coumou, 2022). In this study, PDO has a significant relation-
ship with HWF in C, which is consistent with Guo et al. (2020).

Spatially, in C, S, EA, NE, and WAS, the heatwave frequency and duration
increase significantly from 1960 to 2019. The positive trends in heatwave in-
tensity are mainly located in the southern area, where the Western Pacific Sub-
tropical High has a huge impact. Specifically, the extension of the Western
Pacific Subtropical High can cause an unusual sinking of the airflow and rela-
tively low humidity, both of which are expected to raise air temperatures in
the lower troposphere of south China (Chen and Lu, 2015), causing the area
more susceptible to heatwaves than other areas on average. On the other
hand, from the spatial change patterns of the different heatwave metrics, the
heatwave change at the junction region of C, N, and WS is less evident than
that of other regions, which might due to that the region is influenced both
by the Western Pacific Subtropical High and the cold waves from north (L.
Yu et al., 2021; Y. Yu et al., 2021). Besides, summertime shifts of the Asian
jet stream toward the equator, as well as changes in stratospheric tempera-
tures, may induce surface temperatures in the junction region to cool (Wang
et al., 2013). Furthermore, increased aerosols and cloudiness restrict solar ra-
diation, producing additional cooling in the junction region throughout the
day (Chen and Zhai, 2017).

Previous studies have already quantified the contributions of climate
change and urbanization in some subregions of China, such as the North
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China plain (Kong et al., 2020). This study complemented the series of re-
cent studies at station scale and demonstrates the widespread potential
for anthropogenic activities and climate change to exacerbate all metrics
of heatwave from 1985 to 2018. Compared to previous studies, we empha-
sized the differences in drivers' contributions in different subregions. For in-
stance, urbanization plays a dominant role in the heatwave frequency and
duration of QT, EA, and NE (Fig. 7c-d). Taking QT as an example, since
1960, China's rapid economic development has resulted in a continual
growth in the plateau's population (Qi et al., 2020). From 1990 to 2019,
Tibet's population has increased from 2.18 million to 3.51 million people
(Liu et al., 2021a, 2021b; S. Liu et al., 2021). Due to the rising population
and rapidly developing tourism, the urbanization rate in Tibet is also con-
tinually increasing, although it is still slower than in other parts of China

(W. Gao et al., 2021; X. Gao et al., 2021). Besides, the sedentarization of
the historically nomadic peoples also result in significant increasing in set-
tlements and roads area (Lu et al., 2009). Since 1985, the increasing urban
land has drastically reduced forest cover on the Qinghai-Tibetan Plateau,
particularly in its eastern regions (Luo et al., 2020).

In this study, the heatwave metrics are derived from ground-based ob-
servations of temperature, and thus they do not rely on any parameter as-
sumptions like the remote sensing reanalysis data. However, it should be
emphasized that the observation-derived results can be impacted by the dis-
tribution and quality of weather stations. Therefore, heatwave metrics and
contribution results may have limitations in areas with few or uneven me-
teorological stations. For instance, since the observation stations of QT
are mostly distributed in the eastern area of Qinghai-Tibet plateau, the
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analysis results can only represent the situation in the eastern area (Fig. S1).
Further studies of mechanisms are needed to explain the more concrete re-
lationships between individual and combinations of HW drivers. Besides,
MERRA-2 reanalysis dataset, have difficulty simulating some climate
variables, such as low-level clouds and their corresponding cloud radiation
effects. Although comprehensively validated, the MERRA-2 reanalysis
dataset, especially for ALB and RAD data, still contains certain uncertainties
and errors, which are expected to be reduced through better design and de-
velopment of satellite missions and retrieval algorithms.

6. Conclusion

In this study, we estimated the change trends of heatwave during
1960-2019 and the relative contributions of impact factors to six heatwave
metrics during 1985-2018. The main findings are as follows:

1) The warm season temperature has exhibited a significant (p < 0.05) pos-
itive trend in most stations from 1960 to 2019, with a maximum trend of
0.068 °C/year. Spatially, the trends in central China have mostly exhib-
ited a decreasing tendency. For HWA, HWM, HWN, HWF, and HWD,
there are negative trends from 1960 to 1984, and after 1985, the trends
become positive.

For different subregions of China from 1960 to 2019, six heatwave met-
rics present non-significant (p > 0.05) change at the junction regions of
C, N, and SW. The heatwave frequency and duration increase signifi-
cantly in S, EA, NE, QT, and WAS. In addition to N, C, and SW, the sta-
tion HWT significantly decreases.

Overall, the climate factors present the highest explanatory rates among
four categories, while the land surface process has the lowest explana-
tory rates for HWA, HWN, HWF, and HWD during 1985 to 2018.
Human activities have significant positive relationships with HWA,
HWN, HWF, and HWD.

Based on RF, anthropogenic activities have a dominant contribution to
heatwave intensity in all subregions from 1985 to 2018. Besides, for
heatwave frequency (HWN and HWF), urbanization has a major influ-
ence in NE, EA, and QT, ranging from ranging from 32.8 % to 38.9 %.
In C, N, and S, the long-term climate change has a great contribution
on HW frequency, ranging from 25.9 % to 32.2 %. Heatwave duration
is mainly regulated by AO, URB, and SPEL
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