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Abstract
The Paris Agreement aims to keep global warming to well below 2 �C above pre-industrial levels and to pursue efforts to limit it to 1.5 �C,
recognizing this will reduce the risks of natural disasters significantly. As changes in the risks of temperature extremes are often associated with
changes in the temperature probability distribution, further analysis is still needed to improve understanding of the warm extremes over China. In
this study, changes in the occurrence probability of temperature extremes and statistic characteristics of the temperature distribution are
investigated using the fifth phase of the Coupled Model Intercomparison Project (CMIP5) multimodel simulations from 1861 to 2100. The risks
of the once-in-100-year TXx and TNx events are projected to increase by 14.4 and 31.4 times at 1.5 �C warming. Even, the corresponding risks
under 2 �C global warming are 23.3 and 50.6, implying that the once-in-100-year TXx and TNx events are expected to occur about every 5 and 2
years over China, respectively. The Tibetan Plateau, Northwest China and south of the Yangtze River are in greater risks suffering hot extremes
(both day and night extremes). Changes in the occurrence probability of warm extremes are generally well explained by the combination of the
shifts in location and scale parameters in areas with grown variability, i.e., the Tibetan Plateau for TXx, south of the Yangtze River for both TXx
and TNx. The location (scale) parameter leading the risks of once-in-20-year TXx to increase by more than 5 (0.25) and 3 (0.75) times under
2 �C warming in the Tibetan Plateau and south of the Yangtze River, respectively. The location parameter is more important for regions with
decreased variability e.g., the Tibetan Plateau for TNx, Northwest China for both TXx and TNx, with risks increase by more than 3, 6 and 4
times due to changes in location.
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1. Introduction

In December 2015, the 21st Conference of the Parties (COP
21) in Paris under the United Nations Framework Convention
on Climate Change (UNFCC) proposed a long term goal to
keep global warming to well below 2 �C and to pursue efforts
to limit global mean temperature increase to 1.5 �C
(UNFCCC, 2015). In the statement released by the World
dministration). Production and hosting by Elsevier B.V. on behalf of KeAi.
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Meteorological Organization (WMO) recently, 2019 is the 2nd
warmest year on record with global mean temperature
increased by 1.1 ± 0.1 �C relative to pre-industrial levels and
the past five years (2015e2019) are the five warmest in
instrumental records (WMO, 2020). As the global mean
temperature increase is getting closer to the 1.5 �C target, there
is growing urgency to conduct research to understand the
impacts and detrimental effects of climate change at the two
warming targets for different regions (or countries) of the
world.

China is a vulnerable area to global warming as a result of
its prominent monsoon climate and complex topography
(Huang et al., 2013). Most previous studies on the topic have
been carried out regarding the 2 �C warming target in China
(Jiang et al., 2009; Jiang and Fu, 2012; Lang and Sui, 2013;
Sui et al., 2015, 2018). Within the framework of the Paris
Agreement that went into force in November 2016, a growing
body of literature has focused on the 1.5 �C warming target,
especially the 0.5 �C difference between the two warming
levels. Under the 1.5 �C and 2 �C targets, mean temperature
over China would respectively increase by 1.7e2 �C and
2.4e2.7 �C relative to pre-industrial levels, with stronger in-
crease in Northwest China (Jiang et al., 2009; Jiang and Fu,
2012; Lang and Sui, 2013; Fu et al., 2018; Shi et al., 2018;
Sun et al., 2019; Yin et al., 2020). The total precipitation is
projected to increase 7% and 11% in eastern China under
1.5 �C and 2 �C global warming (Li et al., 2020), and the
number of days for heavy rain (>10 mm) might increase by
12% over eastern regions as a result of the additional 0.5 �C
warming (Guo et al., 2019). Regarding hot extremes, even
small changes in global mean temperature could lead to much
more important and significant regional changes (Knutti et al.,
2016). For the additional 0.5 �C warming, for example, in-
creases in the hottest day (TXx) and coldest night (TNn) might
be larger than 1 �C in Northwest China, Northeast China and
over the Tibetan Plateau (Guo et al., 2018; Shi et al., 2018).
The impacts of the extreme heat events are projected to in-
crease by 53%e84% and 53%e107% in Northeast China and
Northwest China, respectively, due to the additional 0.5 �C
warming (Zhang et al., 2020).

Global warming affects not only the intensity of extremes,
but also their probability or frequency of occurrence. It
generally increases the risk of extreme warm events and de-
creases that of extreme cold events (IPCC, 2013). Under
1.5 �C and 2 �C global warming, the occurrence probability of
once-in-20-year TXx is projected to increase about 130% and
340%, respectively (Kharin et al., 2018).For China, the addi-
tional 0.5 �C global warming would lead to an extra increase
in the risk of extreme events by 4.1 times relative to 1986-
2005 (Yu et al., 2018). Also, for heat waves like the histori-
cally hottest summer in 2013 over eastern China which caused
substantial social and economic damages, the once-in-5-year
event in the 2013 climate is projected to become a once-in-
2-year event under 1.5 �C global warming and almost every
year event under an additional 0.5 �C warming (Sun et al.,
2018).
In recent years, a number of studies have sought to
identify possible factors that affect the changes in temper-
ature extremes based on observations and model outputs. For
example, using station-based data, Parey et al. (2013) pre-
sented evidence that changes in temperature extremes over
Eurasia and the United States closely follow the changes in
means and standard deviations of the temperature distribu-
tions. Donat and Alexander (2012) also pointed out that
changes in the temperature extremes (both daytime and
nighttime) are associated with shifts in multiple aspects of
temperature distributions rather than just changes in the
mean. In contrast, Rhines and Huybers (2013) argued that
frequent summer temperature extremes reflect mainly
changes in the mean, but not very much in the variance of
the temperature distribution. A more recent study suggests
that changes in the distribution of daily minimum and
maximum surface air temperature in the Northern Hemi-
sphere mid-latitudes are largely (87%e88% of the stations)
associated with a positive shift in the distributions without
changes in the shape (McKinnon et al., 2016). In summary, it
is still a highly-controversial issue to understand how the
mean and variability contribute to changes in temperature
extremes, especially in studies that focus on risks based on
occurrence probability in the tail of the distribution or so
called risk ratios (e.g., Fischer and Knutti, 2015; Fr€olicher
and Laufk€otter, 2018; Kharin et al., 2018; Li et al.,
2018a). We want to revisit this issue in China under the
context of global warming at 1.5 �C and 2 �C levels. Our
approach will be based on the investigation of parameters
entering into the mathematical functions used to describe
extreme events in a probabilistic way. Such parameters with
their precise physical significance can help us to deepen our
understanding on the physical background of extreme
events.

Extreme value theory (EVT) is widely used to explore the
changes in extreme climate events (Easterling et al., 2000;
Kharin et al., 2007, 2013, 2018; Lee et al., 2014; Li et al.,
2018b; Zhu et al., 2017) and one common approach is the
generalized extreme value (GEV) distribution. GEV has also
been applied to a few studies regarding the Paris Agreement.
Kharin et al. (2018), for instance, made use of GEV to eval-
uate the differences in the risks of temperature extremes and
precipitation extremes between two warming limits. Similarly,
based on GEV, Li et al. (2018a, 2018b) found that the prob-
ability of a once-in-100-year historical extreme precipitation
event over 1986e2005 in China will increase 1.6 and 2.4 times
under 1.5 �C and 2 �C global warming, respectively. However,
there are relatively few studies that investigate the influence of
1.5 �C or 2 �C global warming on the different parameters
(location, scale and shape parameters) of GEV distribution,
which ultimately affect the occurrence probability (or risk) of
temperature extremes. To address this question, further anal-
ysis is still needed to understand the possible changes in future
temperature extremes beyond simply assessing the changing
magnitude of extreme temperature events. Therefore, we focus
on the contribution of different GEV parameters to the
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occurrence probability of temperature extremes at 1.5 �C and
2 �C warming levels in China, based on the fifth phase of the
Coupled Model Intercomparison Project (CMIP5) multimodel
simulations. The results can provide theoretical foundation to
the emission reduction and adaptation strategies for Chinese
government.

2. Data and methods
2.1. Data
Daily minimum and maximum temperatures are extracted
from 14 CMIP5 models (Table 1), including historical simu-
lation for the period 1861e2005 as well as future projections
under the RCP8.5 (Representative Concentration Pathways)
scenario for the period 2006e2100. We selected these 14
models by only considering the availability of their outputs.
As results are quite independent of precise RCP scenarios
leading to the global warming levels at 1.5 �C or 2 �C (not
shown), only the results derived from RCP8.5 are shown in the
present study. The historical simulation was realized with both
natural (solar irradiance and volcanic activity) and anthropo-
genic forcings. RCP8.5 represents the highest emission sce-
nario and it is actually the most representative of global CO2

emissions from 2005 to present (Peters et al., 2013). All the
analyses are based on the first realization of each model in
order to treat all models equally.

We also used monthly outputs of historical and RCP8.5
experiments from the 14 models mentioned above to deter-
mine the timing of 1.5 �C and 2 �C warming thresholds. We
used years 1861e1900 to represent the pre-industrial level,
which is a period with smaller human influence and a
commonly available time interval for CMIP5 models (Shi
et al., 2018; Guo et al., 2020). Then we smoothed the time
series of global mean temperature anomalies (relative to
1861e1900) of each model by a 21-year moving average to
suppress the interannual variability. The first year when the
temperature increase reaches 1.5 �C or 2 �C determines the
time window with 10 years forward and 10 years backward.
Table 1

Basic information of 14 CMIP5 models used in this study.

Model Model center Horizontal resolution

(latitude � longitude)

BCC-CSM1.1 BCC-CMA, China 128 � 64

CanESM2 CCCMA, Canada 128 � 64

CCSM4 NCAR, America 288 � 192

CSIRO-MK3-6-0 CSIRO-QCCCE, Australia 192 � 96

CNRM-CM5 CNRM-CERFACS, France 256 � 128

GFDL-CM3 NOAA GFDL, America 144 � 90

GFDL-ESM2M NOAA GFDL, America 144 � 90

HadGEM2-ES MOHC, UK 192 � 145

IPSL-CM5A-LR IPSL, France 96 � 96

IPSL-CM5A-MR IPSL, France 144 � 143

MIROC-ESM MIROC, Japan 128 � 64

MIROC-ESM-CHEM MIROC, Japan 128 � 64

MRI-CGCM3 MRI, Japan 320 � 160

NorESM1-M NCC, Norway 144 � 96
2.2. Methodology

2.2.1. Extreme temperature indices
Two extreme temperature indices are considered following

the recommendation of Expert Team on Climate Change
Detection and Indices (ETCCDI) (Zhang et al., 2011). They
are annual maximum of daily maximum temperature (TXx)
and annual maximum of daily minimum temperature (TNx).
Both the indices are calculated on the native grid of individual
models based on CMIP5 daily outputs.

2.2.2. Probability ratio to measure variation of risks
The probability ratio (PR) is defined as follows (Stott et al.,

2004, 2016; Fischer and Knutti, 2015): PR ¼ P1/P0, where P0

is the probability of an event (e.g., TXx and TNx) higher than
a threshold under historical simulations and P1 is the proba-
bility higher than the same threshold under future simulations,
for instance, at 1.5 �C or 2 �C warming level. If PR > 1, it
implies that global warming has increased the risk of historical
events in the future warming.

2.2.3. GEV distributions and derivations
To investigate the influence of different parameters, a GEV

distribution is first fitted to a sample of annual temperature
extremes. The cumulative distribution function (CDF),
described in terms of its three parameters (Coles, 2001), is

Gðx;m;s;xÞ¼ exp

8<
:�

h
1þ xðx� mÞ

s

i�1
x

þ

9=
; ;s > 0; 1

þ xðx� mÞ
s

> 0

ð1Þ

where m is the location parameter, s is the scale parameter, and x
is the shape parameter. Changes in the differentGEVparameters
can have different impacts on the distributions of annual ex-
tremes. Generally, the distribution of annual extremes is shifted
with the change Dm by simply changing the location parameter
m. Changing the scale parameter s affects the variability of the
distribution of annual extremes, in other words, increasing
(decreasing) s broadens (narrows) the distribution. Changing
the shape parameter x influences the symmetry in the distribu-
tion of annual extremes, by altering the tail behavior of the
distribution.We have verificated the fitted GEV distribution and
the empirical one to ensure its reliability in fitting the distribu-
tion of TXx and TNx (results not shown).

It should be clear that although the scale and shape pa-
rameters both affect the variability of extreme temperature
distribution, we considered scale parameter as the only factor
controlling the variability hereafter due to relatively small
changes in the shape parameter (results not shown), but
consistent with those presented in Goubanova and Li (2007)
for the Mediterranean area. Consequently, to better convey
the impacts of different parameters on the risks, here we
assumed shape parameter x stay constant for a specific
warming level and make the following derivation. Consider
two GEV distributions, described as X � Gðm0; s0; x0Þ and
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X0 � Gðm;s;x0Þ, where m ¼ m0 þ Dm and s ¼ s0 þ Ds. Then
the probability ratio (PR) can be expressed as

PR¼P1
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Þ
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To satisfy differentiable conditions, denote m ¼ kmmmax and
s ¼ kssmax, respectively. Then the PR due to shift in location
parameter m and scale parameter s can be written as
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where mmax=smax is the maximum location/scale parameter of
historical and 1.5 �C or 2 �C warming level, and k is the rate of
corresponding parameter. The derivation functions of Eqs. (3)
and (4) should be
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Here, we define PR0
km

and PR0
ks

as the variation rate of the
risks induced by location and scale parameter, respectively. A
larger PR0

km
or PR0

ks
indicates more rapid changes in the risks

for a specific parameter.
Hence, the total differential equation can be expressed as

dPR¼PR0
km
dkm þPR0

ks
dks ð7Þ

where PR0
km
dkm and PR0

ks
dks are defined as contribution rates

which mean the changes in risks caused by location parameter
and scale parameter hereafter, respectively.

2.2.4. Model fitting procedures
For studying high temperature extremes, the three param-

eters in Eq. (1) are estimated on the native grid of each model
under historical simulations and then the corresponding per-
centiles can be determined. Similarly, the GEV distribution at
each grid box for the corresponding 1.5 �C or 2 �C global
warming period under RCP8.5 simulations can also be fitted.

Having fitted the GEV distribution, the exceedance
threshold under historical climate (i.e., 99th percentile for the
once-in-100-year event) can be obtained on each grid box for
respective model and the corresponding changes in occurrence
probability of temperature extremes as well as the relevant
variation/contribution rates for a given warming target can be
estimated. In order to facilitate the comparison of different
models, the PR and variation/contribution rates of individual
models are regridded to a common 1� � 1� grid using bilinear
interpolation. In this study, the geographical distribution of
projected PR at a specific warming level is depicted as mul-
timodel median values.

To deal with the information offered by the multimodel
ensemble, we can use the ensemble median values for each of
the three GEV parameters. That is, the estimated parameters of
individual models, once obtained, are then interpolated onto a
common 1� � 1� grid. Their median values are then taken as
the reconstructed parameters to deduce the multimodel prob-
ability density functions (PDFs) and the PR associated. This
alternative way to explore the multimodel ensemble at the
level of GEV parameters is new and different from the primary
way of using the multimodel ensemble information at the final
level of PR. But the two approaches are quite close to each
other and show consistent results. It is to be noted that the
shape parameter x determines the precise mathematical form
of the probability distribution, which forces us to exclude such
models appearing in the category (x: <0, ¼ 0, >0) minority of
the ensemble. This situation, however, occurs very rarely,
since the Weibull function (x < 0) seems the dominant case for
us.

3. Results
3.1. Changes in the probability ratios of temperature
extremes
Regional risk ratios are illustrated as a function of different
return values (or different percentiles) under historical



176 SHI C. et al. / Advances in Climate Change Research 11 (2020) 172e184
conditions (1861e2005) (Fig. 1). The regional risk ratios are
calculated by area-weighting PR on respective grids for indi-
vidual models across China. Ultimately, 14 values of area-
weighted PR can be obtained to form the box-plots in Fig. 1
for a specific warming level and return period. Consistent
with previous studies (Fischer and Knutti, 2015; Kharin et al.,
2018), PR for TXx and TNx with different return levels both
increase under 1.5 �C and 2 �C global warming, indicating
once again that global warming augments the risks of warm
extremes. The PR differs substantially between the warming
levels of 1.5 �C and 2 �C. For example, the corresponding
median PR of TXx and TNx (expected once-in-100-year under
historical conditions) at 1.5 �C global warming is 14.4 and
31.4, respectively, and a further 890% and 1920% increases
for a 2 �C warming target (PR is 23.3 and 50.6). This also
means that on average over China a TXx and TNx event ex-
pected every 100 years in historical simulations is expected
about every 5 and 2 years under 2 �C global warming. There
are substantial increases in the risks of TNx, with the median
risks more than two times higher than TXx for a specific
warming level and return value. The increases in PR are larger
for a higher warming level and a higher percentile, which
implies that global warming has greater influence on the
occurrence probabilities of rarer extreme hot events. Further-
more, there is also a larger inter-model uncertainty range for a
higher percentile.

Fig. 2 shows the spatial patterns of PR for TXx and TNx
that occur once every 20 years under historical climate as
compared to those at the two global warming levels. Under
1.5 �C and 2 �C global warming, the risks increase (PR > 1)
across China, indicating more frequent occurrence of such hot
extremes. There are very similar patterns between the 1.5 �C
and 2 �C warming levels, whereas the latter has much larger
values. In addition, there are substantial differences in the
increasing magnitude across various regions. The PR for a
historical once-in-20-year event is relatively higher in lower
latitudes and higher altitudes (for instance, south of the
Yangtze River the Tibetan Plateau, and Southwest China),
with risks increasing by more than 10 and 20 times in these
areas for TXx and TNx under 2 �C global warming,
Fig. 1. Boxplots showing the distribution of multimodel probability ratios (relative

and (b) TNx exceeding the 95th (once-in-20-year), 98th (once-in-50-year) and 99t

(The bottom and top whiskers are the 10th and 90th values. The bottom and top of b
respectively. This means that these areas will have greater
risks suffering hot extremes due to the influence of 1.5 �C and
2 �C global warming. The warming influence is more promi-
nent in the changes of occurrence probability of TNx. This is
due to the fact that TNx has a smaller variability which means
a greater change in the probability for a similar temperature
increase compared with TXx (Sun et al., 2016). Compared to
1.5 �C warming, for both TXx and TNx, PR is almost doubled
over these areas under 2 �C global warming.

As for warm events expected to occur every 50 years, the
risks are higher for the same warming level across China
(results not shown). There are also larger differences between
once-in-20-year and once-in-50-year events for a greater
warming level. For example, the differences between the risk
ratios of once-in-50-year and once-in-20-year events for TXx
and TNx are 7 and 15 under 2 �C global warming, respec-
tively, which are almost 2 times higher than that in a 1.5 �C
warming level (Fig. 1).
3.2. Changes in the GEV parameters of temperature
extremes
Relative to historical climate, there are greater variations of
location parameter in the west of the Tibetan Plateau, South-
west China and Northwest China for TXx (Fig. 3a and b), with
positive shifts of more than 2 �C and 2.5 �C at 1.5 �C and 2 �C
warming levels, respectively. The scale parameter mainly in-
creases in North China and south of the Yangtze River (Fig. 3c
and d). There are differences in the sign of changes in scale
parameter over Northeast China and western part of the Ti-
betan Plateau between the two global warming levels, with
lower/higher variability under 1.5 �C/2 �C warming, implying
that it might somewhat mitigate the warming rates at these
same locations if global warming could be limited to 1.5 �C
relative to pre-industrial levels.

The variation rate and contribution rate of location
parameter and scale parameter are further calculated (Fig. 4).
As the differences are very small between the two global
warming levels, only the distributions of variation rate under
1.5 �C warming level are shown here. The variation rate of
to historical conditions (1861e2005), and averaged across China) for (a) TXx

h (once-in-100-year) percentiles under 1.5 �C and 2 �C global warming levels

oxes are the first and third quartiles, and the band inside the box is the median).



Fig. 2. Spatial distributions of probability ratios (expressed as multimodel median) for TXx and TNx that expected to occur every 20 years under 1.5 �C (a, c) and

2 �C (b, d) global warming levels.

Fig. 3. Spatial distributions of the changes in (a, b) location m and (c, d) scale s (expressed as multimodel median) for TXx under 1.5 �C and 2 �C global warming

levels.
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location parameter is higher in Northwest China, Southwest
China and southeast coastal areas (Fig. 4a), implying that the
risks induced by changes in location parameter will increase
faster over these regions under a specific warming level. As for
scale parameter (Fig. 4b), greater variation rate is located in
the west of the Tibetan Plateau and Southwest China. The
change rates of the two GEV parameters are both positive
which further proves that the risks of TXx increase with
location parameter and scale parameter. In the south of the
Yangtze River, there is greater contribution rate due to the
Fig. 4. Spatial distributions of the (a, b) derivations of probability ratios, and cont

median) for TXx expected every 20 years under 1.5 �C and 2 �C global warming
higher variation rate of location and scale. The contribution
rate is highest in the Tibetan Plateau due to the larger increases
in location (Dm) and the greater variation rate of scale. This
indicates that the variations of PR in the Tibetan Plateau and
south of the Yangtze River are closely related to the combined
effect of location and scale parameter. Relative to historical
climate, under 2 �C global warming, the risks increase by
more than 5 (0.25) and 3 (0.75) times in the Tibetan Plateau
and south of the Yangtze River due to the impact of location
(scale) parameter (Fig. 4d and f), respectively. While for
ribution rates in (c, d) location m and (e, f) scale s (expressed as multimodel

levels.
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Northwest China where there are also greater warming in-
crements and decreased variability, the risks increase strongly
but not so much as that in the Tibetan Plateau, suggesting that
the relatively higher PR in Northwest China is mainly affected
by the changes in location parameter. The location parameter
is projected to lead the risks of a historical once-in-20-year
event increase by more than 3 times in Northwest China,
whereas the scale parameter is estimated to reduce the risks of
about 0.5.

Figure 5 depicts the distribution of TNx in a manner similar
to Fig. 3. The highest changes in location parameter of TNx
are mainly situated in Northwest China (Fig. 5a and b), along
with decreased variability. The variability of TNx mainly in-
creases in mid-eastern China, with greater values in south of
the Yangtze River (Fig. 5c and d).

Similar to TXx, the variation rate of location parameter is
higher in south of the Yangtze River but with greater values,
especially in southeastern part of Northeast China (Fig. 6a).
The risks induced by the changes in scale parameter are
positive across China and mainly increase in the Tibetan
Plateau and Southwest China. Clearly, this again indicates that
location parameter and scale parameter both promote to the
increase in the risks of TNx. Although the variation rate of
location parameter in the Tibetan Plateau is not the highest
Fig. 5. Spatial distributions of the changes in (a, b) location m and (c, d) scale s (exp

levels.
over China, the highest PR in the Tibetan Plateau is mainly
attributable to the changes in location parameter due to the
decrease in its variability (Fig. 6c and d). The risks in the
Tibetan Plateau are projected to increase by more than 6 times
relative to that in the historical climate under 2 �C global
warming, as a consequence of the increases in location
parameter. Similarly, next to the Tibetan Plateau, the location
parameter contributes to the increases of risks in Northwest
China, with the highest increments in location parameter and
decreased variability under global warming over these grids.
The risks are estimated to increase by more than 4 times
relative to the historical climate at 2 �C warming. As for the
areas in the south of the Yangtze River, the relatively higher
risks are influenced by the combined effect of location
parameter and scale parameter (Fig. 6d and f).
3.3. Changes in the probability distributions of
temperature extremes
To provide more insight into the impacts of GEV param-
eters on the risks for warmest day and night temperature ex-
tremes, Fig. 7 displays the multimodel median GEV PDFs and
the corresponding parameters over several grid points under
historical, 1.5 �C and 2 �C warming level, respectively. There
ressed as multimodel median) for TNx under 1.5 �C and 2 �C global warming



Fig. 6. Spatial distributions of the (a, b) derivations of probability ratios, and contribution rates in (c, d) location m and (e, f) scale s (expressed as multimodel

median) for TNx expected every 20 years under 1.5 �C and 2 �C global warming levels.
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is a clear positive shift in the location parameter for both TXx
and TNx, indicating once again that global warming will in-
crease the risks of warm temperature extremes. The shape
parameter is negative over China, that is, the fitted PDF is a
Weibull distribution, as is usually the case for temperature
extremes (Huang et al., 2016; Zhang et al., 2017). In general,
larger positive variations of location and scale parameter both
contribute to increasing risks of TXx over areas such as
Lhasa, Guangzhou and Shanghai, and the risks of a once-in-
100-year TXx event are estimated to increase about 20 times
(expected about every 5 years) under 2 �C warming (Table 2).
Although the variability almost remains unchanged, among
these six areas, Urumqi is the most sensitive location with the
greatest warming increments of about 2.61 �C/3.16 �C under
1.5 �C/2 �C warming, i.e., a historical once-in-100-year TXx
event is projected to occur about 20/30 times more frequently



Fig. 7. Probability density functions (PDFs) satisfying GEV distributions for (top six panels, aef) annual warmest day (TXx) and (bottom six panels, gel) annual
warmest night (TNx) for grid points corresponding to six emblematic cities, Urumqi, Beijing, Shenyang, Lhasa, Guangzhou and Shanghai (An independent GEV is

used to fit each of the 14 climate models. The curves shown here are reconstructed with the three GEV parameters, ‘loc’ for location, ‘scl’ for scale, and ‘shp’ for

shape, that take their values from the multimodel median. The vertical dashed lines represent the 98th percentiles (once-in-50-year return level) of the historical

PDF curve).
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(Table 2). Beijing and Shenyang is less sensitive to global
warming due to the combined effect of smaller temperature
increase and decreased variability, especially for Shenyang.
For the other three cities, increased location and scale
parameter both contribute to the greater risks under the two
global warming levels. This further support the results
mentioned above.

The width of the PDF distribution for TNx is narrower than
that for TXx, which means that the variability of TNx is
smaller than TXx. In other words, if the location parameter of
TXx and TNx both increase 1 �C, there will be greater vari-
ations in the risk ratios of TNx. Under 2 �C global warming,
for example, the risk for a once-in-100-year TNx event in
Shenyang is projected to increase about 31 times (expected
every 3 years), which is 2680% higher than that for a once-in-
100-year TXx event (Table 2). In addition to the smaller
variability of TNx, its variability also increases with global
warming in Lhasa, Guangzhou, Shanghai and Shenyang,
indicating the importance of the joint effect of location and
scale parameters. However, for Urumqi and Beijing with
reduced variability, the historical once-in-100-year TNx event
is expected to occur almost every 2 and 5 years under 2 �C
global warming (Table 2), respectively, as a result of greater
warming amplitude in the location parameter.

In general, location parameter and scale parameter both
contribute to the increase of risks for TXx over large areas
where there is higher variability in the warmer world (i.e.,
mainly over the Tibetan Plateau, Southwest China and south of
the Yangtze River). While for regions with lower variability,
such as Northwest China, North China and Northeast China,
location parameter plays a more important role in the changes
of PR for TXx. Compared with TXx, in addition to the above
two factors, higher risks of TNx are largely associated with its
lower variability.
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4. Conclusions

Widespread climate extreme events may affect the most
populous and prosperous regions in China and produce sub-
stantial impacts on humans and ecosystems, it is crucial to
understand the statistical characteristics of changes in the
climate extremes. Based on CMIP5 multimodel simulations,
the influence of global warming on the temperature extremes
over China under the Paris Agreement targets has been
investigated in this study. Our major findings are summarized
as follows:

The rapid increases in global mean temperature with
respect to pre-industrial levels are projected to drive changes
in the magnitude and occurrence probability of temperature
extremes. While the spatial patterns of PR are very similar for
a climate variable with specific return level, there are sub-
stantial differences in the PR between the two global
warming levels and also the different recurrence periods. For
example, the PR of once-in-100-year TXx and TNx events
are 14.4 and 31.4 at 1.5 �C warming, which transfer to the
return periods of 7 and 2 years. However, under 2 �C global
warming, once-in-100-year TXx and TNx events are pro-
jected to occur about every 5 and 2 years (the risks are 23.3
and 50.6), respectively.

Changes in probability ratios reflect the behavior of shifting
location and changing variability of a GEV distribution. The
risks in the Tibetan Plateau and south of the Yangtze River are
higher due to their sensitivity to location and scale parameters,
with once-in-20-year TXx projected to increase by more than
5 (0.25) and 3 (0.75) times under 2 �C warming over these two
regions, respectively, as a result of the greater warming
amplitude (increased variability). Risks for regions with
decreased variability (i.e., Northwest China for TXx, the Ti-
betan Plateau and Northwest China for TNx) appear to be
straightforwardly affected by the behavior of location
parameter, which transfers to more than 3, 6 and 4 times in-
crease in the PR relative to the historical climate. For TNx,
regions with weaker warming and increased variability (i.e.,
Northeast China), the risks are also closely associated with the
combined effect of location parameter and changing vari-
ability. Furthermore, compared with TXx, the smaller vari-
ability of TNx results in a greater change in the probability for
a specific warming level.

Our results highlight that there are substantial differences in
the risks of temperature extremes between the 1.5 �C and 2 �C
global warming levels, which has a strong implication for
climate change adaptation strategies over China. The complex
changes of temperature distributions can induce large effects
on the risks of temperature extremes. Also, physical processes
(i.e., soilemoistureeclimate interaction) are important for
understanding the changes in temperature extremes, though
we did not explore them in this study.
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