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ABSTRACT
The frequency and intensity of extreme high temperature (EHT) in the Northern Hemisphere exhibit
remarkable low-frequency (LF) variations (longer than 10 years) in summer during 1951–2017. Five hotspots
featuring large LF variations in EHT were identified, including western North America–Mexico, eastern
Siberia, Europe, central Asia, and the Mongolian Plateau. The probability density functions show that the
higher EHT occurrences over these hotspots in recent decades is consistent with the shifted average and
increased variances in daily mean temperature. The common features of the LF variation in EHT frequency
over all domains are the remarkable increasing trends and evident decadal to multidecadal variations. The
component of decadal to multidecadal variations is the main contribution to the LF variations of temperature
in the last century. Further analysis shows that the coherent variability of decadal to multidecadal temperature variations over western North America–Mexico, eastern Siberia, Europe, and the Mongolian Plateau
are the footprints of a dominant natural internal signal: the Atlantic multidecadal oscillation. It contributes to
the variations in temperature over these hotspots via barotropic circumglobal teleconnection, which imposes
striking anomalous pressure over these regions. This study implies that natural internal variability plays an
important role in making hotspots more vulnerable to EHT.

1. Introduction
Extreme high temperature (EHT) has widespread
impacts on human health, societi, economies, and ecosystems (Easterling et al. 2000; National Academies of
Sciences, Engineering, and Medicine 2016). In recent
years, severe EHT events have significantly increased
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and hit various parts of the globe (Alexander et al.
2006)—for example, EHT occurred during the summer of 2010 in Russia (Grumm 2011), summer 2013 in
eastern China (Wang et al. 2017), and summer 2015 in
India (Dodla et al. 2017). Recognizing global hotspots
of low-frequency (LF) variations in EHT and understanding the reasons for their features are crucial in the
mitigation of risks and in adaptations to climate change
(Eyring et al. 2016).
As a result of the limited availability of highquality global observational datasets, previous studies have primarily investigated the LF variation
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in temperature extremes from a spatially aggregated
perspective or on a regional scale. Global-average EHT
has been reported to show an increasing trend from 1951
to 2003 (e.g., Alexander et al. 2006; Fischer and Knutti
2014). Meanwhile, the characteristics of the LF variation
in EHT in some regions such as Europe (Kyselý 2009),
China (Qi and Wang 2012), and North America
(Grotjahn et al. 2016) have attracted the interest of researchers. However, whether these regions are more
vulnerable to EHT than others is unclear.
The characteristics of the LF variation in EHT differ
from region to region. Generally speaking, EHT over
most global land areas have shown increasing trends of
varying degrees (e.g., Grotjahn et al. 2016; Rohini et al.
2016; Wibig 2018). But the severities of EHT in different
domains are not comparable, because they have been
derived from different datasets using different criteria.
In addition, EHT in some areas shows a remarkable
decadal to multidecadal variation. For instance, the
warm days over the Mongolian Plateau shows prominent changes around the 1980s and 1990s (Wang et al.
2016). Europe experienced anomalously strong EHT
during the time periods 1936–49 and 1992–2005 (DellaMarta et al. 2007). However, whether there is a link
between the LF variations in EHT in these regions remains unknown.
Previous studies have reported that the long-term
trends in EHT can be mainly ascribed to anthropogenic forcing (Stott et al. 2004; Sun et al. 2014).
However, the contribution of natural forcing to the
decadal to multidecadal variation in temperatures
and EHT varies widely in different regions. For instance, the Atlantic multidecadal oscillation (AMO)
and natural external forcing (solar forcing, volcanic
eruptions, and sulfate aerosols) could influence the
summer temperature/EHT over Europe (Boer et al.
2000; Ghosh et al. 2017). Ruprich-Robert et al. (2018)
suggested that the soil moisture content contributes to
heat waves over North America. The decadal variation in the frequency of EHT over Eurasia has been
reported to be influenced by mega-El Niño–Southern
Oscillation and AMO (Zhou and Wu 2016). These
diversities motivated us to investigate the dominant
natural contributors for each core region and their
linkages. As two of the most important natural internal variabilities on the decadal to multidecadal
time scales that could influence the climate in local
and remote regions (e.g., Sutton and Hodson 2005;
Sun et al. 2015; Dong and Dai 2015), AMO and interdecadal Pacific oscillation (IPO) become a major
focus.
Based on several indices of global temperature extremes constructed from global in situ observations
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(Donat et al. 2013), we addressed three questions: 1)
what are the LF hotspots of summertime EHT in the
Northern Hemisphere, 2) is there coherent LF variation in EHT over these hotspots, and 3) if so, what
controls the coherent variation in EHT in the hotspots? The remainder of this paper is organized as
follows. Section 2 introduces the datasets and methods
used in the study. The hotspots with a large LF variability of summer EHT in the Northern Hemisphere
are identified in section 3, and the detailed characteristics of the LF variation in EHT over hotspots are
presented in section 4. Section 5 identifies the footprints of the AMO on EHT over hotspots and proposes physical mechanisms for the connections. A
discussion and summary are presented in sections 6
and 7, respectively.

2. Datasets and methodology
a. Datasets
Extreme temperature indices were retrieved from
the Gridded Temperature and Precipitation Climate
Extreme Indices (GHCNDEX) dataset. This dataset
was developed from the National Climatic Data
Center’s Global Historical Climatology NetworkDaily dataset, which is the world’s largest repository
of daily in situ observations. It provides the 26 temperature and precipitation indices recommended by
the World Meteorological Organization Commission
for Climatology/CLIVAR/JCOMM Expert Team on
Climate Change. Two variables, the monthly warm
days and the warmest daily maximum temperature
Tmax, were used in this study. The warm days refer to
the EHT frequency, which are defined as the percentage of days with the daily maximum temperature
exceeding the local 90th percentile of the base period
1961–90. The 90th percentile was calculated for each
calendar day using a centered 5-day window. The
spatial resolution is 2.58, and the record covers the
time period 1951–2017 (Donat et al. 2013). The results
were verified by the daily maximum and mean temperatures from the Berkeley Earth Surface Temperatures (BEST) dataset provided by the Berkeley
Earth Project (Levi 2013; Rohde et al. 2013a,b). The
BEST data have a horizontal resolution of 18 and
cover the time period 1920–2017. As the stations in
the GHCNDEX dataset are mainly distributed in the
Northern Hemisphere, this study focused on boreal
summer [June–August (JJA)] EHT in the Northern
Hemisphere.
The other monthly temperature variables used in
this study include the monthly surface air temperature
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from the GISS Surface Temperature Analysis (GISTEMP)
dataset with a horizontal resolution of 28 over the time
period 1920–2017 (Hansen et al. 2010) and the National
Oceanic and Atmospheric Administration (NOAA)
Extended Reconstructed Sea Surface Temperature,
version 5 (ERSST.v5) with a horizontal resolution of
28 over the time period 1920–2014 (Huang et al. 2015;
Liu et al. 2015).
The monthly mean atmospheric circulation, radiative
flux, and cloud cover were provided by 1) the National
Centers for Environmental Prediction–National Center
for the Atmospheric Research (NCEP–NCAR) reanalysis datasets with a spatial resolution of 2.58 and 17
pressure levels in the vertical direction over the time
period 1951–2017 (Kalnay et al. 1996), 2) the Twentieth
Century Reanalysis, version 2 (20CR), data products
with a spatial resolution of 28 and 24 pressure levels
(Compo et al. 2011) from the NOAA over the time
period 1920–2014, and 3) the European Centre for
Medium-Range Weather Forecasts (ECMWF) twentieth century reanalysis (ERA-20C) dataset with a spatial
resolution of 2.588 and 37 pressure levels over the time
period 1920–2010 (Poli et al. 2016). Data records after
1920 were used because the observations of sea surface
temperature (SST) are sparse over the tropical Pacific
before the 1920s (Dong and Dai 2015). Note that the
surface variables in 20CR only cover the time period
1920–2012. The AMO and IPO indices were downloaded from the NOAA website (Enfield et al. 2001;
Henley et al. 2015).

b. Methodology
In this study, we focused on the LF variations in
EHT and temperature. The Theil–Sen trend estimation
method and the Mann–Kendall trend significance test
were used to extract linear trends (Mondal et al. 2012).
The LF variation of any field of interest was extracted
by filtering out interannual variations shorter than
10 years via the Lanczos filter (Duchon 1979), which
only allows components with time periods longer than
10 years. Thus, it contains the decadal to multidecadal
variabilities and long-term trends of the time series.
The decadal to multidecadal variations of hotspotaveraged EHT and temperature were calculated by
simply removing the linear trends of time series. To
better remove the larger-scale global signal associated
with global warming, the decadal to multidecadal variations of other variables of interest were obtained by
removing the signals associated with the LF variations
of the globally averaged SST from them using linear
regression analysis. We fitted the globally averaged
SST to the LF variables using the least squares technique. The estimated components related to the SST

were then subtracted from the climate time series and
the residuals were regarded as the parts that were
dominated by decadal to multidecadal variations (Wu
et al. 2016). The data were averaged using the cosine
of the latitude as the weight. The statistical significance
was evaluated using the Student’s t test with autocorrelation to estimate the effective degree of freedom
(Zwiers and von Storch 1995).
According to Yanai et al. (1973), the change in temperature at each constant level is determined by the
combined effects of the horizontal temperature advection (2V  =T), the adiabatic process vs related to
vertical motion and the atmospheric apparent heat
source Q1, where T denotes the temperature, V is
the horizontal velocity vector, = is the horizontal gradient operator, v is the vertical pressure velocity,
s 5 RT/(cp p) 2 ›T/›p is the static stability, p is the
pressure, cp denotes the specific heat at constant pressure, and R is the gas constant. Because Q1 is largely
modulated by the net upward flux at the boundary layer,
the horizontal temperature advection, the adiabatic
process, and the surface radiative fluxes were analyzed
to understand the heating process.

3. Hotspots of EHT with LF variations
To identify the hotspots of LF changes in EHT, we
showed the spatial distribution of LF changes in EHT by
calculating the contribution of the LF variance against
the total variance in EHT for both the EHT frequency
(warm days) and intensity (warmest Tmax) during the
boreal summers of 1951–2017 in the Northern Hemisphere (Fig. 1).
Here, we defined an EHT hotspot as a region in
which the fractional LF variance of both the frequency
and intensity exceed the top tertile of the values in the
Northern Hemisphere. The top tertile thresholds of
the fractional variance are 28.7% and 26.9% for the
frequency and intensity, respectively. In this way,
five hotspots of EHT were identified: western North
America–Mexico (158–428N, 1158–988W), eastern Siberia
(528–718N, 1288E–1808), Europe (378–558N, 48W–468E),
central Asia (318–538N, 528–788E), and the Mongolian
Plateau (418–608N, 888–1228E). These regions were considered to be more vulnerable to EHT as a result of their
large LF fluctuations.

4. Characteristics of the LF change in EHT and the
daily mean temperature over hotspots
What are the major features of LF change in EHT
over the above hotspots? To address this question, we
used the warm days to represent EHT because warm
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FIG. 1. The fractional variance of LF (a) warm days (%) and (b) warmest daily Tmax (%) in
JJA during the time period 1951–2017. The five black boxes denote the hotspots of western
North America–Mexico, eastern Siberia, Europe, central Asia, and the Mongolian Plateau.
The white dots and lines denote the areas with values exceeding top tertile of the grids in the
Northern Hemisphere.

days had fewer missing values than the data of the
warmest Tmax in the GHCNDEX dataset. Because the
more recent decades from the early 1980s are likely to
be the warmest 30-yr period of the last 1400 years in
the Northern Hemisphere (IPCC 2014), we purposely
separated the 67 summers into two periods: 1951–79
and 1980–2017. By comparing the two epochal differences in the occurrence of EHT over the hotspots
(Fig. 2a), we found that the probability density functions (PDFs) of warm days in the post-1980 epoch shift
remarkably toward larger values, indicating that the
occurrences of EHT significantly increase. The maximum PDF value of the EHT frequency averaged over
the five hotspots increases by 2.53% after 1980. We also
found that the daily mean temperatures shift to the
warmer side, which is consistent with the changes in
the occurrence of EHT. The maximum PDF value of
the daily mean temperature averaged over the hotspots
increases by 0.488C after 1980. In addition, the distribution of the PDF of daily mean temperatures become
flatter in all the hotspots, indicating the increased
variability of temperature after the 1980s. Both the
shifted average and the increased variability in the
daily mean temperature lead to the occurrence of more
EHT over the five hotspots.
By examining the annual time series of the regionaveraged frequency of EHT in each hotspot from 1951
to 2017, we found that the shift around the 1980s contains changes on two different time scales: a long-term
trend and decadal to multidecadal variations (Fig. 3).

The linear trends in the EHT frequencies are significantly positive over all hotspots, with values of 0.82%–
1.95% decade21 over the five hotspots and an average
of 1.29% decade21. The large decadal to multidecadal
variation is also significant over each hotspot, accounting for 22.9%–47.7% of the total LF variance. According to the Lepage changepoint test (Lepage 1971), the
decadal changes in the EHT over most hotspots mainly
occur around the early 1960s and mid-1990s (table
not shown).
Is there any linkage between EHT and associated
daily mean temperature in their LF change? The correlation coefficients of the decadal to multidecadal
variations in EHT and the mean temperature over the
five hotspots range from 0.73 to 0.97, which are all
significant at 99% confidence level (Fig. 4). Therefore,
both the PDF and the correlation analysis indicate that
the LF changes in EHT are consistent with that of the
daily mean temperature in the hotspots.

5. Coherency of the LF variations in EHT over
hotspots
As mentioned above, the decadal to multidecadal
variations in EHT account for 22.9%–47.7% of the
total LF variance over the five hotspots during the time
period 1951–2017. We further calculated the fractional
variance of the decadal to multidecadal variations
during 1920–2017 using the daily mean temperature
and found that it explains 80.2%, 58.6%, 79.8%, 54%,
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FIG. 2. PDF of (a) warm days (%) and (b) the surface air temperature anomaly (8C) in the Northern Hemisphere and over the five
hotspots (western North America–Mexico, eastern Siberia, Europe, central Asia, and the Mongolian Plateau) during the time periods
1951–79 (pink) and 1980–2017 (black); delD/delT and delD_mean/delT_mean show the differences of the maximum values of PDFs
between the periods of 1951–79 and 1980–2017 in the Northern Hemisphere and averaged over five hotspots, respectively.

and 98% of the LF variance averaged over western
North America–Mexico, eastern Siberia, Europe, central Asia, and the Mongolian Plateau, respectively. In
other words, the decadal to multidecadal variations
make the primary contribution to the large LF variance
in the last century. We therefore investigated whether
there is a coherent variation in the decadal to multidecadal fluctuations over these hotspots.
We investigated whether the decadal to multidecadal
fluctuations of EHT over the five hotspots are correlated with one another using pairwise correlation

analysis. Table 1 shows that there are high correlations among four hotspots: western North America–
Mexico, eastern Siberia, Europe, and the Mongolian
Plateau. The correlation coefficients range from 0.23 to
0.64 and most of them are statistically significant at
the 95% confidence level. These results suggest that the
decadal to multidecadal variations in EHT over the four
hotspots exhibit a coherent variation.
Why do the EHT over these hotspots have coherent
variations? It is commonly assumed that the decadal
to multidecadal variations in EHT over these regions
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FIG. 3. Annual time series anomalies relative to the 1961–90 mean values for warm days (black bars; %) averaged
over the Northern Hemisphere and the five hotspots (western North America–Mexico, eastern Siberia, Europe,
central Asia, and the Mongolian Plateau) in the time period 1951–2017. The red lines are the linear regression lines
and the values indicate linear trends in the Northern Hemisphere and at each hotspot (% yr21).

are dominated by the same contributor. As the AMO
and IPO are the most remarkable natural internal
variabilities in decadal to multidecadal signals (e.g.,
McCabe et al. 2004; Sun et al. 2017), the relationship
between the decadal to multidecadal variations in
EHT and the AMO/IPO was examined (Table 2). We
calculated the correlation coefficients between the
AMO/IPO and the daily mean temperature over these
hotspots derived from GISTEMP dataset rather than

EHT for two reasons. First, there is a consistent decadal to multidecadal variation between EHT and the
daily mean temperature from 1951 to 2017 (section 4).
Second, the records of the daily mean temperature
(1920–2017) are longer than one life cycle of the
AMO/IPO. Figure 4 shows that the temperature over
western North America–Mexico, eastern Siberia, Europe, and the Mongolian Plateau are highly correlated
with the AMO. In other words, during the positive

FIG. 4. Time series of the AMO (light blue shading) and decadal to multidecadal components of the surface air temperature (black line)
and warm days (red line) in the Northern Hemisphere and five hotspots (western North America–Mexico, eastern Siberia, Europe, central
Asia, and the Mongolian Plateau) during the time period 1920–2017. The blue values are the correlation coefficients between the AMO
and surface air temperature during the time period 1920–2017 that are significant at the 99% confidence level. The red values are the
correlation coefficients between the surface air temperature and EHT during the time period 1951–2017 that are significant at the 99%
confidence level.
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TABLE 1. Pairwise correlation coefficients of the decadal to multidecadal variations in EHT over the five hotspots during the time period
1951–2017. The boldface values indicate results significant at 95% confidence level.
Correlation coefficients (EHT)

Western North America–Mexico

Eastern Siberia

Europe

Central Asia

Mongolian Plateau

Western North America–Mexico
Eastern Siberia
Europe
Central Asia
Mongolian Plateau

—
0.23
0.64
0.40
0.52

0.23
—
0.53
0.11
0.40

0.64
0.53
—
0.49
0.64

0.40
0.11
0.49
—
0.29

0.52
0.40
0.64
0.29
—

(negative) phase of the AMO, anomalous warming
(cooling) temperature and a greater (smaller) number
of EHT days occur in these hotspots. The AMO explains 57.6% of the total variance in the decadal to
multidecadal variations in temperature averaged over
the five hotspots.
To understand how the AMO causes the decadal
to multidecadal variations in temperature over these
hotspots, the related temperature, atmospheric circulation, and radiative fluxes from GISTEMP and
20CR datasets were investigated (Figs. 5–7). Associated with AMO, a barotropic wave train in mid- to
high latitudes, consisting of successive pressure troughs
and ridges propagates from the North Atlantic to North
America (Fig. 5). The most prominent feature of
this wave train is the five salient maximum centers
located over the North Atlantic Ocean, eastern Europe–
Mediterranean Sea, the central Siberian Plateau–
Mongolian Plateau, the western North Pacific, and the
eastern North Pacific–western North America, which
has also been found previously (Ding and Wang 2005;
Wu et al. 2016; Si and Ding 2016). The integrated geopotential height anomalies in the troposphere show that
these five maximum centers tend to have a larger intensity than other land areas (Fig. 5d). During the positive phase of the AMO, five high-pressure anomalies
correspond to the location of four hotspots (western
North America–Mexico, Europe, the Mongolian Plateau, and eastern Siberia).
Further temperature budget analysis (Yanai et al.
1973) was used to investigate the warming process
over these hotspots associated with the circulation
anomalies of the positive AMO (Fig. 6). The horizontal temperature advection and adiabatic heating
at 850, 925, 925, and 850 hPa over western North
America–Mexico, Europe, eastern Siberia, and the
Mongolian Plateau were calculated because the mean
surface pressures are 881, 969, 951, and 898 hPa in
these regions, respectively. Although the temperatures are all associated with the anticyclones belonging to the AMO-related wave train, the heating
processes over each hotspot differ from each other
because the hotspots are influenced by different areas

of the anticyclones. The common feature over all the
hotspots is that the increasing temperature should be
ascribed to the combined effect of dynamical and diabatic heating processes. However, the near-surface
warm horizontal temperature advection and adiabatic
heating over Europe play the key role in heating the
local temperature due to the significant wind anomalies and descending motion over this hotspot (Figs. 7a,b).
In contrast, the warming over western North America–
Mexico and eastern Siberia is dominated by diabatic
heating, which is the enhanced upward longwave radiation fluxes and sensible heating caused by the reduced
cloud cover and downward net solar radiation fluxes
associated with the anticyclones (Fig. 6). Furthermore, both the significant warm temperature advection
related to the anomalous southerlies at the west edge of
the anticyclone and enhanced upward net longwave
radiation caused by reduced cloud cover and downward net solar radiation contribute to the positive
tendency over the Mongolian Plateau (Figs. 6, 7a).

6. Discussion
a. Uncertainties in the impact factors for the
variations in EHT over central Asia
The coherent variations in EHT over western North
America–Mexico, eastern Siberia, Europe, and the
Mongolian Plateau are considered to be the footprints
of AMO. However, the mechanism for the decadal to
TABLE 2. Correlation coefficients of the AMO/IPO and decadal
to multidecadal variations in temperature over the five hotspots in
the GISTEMP and BEST datasets during the time period 1920–
2017. The boldface values indicate results significant at 95% confidence level.
AMO
Correlation coefficients
Western North America–Mexico
Eastern Siberia
Europe
Central Asia
Mongolian Plateau

IPO

GISTEMP
0.76
0.54
0.83
0.42
0.56

0.06
0.01
20.18
0.14
20.25

AMO

IPO

BEST
0.80
0.53
0.83
0.23
0.59

20.15
20.03
20.19
0.23
20.33
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FIG. 5. The (a) 200-, (b) 500-, and (c) 700-hPa geopotential height anomalies (gpm) regressed to the AMO. (d) The 850–200-hPa integrated geopotential height anomalies (104 gpm)
regressed to the AMO. The dots show results significant at the 95% confidence level. The black
boxes indicate the four hotspots of western North America–Mexico, eastern Siberia, Europe,
and the Mongolian Plateau.

multidecadal variation of EHT over central Asia remains unclear. Although the temperature over this
hotspot does not show a significant correlation with either the IPO or the AMO, the EHT and the temperature
show considerable large decadal to multidecadal variability that accounts for 30.7% and 54% of the LF variation, respectively. Therefore, our hypothesis is that
the EHT over central Asia might be influenced by the
combined effect of the natural internal variability and
natural external forcing. On the one hand, central Asia
is influenced by a cyclonic anomaly belonging to the
circumglobal teleconnection associated with the positive AMO, although the intensity is weaker than that
at the five positive pressure centers (Fig. 5d). On the
other hand, Watanabe and Yamazaki (2014a,b) have
discussed the possible linkage between the heating over
the northern Indian Ocean and the anticyclonic anomaly with increased temperature over central Asia on
the decadal time scale. Accordingly, we calculated the
correlation coefficient between the decadal to multidecadal components of SST averaged over the northern
Indian Ocean (108S–158N, 458–1108E) and surface air

temperature over central Asia. The result shows that
the coefficient is significant and indicates that the EHT
over this hotspot might be affected by SST over the
northern Indian Ocean. In addition, whether the EHT/
temperature over central Asia could be influenced
by other natural internal variability or external forcing still needs to be investigated in observation and
numerical simulation.

b. Comparison with other observational and
reanalysis datasets
To verify the robustness of our results, we compared
them with global air temperatures and atmospheric
circulations derived from other observational and reanalysis datasets. This study used the warm days and
the daily mean temperature from the GHCNDEX
and GISTEMP datasets because both these datasets
are based on GHCN-daily in situ observations and are
therefore consistent with each other. To verify the results, we first identified the hotspots using daily global
surface temperature anomalies from another dataset
for comparison: the BEST dataset provided by the
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is consistent with the GISTEMP. Then the NCEP–
NCAR reanalysis and ERA-20C datasets were used to
verify the physical mechanism linking the AMO and
the decadal to multidecadal variability in temperature
over these four hotspots based on the 20CR data
shown in Figs. 5 and 7 via composite analysis and regression. The results indicate that the influence of the
AMO-associated wave train on the variations in temperature over western North America–Mexico, eastern Siberia, Europe, and the Mongolian Plateau is
robust because similar results were obtained in all
three datasets (figures not shown).

7. Summary

FIG. 6. (a) Temperature advection (K day21) and adiabatic
heating (K day21) and (b) cloud cover (%), surface net shortwave
radiation flux (W m22; downward is positive), surface net longwave radiation flux (W m22; upward is positive), latent heat flux
(W m22), and sensible heat flux (W m22) regressed on the AMO
over western North America–Mexico, Europe, eastern Siberia,
and the Mongolian Plateau during the time period 1920–2012.
The color bars with black borders denote the results that are
significant at the 90% confidence level. The temperature budget
and adiabatic heating are at 850 hPa for western North America–
Mexico and the Mongolian Plateau and 925 hPa for Europe and
eastern Siberia.

Berkeley Earth Project (Levi 2013; Rohde et al. 2013a,b).
The BEST dataset is a combination of 13 extra sources
of station data in addition to the GHCN-daily and
contains more than 37 000 individual records. The criteria for the warm days was chosen following Donat
et al. (2013). An EHT day refers to a day with a daily
maximum temperature exceeding the 90th-percentile
calendar day centered on a 5-day window for the base
period 1961–90. Using the same thresholds as in section
3, the hotspots characterized by large LF variations in
the occurrence and intensity of EHT were identified in
this dataset (Fig. 8), which are consistent with those
based on GHCNDEX dataset.
When examining the relationship between the decadal to multidecadal variations in temperature over
the hotspots and the natural internal variabilities,
we noticed the close connection between the four
domains (western North America–Mexico, eastern
Siberia, Europe, and the Mongolian Plateau) and
AMO are still significant in the BEST dataset, which

The frequency and intensity of EHT in the Northern
Hemisphere show remarkable LF variations in the
summer during the time period 1951–2017. Five hotspots that are more vulnerable to EHT were identified
in both the GHCNDEX and BEST datasets, including western North America–Mexico, eastern Siberia,
Europe, central Asia, and the Mongolian Plateau. The
LF variations in EHT are consistent with those of the
daily mean temperature. Although the LF variations
in temperature include both trends and decadal to
multidecadal variability, the decadal to multidecadal
variations were found to be the major contributors
to the LF variance over these hotspots in the last
century.
Our main finding is that the large decadal to multidecadal variations in EHT over the four hotspots
are the footprints of the AMO (Fig. 9). The AMO
contributes to the coherent variation in temperature
over western North America–Mexico, eastern Siberia, Europe, and the Mongolian Plateau through
a barotropic circumglobal teleconnection. Similar
results were obtained in other reanalysis datasets,
including the ERA-20C and NCEP–NCAR datasets.
The AMO explains 57.6% of the total variance of
the decadal to multidecadal variabilities in temperature averaged over these domains. We speculate
that the decadal to multidecadal variabilities in
temperature over central Asia is modulated by the
combined effect of the AMO and SST over northern
Indian Ocean.
Our results mainly focused on the influence of
natural internal variabilities on the decadal to multidecadal variations in EHT over hotspots. Previous
studies have reported that external forcing, including
natural and anthropogenic forcing, contributes to
the LF variations in global-average temperatures/
temperature extremes (Stott et al. 2006; Fischer and
Knutti 2015; Schleussner et al. 2017) and regional
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FIG. 7. (a) The 925–700-hPa integrated geopotential height (shading; 102 gpm) and winds
(vectors; 102 m s21), (b) 925–700-hPa integrated vertical velocity (1021 Pa s21), and
(c) surface air temperature anomalies (8C) regressed on the AMO. Only the vectors significant at the 95% confidence level are shown in (a). The black dots denote results significant at
the 95% confidence level. The black boxes indicate four hotspots, including western North
America–Mexico, eastern Siberia, Europe, and Mongolian Plateau.

EHT in eastern China (Sun et al. 2014), Australia
(Lewis and Karoly 2013), and Europe (Boer et al.
2000). However, whether and to what extent external
forcing could influence the LF variations in EHT over

the hotspots identified in this study requires further analysis using global simulations such as phase
5 of the Coupled Model Intercomparison Project
(CMIP5).

FIG. 8. Spatial distribution of the fractional variance of LF (a) warm days (%) and
(b) warmest daily Tmax (%) in JJA during the time period 1951–2017 derived from the BEST
dataset. The white dots and lines denote the area with values exceeding top tertile of the grids
in the Northern Hemisphere. The black boxes denote the hotspots. Note that the areas with
missing values in the GHCNDEX dataset were masked.
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FIG. 9. Schematic diagram of the attribution of AMO to the LF changes in EHT over the
hotspots. The five boxes denote the five hotspots. The blue shading indicates that the decadal
to multidecadal variations in temperature over these domains are associated with the AMO.
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