
1.  Introduction
Extreme events are explored from both local and large-scale perspectives. The local perspective emphasizes case 
studies and the likelihood of a given event at a fixed location; the large-scale perspective emphasizes the inci-
dence of such events integrated over large spatial scales.

Consider three recent notable heat events in the Northern Hemisphere: the June 2021 heat wave over the Pacific 
Northwest (e.g., Bartusek et  al., 2022; Bercos-Hickey et  al., 2022; Emerton et  al., 2022; Heeter et  al., 2023; 
Loikith & Kalashnikov,  2023; McKinnon & Simpson,  2022; Philip et  al.,  2022; Schumacher et  al.,  2022; 
Thompson et  al.,  2022; White et  al.,  2023), the July 2022 heat wave over the United Kingdom and Western 
Europe (e.g., Holley & Lee, 2022; Yule et al., 2023), and the July 2023 heatwave centered over the Mediter-
ranean (https://climate.copernicus.eu/european-heatwave-july-2023-longer-term-context). From a local perspec-
tive, the likelihood of such events is very small: the return time of the 2021 Pacific Northwest heat wave has 
been estimated as anywhere from once in 200 years to once in 100,000 years (Bartusek et al., 2022; McKinnon 
& Simpson, 2022; Philip et al., 2022; White et al., 2023). From a large-scale perspective, the likelihood of such 
events increases rapidly as the size of the spatial domain—and thus the effective sample size—increases. The 
relationship between sample size and the incidence of heat events follows from an increase in the false discovery 
rate (Benjamini & Hochberg, 1995; Wilks, 2006) and is implicit in tests of the field significance (Livezey & 
Chen, 1983). The large-scale perspective has been increasingly used in analyses of heat events (e.g., Alexander 
et al., 2006; Domeisen et al., 2022; Fischer & Knutti, 2014; Fischer et al., 2021; Hansen et al., 2012; Perkins 
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et al., 2012; Power & Delage, 2019; Seneviratne et al., 2021; Tingley & Huybers, 2013; Vogel et al., 2019, 2020; 
Wang et al., 2021).

The purpose of this study is to contrast the local and hemispheric perspectives of heat events, and to use the latter 
to probe long term changes in heat events. We focus on heat events where the temperature exceeds four standard 
deviations above the climatological-mean during any season at any location in the Northern Hemisphere midlati-
tudes, and discuss the differences between using fixed or moving climatologies to define them. The key findings 
include the following: (a) Heat events expected less than once a century from a local perspective are observed 
somewhere in the Northern Hemisphere roughly once every 10 days in high spatial resolution surface temperature 
data. (b) The high frequency of occurrence of heat events when summed over the hemisphere is underestimated 
by at least an order of magnitude by normal statistics; it is highly dependent on the shapes of the frequency distri-
butions of local temperature. And (c) the large sample size afforded by the hemispheric perspective confirms 
previous findings that the observed trends in heat events are due primarily to changes in mean temperature, 
as concluded in, for example, Simolo et al. (2011), Donat and Alexander (2012), Hansen et al. (2012), Rhines 
and Huybers  (2013), McKinnon et  al.  (2016), Oliver et  al.  (2018), Seneviratne et  al.  (2021), McKinnon and 
Simpson (2022), Thompson et al. (2022), and Amaya et al. (2023).

2.  Data and Methods
The analyses are based on daily mean, near-surface (2  m) temperatures (T) from the European Centre for 
Medium-Range Weather Forecasts Reanalysis v5 (ERA5, Hersbach et al., 2020, 2023). Daily mean values of T 
were calculated from hourly mean values and are available on a 0.25° mesh. At 45° latitude, the 0.25° mesh is 
fine enough to capture heat events that span ∼20 km. The ERA5 2 m temperature data are not strictly speaking 
observations, but provide an excellent surrogate for assessing local temperature variability across the entire hemi-
sphere (Sheridan et al., 2020).

There is a variety of different possible definitions for extreme heat events (e.g., Domeisen et al., 2022). Here we 
define extreme heat as days when temperatures exceed four standard deviations (+4s) about the long-term clima-
tological mean. That is, days when temperatures are well outside the bounds of typical day-to-day variability. 
As discussed below, the preponderance of the frequency distributions of local temperatures closely follows the 
normal distribution, but local departures from the normal distribution contribute substantially to the probabilities 
of heat events. Unless otherwise specified, the climatology is defined with respect to the NOAA/WMO “US 
Climate Normal” 1991–2020 base period. The seasonal cycle is removed from the data as a function of grid point 
as follows: (a) We calculate the long-term 1991–2020 average of T as a function of calendar day to form a 365-day 
climatology. (b) We apply a 31-day running mean filter to the 365-day climatology to minimize the effects of 
sampling variability on the climatology. (c) We subtract the resulting climatology from all years in the T time 
series to form the anomalous temperature time series T*.

The standard deviation of T* during the 1991–2020 base period, denoted s, is found as a function of grid point as 
follows: (a) For each calendar day i, we extract all days in the T* time series that lie between calendar day i − 15 
and calendar day i + 15. (b) We concatenate the 31 extracted days from each calendar year in the 1991–2020 base 
period into a single time series. (c) We calculate the standard deviation of the resulting concatenated time series. 
For example, in the case of the climatological standard deviation for 16 July, we calculate the standard deviation 
of all days in the T* time series that lie between 1 and 31 July and 1991–2020.

Skewness and kurtosis of the temperature anomalies are calculated at each grid point from the entire T* time 
series in the 1991–2020 base period. Although skewness and kurtosis are a function of season (Tamarin-Brodsky 
et al., 2020), we do not take seasonality into account here, as we do not differentiate between heat events in 
different seasons.

Trends in mean temperature are calculated using ERA5. To assess the reproducibility of the results based on 
temperature trends, we compare trends using ERA5 to those derived from the HadCRUT5 temperature data set 
(Morice et al., 2021). Differences in means between decades in ERA5 are very similar to those derived from 
HadCRUT5 (not shown).

We focus on all land and ocean areas in the Northern Hemisphere midlatitudes 30°N–70°N. We do not consider 
daily temperature extremes in the tropics, where much of the temperature variability is found on seasonal 
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timescales and is dominated by the El Niño Southern Oscillation. The diurnal cycle does not influence the results 
since we use daily mean data. Confidence levels are assessed by resampling the data with replacement (i.e., 
bootstrapping).

The +4s threshold provides a compromise between event amplitude and sample size. We also tested results for 
+3s and +5s; changing the threshold changes the number of events (by construction), but it does not alter the 
broad conclusions of the study.

The use of daily mean data at 0.25° horizontal resolution captures considerable temporal and spatial variability 
in the near-surface temperature field. The spatial degrees of freedom in the ERA5 near-surface temperature data 
are discussed in Section 3.3. We have checked key results using daily maximum temperature—which include 
variations on hourly timescales. The results closely mirror those based on daily mean data and do not notably alter 
the conclusions of the study (results not shown).

3.  Results
3.1.  Local Perspective

To provide context, we begin our analysis with a summary of three recent heat events: the June 2021 heat wave 
over the Pacific Northwest, the July 2022 heat wave over the United Kingdom and Western Europe, and the 
July 2023 heatwave centered over the Mediterranean. As indicated in Figure 1, all three events were marked by 
extreme heat over large spatial areas: temperature anomalies exceeded +4s over 1,070,000 km 2 of the Pacific 
Northwest on 29 June 2021, over 320,000 km 2 of Western Europe on 19 July 2022, and over 150,000 km 2 of the 
Mediterranean on 18 July 2023. At their peaks, the largest changes in daily mean temperatures exceeded 18°C, 
14°C, and 12°C above the local 1991–2020 climatology, respectively.

From a local perspective, the likelihood of daily mean temperature exceeding +4s is very small. If daily mean 
temperatures are assumed to be normally distributed, then the likelihood of an extreme heat event exceeding +4s 
at any location is 3.2 × 10 −5 ≈ 0.003%. Over land, where the decorrelation timescale of surface temperatures is 
on the order of a few days, the return time of +4s events is thus several centuries if the surface temperature is 
normally distributed.

However, surface temperatures exhibit notable departures from the normal distribution, and the shape of the 
temperature distribution has an important effect on the likelihood of extreme temperature events (e.g., Bjarke 
et al., 2022; Huybers et al., 2014; Lewis & King, 2017; Loikith & Neelin, 2015; McKinnon & Simpson, 2022; 
Ruff & Neelin,  2012; Sardeshmukh et  al.,  2015; Schär et  al.,  2004; Sippel et  al.,  2015; Sura,  2011; Sura & 
Perron, 2010). Figure 2a summarizes both theoretical and observed effects of skewness and kurtosis on the local 
incidence of heat events in 2 m temperature from ERA5 reanalysis. The figure is constructed as follows:

1.	 �We calculate the skewness, kurtosis, and percentage of days when temperatures exceed +4s at each grid box 
in Northern Hemisphere midlatitudes, irrespective of seasonality. Shading in Figure 2a indicates the local 
percentage of days that exceed +4s as a function of skewness and kurtosis at the same location. White areas 
of the plot indicate grid boxes that have the indicated combinations of skewness and kurtosis, but for which 
there is no +4s event in the 1979–2022 period. Gray areas indicate combinations of skewness and kurtosis 
that are not found at any location.

2.	 �We calculate the percentage of days when temperatures exceed +4s in random time series generated using a 
Pearson distribution with the observed skewness and kurtosis. The theoretical percentages are indicated by 
blue curves in Figure 2a.

The incidence of days exceeding +4s increases rapidly with both skewness and kurtosis. Grid points where 
temperatures are normally distributed exhibit percentages of ∼0.003%, as expected. But grid points where the 
skewness and kurtosis are large exhibit percentages as large as 0.2%, nearly two orders of magnitude larger than 
that predicted by the normal distribution. Skewness and kurtosis are closely related, but when combined, provide 
unique information on the shapes of frequency distributions. To first order, there is close correspondence between 
the predicted (blue curves in Figure 2a) and observed (shading in Figure 2a) incidence of days exceeding +4s. 
Figure 2b provides a companion analysis of the importance of the shapes of the frequency distributions for the 
hemispheric perspective, and is discussed in Section 3.3.

The physical processes that give rise to observed spatially varying patterns of skewness and kurtosis are consid-
ered elsewhere (e.g., Tamarin-Brodsky et  al.,  2020,  2022). But it is worth noting that many high values of 
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skewness and kurtosis are found over coastal regions, and that comparisons between station data and ERA5 reveal 
some differences in such areas (Sheridan et al., 2020). Nevertheless, for this study, the key points in Figure 2a are 
that (a) large swaths of the hemisphere exhibit pronounced departures from normality; (b) the observed skewness 

Figure 1.  Daily temperature for recent extreme heat events. Panels (a, c, and e) show standardized temperature anomalies on 29 June 2021, 19 July 2022, and 18 
July 2023. Panels (b, d, and f) show the daily averaged temperatures in 2021, 2022, and 2023 for the locations with the most extreme temperature on the days shown 
in panels (a, c, and e), respectively. Locations are indicated by green circles in the left column and centered at (50.5°N; 127.75°W), (53.75°N; 0.5°W), and (37.25°N; 
1.25°E). The black lines in the right column show the long-term mean; the dashed and dotted gray lines indicate the 2s and 4s bands around the mean; the light gray 
lines are the daily averaged temperatures for all other years in the period 1979–2023.
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and kurtosis lead to roughly an order of magnitude increase in the frequency of occurrence of extreme heat events 
relative to that predicted by normal statistics; and (c) the observed percent of days exceeding +4s matches that 
predicted by fitting Pearson distributions to the data.

Because +4s events are relatively rare on local scales—i.e., ranging from ∼0.003% for normally distributed data 
to ∼0.2% for highly skewed data—there are only a few occurrences that can be studied over relatively small 
spatial domains. Investigations of individual events are crucial for understanding their climate impacts and the 
underlying causal factors. However, the scarcity of samples, together with considerable internal variability on 
local scales, make it difficult to explore the effects of climate change on the incidence of heat waves when anal-
yses are limited to specific locations.

3.2.  Hemispheric-Scale Perspective

By construction, the hemispheric perspective of extreme heat events provides a much larger sample size than the 
local perspective, since the likelihood of daily mean temperature exceeding +4s anywhere in the hemisphere is 
a function of the spatial degrees of freedom in the surface temperature data. We discuss the spatial degrees of 
freedom in ERA5 surface temperature data in Section 3.3. Here, we explore the time-varying observed incidences 
of heat events summed over the Northern Hemisphere midlatitudes (30°N–70°N).

We consider three simple hemispheric-scale indices that quantify the time-varying incidence of extreme heat 
events. To separate out the dependence on spatial and temporal scales, we choose the following measures:

1.	 �The percentage of days per decade during which at least one location in the Northern Hemisphere midlatitudes 
experiences a +4s heat event. We do not consider the timescale of individual events but simply the number of 
days when the +4s threshold is exceeded. The index is independent of temporal autocorrelations in the data 
because 3,650 days (i.e., the length of each sample used to estimate the percent of days) is much longer than 
the e-folding scale of daily mean, grid-point temperature.

2.	 �The average number of days between a heat event of +4s occurring anywhere in the Northern Hemisphere 
midlatitudes. This statistic gives a sense of the typical number of days that elapse between successive +4s heat 

Figure 2.  Influence of skewness and kurtosis on local and hemispheric incidence of heat events. (a) Contours: theoretical percent of days that temperature anomalies 
exceed +4s if they follow a Pearson distribution with skewness and kurtosis indicated on the axes. Shading: observed percent of days when local temperature 
anomalies exceeded +4s with respect to the 1991–2020 climatology. Results are calculated for all grid points in the Northern Hemisphere midlatitudes (30°N–70°N) 
and interpolated using Delaunay triangulation. Gray regions on the plot indicate values of skewness and kurtosis that are not found at any grid point. (b) Contours: 
theoretical percent of days that a temperature anomaly will exceed +4s in at least one of 100 independent time series if they follow a Pearson distribution with skewness 
and kurtosis indicated on the axes. Note that contours in panel (a) are for a single time series, and that contours in panel (b) are for 100 independent time series (there 
are roughly 100 spatial degrees of freedom in the Northern Hemisphere midlatitude temperature field). Shading: observed number of grid points in the Northern 
Hemisphere midlatitudes within a given skewness and kurtosis range using a bin size of 0.02 × 0.02. Black numbers indicate the total number of grid points that fall 
between the indicated probability contours.
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events. It is related to the first statistic but is not necessarily identical since it is influenced by consecutive days 
exceeding +4s, and as such by temporal autocorrelation.

3.	 �The fractional area of the hemisphere that experiences at least one +4s heat event in each decade. We do not 
consider repeat anomalies at the same location within a given decade. Because this index is integrated over a 
large domain, it is independent of the spatial autocorrelation structure of the data.

The results are shown in Figures 3a–3c. As noted in Section 2, the analyses are conducted with respect to the 
1991–2020 climatology. The solid black lines show the results as a function of successive 10-year periods; the 
horizontal dashed lines show the results averaged over the base period 1991–2020. The gray shading in Figures 3a 
and 3b denotes the 95% confidence limits derived by resampling the data for individual months with replacement. 
Note that the confidence limits are a function of the total amplitude of the results and are thus slightly narrower 
when the amplitudes are smaller. Confidence limits are not calculated for the total area (Figure 3c) since—for 
this statistic—we do not count repeat events at the same location and thus resampling with replacement underes-
timates the amplitude of the results.

Averaged over the 1991–2020 base period (horizontal dashed lines), a temperature extreme exceeding +4s 
occurred somewhere in the Northern Hemisphere midlatitudes on 18% of all days (Figure  3a) with roughly 
10 days between an event occurring anywhere in the midlatitudes (Figure 3b). That is, an event that is expected 

Figure 3.  Time evolution of the incidence of extreme heat events over the Northern Hemisphere midlatitudes. Results are summed over successive decades, with the 
x-axes noting the starting year of each decade. Left column: (a) Percent of days in each decade that experienced an extreme heat event at least one location. (b) Average 
number of days between extreme heat events. (c) Percent of the Northern Hemisphere that experienced an extreme heat event on at least one day in each decade. 
Horizontal dashed lines denote the average over all decades in the base period 1991–2020. Gray shading show 95% confidence bounds computed by resampling with 
replacement. Middle column: Same as the left column, but for the incidence of heat waves based on detrended temperature anomalies. Right column: Black lines and 
gray shading are reproduced from the left column. Red lines indicate changes in extreme heat events found by allowing the mean temperature to change at each grid 
point but holding all other aspects of the temperature data fixed to a reference decade. Results for decades prior to 2013 are based on observed trends over 1979–2022; 
results for decades after 2013 show changes that will arise if the observed trends continue over the next four decades. The 95% confidence bounds are found by 
resampling the reference decade used in the analysis. See text for details.

 19448007, 2023, 24, D
ow

nloaded from
 https://agupubs.onlinelibrary.w

iley.com
/doi/10.1029/2023G

L
105246 by U

niversity O
f E

ast A
nglia, W

iley O
nline L

ibrary on [14/04/2025]. See the T
erm

s and C
onditions (https://onlinelibrary.w

iley.com
/term

s-and-conditions) on W
iley O

nline L
ibrary for rules of use; O

A
 articles are governed by the applicable C

reative C
om

m
ons L

icense



Geophysical Research Letters

VAN LOON AND THOMPSON

10.1029/2023GL105246

7 of 11

less than once a century at a single location (assuming normal statistics and an e-folding timescale of a few days) 
occurs roughly once every 10 days when the likelihood is integrated over the Northern Hemisphere midlati-
tudes. Roughly 6% of the Northern Hemisphere midlatitudes experienced a +4s temperature anomaly per decade 
(Figure 3c).

All three measures of extreme temperature anomalies exhibit notable changes over the long-term period. As 
indicated by the confidence limits on Figures 3a and 3b, the changes are highly significant. The fraction of days 
marked by at least one +4s temperature anomaly in the Northern Hemisphere midlatitudes increased from 10% 
over the decade 1979–1988 to 30% over 2013–2022. The typical time between a +4s temperature anomaly occur-
ring at any midlatitude location decreased from about two weeks over the decade 1979–1988 to one week over 
the decade 2013–2022. The fraction of the midlatitudes that experienced a +4s temperature anomaly increased 
from 4% over the decade 1979–1988 to 14% over 2013–2022. That is, the likelihood of any location experiencing 
an event that is +4s about the 1991–2020 climatology is almost three times higher today than it was in the 1980s.

3.3.  Factors That Govern the Hemispheric-Scale Frequency of Occurrence

The results in Figure 3a indicate that a remarkable ∼18% of all days exhibit a +4s temperature event somewhere 
in Northern Hemisphere midlatitudes. The associated return time—which accounts for temporal autocorrelation 
in the data—is roughly 10 days. Here we consider the factors that give rise to such a large hemispheric frequency 
of occurrence: the effective spatial degrees of freedom and the shapes of the frequency distributions.

The first key factor is the spatial degrees of freedom in the data. One method for estimating spatial degrees of 
freedom involves solving for the eigenvalues of the temperature covariance matrix, and then solving for the effec-
tive degrees of freedom as 𝐴𝐴 𝐴𝐴∗

eff
=
(
∑

𝑘𝑘
𝑓𝑓 2

𝑘𝑘

)−1 , where fk is the fraction of variance explained by eigenvalue k, and 
the summation is performed over all eigenvalues (Bretherton et al., 1999). The downside of this method is that  the 
spatial degrees of freedom are limited by the rank of the covariance matrix and thus the smallest dimension in the 
data. This is a potential issue if the number of temporal samples is smaller than the number of spatial samples, as 
is the case for high spatial resolution data.

An alternative method is to form an “effective” sample size by dividing the number of samples by the e-folding 
scale of the data (e.g., Bretherton et al., 1999; Leith, 1973). Here we adopt this method, but with two varia-
tions to account for the fact that we are working with two-dimensional data with nonstationary e-folding spatial 
scales. One, we calculate the number of grid boxes over which temporal correlation between adjacent grid boxes 
decreases to e −1 in both the zonal and meridional directions, and form an e-folding area at each grid box as 
Aj = XjYj. Here, Xj and Yj denote the zonal and meridional e-folding distances in units of grid boxes and j iterates 
all grid boxes. Two, we weight each grid box by its e-folding area and define Neff as the sum of the resulting 
weights, that is, 𝐴𝐴 𝐴𝐴eff =

∑

𝑗𝑗
𝐴𝐴−1

𝑗𝑗
 . Weighting each grid box by 𝐴𝐴 𝐴𝐴−1

𝑗𝑗
 ensures that regions of fine-scale variability 

contribute more to the effective degrees of freedom than regions of relatively large-scale variability. The above 
calculation leads to roughly Neff ≃ 95 spatial degrees of freedom in the 0.25° × 0.25° ERA5 surface temperature 
data over the 30°N–70°N region.

If we assume, say, 100 spatial degrees of freedom in the data, we expect to find temperatures exceeding +4s 
somewhere in the hemisphere on 𝐴𝐴 1 − (1 − 𝑝𝑝4)

100
≃ 0.3% of all days (where p4 = 3.2 × 10 −5 is the area under the 

normal curve for values greater than 4s). This is a factor of 60 lower than the ∼18% indicated in Figure 3a, and 
points to the importance of the second key factor that determines the hemispheric frequency of occurrence: the 
shapes of the temperature frequency distributions.

As discussed in Section  3.1, local temperatures exhibit well-known and notable departures from the normal 
distribution on the extremes of frequency distributions (e.g., Bjarke et al., 2022; Huybers et al., 2014; Lewis & 
King, 2017; Loikith & Neelin, 2015; McKinnon & Simpson, 2022; Ruff & Neelin, 2012; Sardeshmukh et al., 2015; 
Schär et al., 2004; Sippel et al., 2015; Sura, 2011; Sura & Perron, 2010; Tamarin-Brodsky et al., 2020). In the 
discussion of Figure 2a, we showed that the shapes of the temperature distributions significantly increase the 
incidence of heat events on the local scale; in Figure 2b, we consider their effects on the hemispheric scale:

1.	 �For a given skewness and kurtosis, we generate 100 random time series (roughly the effective number of 
spatial degrees of freedom in the data) sampled from a Pearson distribution, and calculate the percent of days 
on which any of the random time series exceeds +4s. The analysis is repeated for all values of skewness and 
kurtosis and plotted as solid contours in Figure 2b.
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2.	 �We calculate the number of grid points in the ERA5 temperature data that fall within the range of skewness 
and kurtosis indicated on the axes and plot the results as shading. Note that the number of grid points is plotted 
using a log colorscale so that the results are visually apparent for a large range of grid points. The number of 
grid boxes that fall between the percentage curves is noted in black.

At skewness and kurtosis of zero, the percent of days in 100 randomly generated time series where at least one 
time series exceeds +4s is given from the normal distribution as 𝐴𝐴 1 − (1 − 𝑝𝑝4)

100
≃ 0.3% , as noted above. As 

shown in the contours in Figure 2b, this probability increases markedly as the skewness and kurtosis increase. 
Importantly, as indicated by the shading in Figure 2b, there are nearly 1,000 grid boxes in the ERA5 data that lie 
within the range where the observed skewness, kurtosis, and effective degrees of freedom should lead to temper-
atures exceeding +4s on at least ∼10% of all days.

Hence, the observed skewness and kurtosis can increase the hemispheric incidence of extreme heat events by 
more than an order of magnitude relative to that expected from the normal distribution, as in the local perspec-
tive. At some grid points, the skewness and kurtosis likely underestimate the number of events on the tails of 
the distribution (e.g., Ruff & Neelin, 2012), which would further increase the predicted percentages. Despite the 
importance of the shapes of the distributions in determining the climatological-mean incidence of heat events, 
in the following section, we demonstrate that changes in the shapes of the frequency distributions of temperature 
play a negligible role in driving observed trends in extreme heat events.

3.4.  Contribution of Changes in Mean Temperature

The significant trends in all three hemispheric measures of extreme events arise almost entirely from changes 
in the means of the local temperature frequency distributions, rather than their shapes. Figures 3d–3f show the 
same results as Figures 3a–3c, but in this case, we perform the analysis on data that have been detrended as 
a function of location and calendar day over the 1979–2022 period. Similar results are derived if, rather than 
detrend the data, we remove the 10-year running mean to account for non-stationarity in the long-term trend. The 
long-term mean of all three indices is comparable to that in Figures 3a–3c, but the long-term trends in all three 
indices are no longer significant. Hence, while changes in temperature variability and skewness may play a role 
in changes in extreme temperature anomalies over certain locations (Bjarke et al., 2022; Lewis & King, 2017; 
McKinnon & Simpson, 2022; McKinnon et al., 2016; Sardeshmukh et al., 2015; Schär et al., 2004; Schneider 
et al., 2015; Sippel et al., 2015; Tamarin-Brodsky et al., 2020), changes in mean temperature clearly account 
for the preponderance of the hemispherically integrated changes in heat events (e.g., Amaya et al., 2023; Donat 
& Alexander, 2012; Hansen et al., 2012; Oliver et al., 2018; Rhines & Huybers, 2013; Seneviratne et al., 2021; 
Simolo et al., 2011; Thompson et al., 2022).

How will continued increases in mean temperature influence the incidence of heat events? As noted above, from 
the perspective of an evolving climatology, we expect the incidence of heat events to remain largely fixed even as 
the Earth warms, as the shift in mean temperature is—by construction—accounted for in an evolving definition 
of the climatology. However, with respect to the 1991–2020 base climatology, continued increases in surface 
temperature will have an out-sized effect on events at the wings of the frequency distribution due to the exponen-
tial nature of the normal distribution.

We use the following methodology to estimate the changes in extreme heat events that will occur if the mean 
temperature continues to increase at the rate of the past four decades and heat events are considered with respect 
to the 1991–2020 base climatology. We form 35 decadal climatologies, one for every decade from 1979–1988  to 
2013–2022 using the methodology outlined in Section 2. We denote these decadal climatologies with respect 
to the 1991–2020 base climatology 𝐴𝐴 𝑇𝑇 (𝑗𝑗𝑗 𝑗𝑗𝑗 𝑗𝑗) , where j is the grid point, c is calendar day, and d is the decade 
used to  construct the climatology. We compute the linear trend of 𝐴𝐴 𝑇𝑇 (𝑗𝑗𝑗 𝑗𝑗𝑗 𝑗𝑗) as a function of decade, to define 
the spatially and seasonally varying trends in mean temperature per decade, 𝐴𝐴 Δ𝑇𝑇 (𝑗𝑗𝑗 𝑗𝑗) . We then form a series 
of 10-year-long synthetic anomalous temperature data sets by adding the temperature anomalies in the decade 
1979–1988 to the trends in the temperature field given by 𝐴𝐴 Δ𝑇𝑇 (𝑗𝑗𝑗 𝑗𝑗) × Δ𝑡𝑡 , where Δt is the difference between the 
start of the decade in question and 1979. For example, the synthetic data for the decade 2000–2009 is equal to the 
original data during the decade 1979–1988 plus 𝐴𝐴 Δ𝑇𝑇 (𝑗𝑗𝑗 𝑗𝑗) × (2000 − 1979) = Δ𝑇𝑇 (𝑗𝑗𝑗 𝑗𝑗) × 21 . From 1979 to 2050, 
we synthesize 72 decades of data, where the mean is given by the linear trends in the data and the variability is 
given by the decade 1979–1988. We compute the three hemispheric measures, described in Section 3.2, using 
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these synthetic data sets. We then repeat the above calculation 35 times, varying the reference decade (and thus 
the variability of the synthetic data set) to account for all decades between 1979–1988 and 2013–2022. This 
method allows us to explore changes in extreme heat events in synthetic data where the local mean tempera-
ture changes from one decade to the next, but the shapes of the frequency distributions remain fixed to a given 
decade.

The results of the calculations are shown in Figures 3g–3i. The black lines and gray confidence limits are repro-
duced from Figures 3a–3c, but the aspect ratio is changed so that the observed period spans half the figure. The 
red lines and confidence limits show the corresponding changes predicted by the synthetic data sets described 
above, where the red shading indicates the range of results given by varying the reference decade to character-
ize variability about the mean. Consistent with the analysis in Figures 3d–3f, the changes in mean temperature 
account for effectively all the trends in extreme events in the existing record. The predicted changes in all three 
hemispherically integrated measures over the next few decades due entirely to continued changes in mean temper-
ature are—as expected—very large.

4.  Concluding Remarks
Extreme heat events can be explored from local and large-scale perspectives. The local perspective is the only 
way to perform individual case studies and assess risk at a fixed location; the large-scale perspective provides a 
large sample size for assessing the statistical behavior of extreme events over large spatial and time scales. Here 
we have highlighted different insights provided by the two perspectives.

As an example, we considered the incidence of heat events with similar amplitudes to the Pacific Northwest 
heat wave of 2021. From a local perspective, similar amplitude events are expected roughly once every century 
if temperature is normally distributed. However, when summed over the Northern Hemisphere midlatitudes in 
high-resolution surface temperature data, similar amplitude temperature anomalies arise roughly once every 10 
days. The increased incidence afforded by the hemispheric-scale perspective is a well-known consequence of the 
increased spatial degrees of freedom in the data and is markedly influenced by the shapes of the local frequency 
distributions (Figure 2), see, for example, Ruff and Neelin (2012) and Bjarke et al.  (2022). Considering both 
skewness and kurtosis of the local temperature distributions increases the expected hemispheric incidence of heat 
events by more than an order of magnitude relative to what is expected from normal statistics.

The larger sample size afforded by the hemispheric-scale perspective is useful for assessing the aggregate behav-
ior of extreme heat events over the past few decades. Importantly, it confirms that the shapes of the local temper-
ature distributions are key for the climatological incidence of heat events, but that changes in the shapes have 
not contributed to observed trends in the hemispheric incidence of heat events over the past 40 years. Rather, 
consistent with results reported in, for example, McKinnon and Simpson (2022), Seneviratne et al. (2021), and 
Thompson et al. (2022), the hemispheric perspective confirms that observed increases in heat events integrated 
over the Northern Hemisphere over the past 40 years are due primarily to changes in the mean temperature.

The key role of changes in the mean temperature suggests that recent increases in the hemispheric incidence of 
extreme events can be interpreted in two ways. If the increases are viewed with respect to a fixed climatology 
(e.g., the current WMO base-climatology of 1991–2020), then the incidence of extreme events has and will 
increase markedly with climate change (Figure 3 left and right columns). However, relative to a climatology 
that increases with global warming, changes in the incidence of extreme heat events are insignificant (Figure 3 
middle column). Thus, the assessment of trends in heat waves depends highly on the definition of a heat wave, 
as discussed, for example, by Vogel et al. (2020) and Amaya et al. (2023). The choice of perspective depends on 
whether the climate impact of interest is susceptible to the absolute temperature—which would call for exploring 
the incidence of heat events from a fixed climatology—or is more susceptible to changes in temperature with 
respect to a time-evolving climatology.

Data Availability Statement
All ERA5 data (Hersbach et al., 2020, 2023) is available at the Climate Data Store (C3S, 2023). HadCRUT5 data 
(Morice et al., 2021) is available from https://crudata.uea.ac.uk/cru/data//temperature/. All data analysis is done 
with Python 3.9 and Matlab R2022a. Figures are created in Python and PGF/TikZ.
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