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Abstract

Strong regional differences exist in how hot temperature extremes increase under global
warming. Using an ensemble of coupled climate models, we examine the regional warming rates of hot
extremes relative to annual average warming rates in the same regions. We identify hot spots of accelerated
warming of model-simulated hot extremes in Europe, North America, South America, and Southeast China.
These hot spots indicate where the warm tail of a distribution of temperatures increases faster than the
average and are robust across most Coupled Model Intercomparison Project Phase 5 models. Exploring the
conditions on the speciﬁc day when the hot extreme occurs demonstrates that the hot spots are explained
by changes in the surface energy ﬂuxes consistent with drying soils. However, the model-simulated
accelerated warming of hot extremes appears inconsistent with observations, except over Europe. The
simulated acceleration of hot extremes may therefore be unreliable, a result that necessitates a reevaluation
of how climate models resolve the relevant terrestrial processes.

1. Introduction
As the Earth’s climate warms, the temperatures associated with hot temperature extremes have also increased
[Hartmann et al., 2013] and are very likely to continue to increase into the future [Collins et al., 2013].
Observations and climate models both show that the spatial patterns of changes in hot temperatures vary
regionally, with locally different warming rates [Donat et al., 2013b; Sillmann et al., 2013]. Most recently,
Seneviratne et al. [2016] used an ensemble of models to demonstrate that regional increases in temperature
extremes can differ substantially from the global average temperature increases and in particular that hot
extremes are increasing by more than the global average temperature in some important land regions. These
regional increases in hot extremes can have very large implications [Vasseur et al., 2014] and far more societal
impact than implied by global average temperature changes [Intergovernmental Panel on Climate Change, 2012].
Observed increases in the temperature of hot extremes are largest in some Northern Hemisphere midlatitude
regions including Western Europe, the Mediterranean, high-latitude regions of North America, western and
eastern Australia, and regions of eastern Russia [Donat et al., 2013b]. Regional differences in warming rates
of hot extremes have been documented therefore, but the physical mechanisms that explain the regional
patterns and why extremes increase by more than the global average in some, but not all, regions remain
to be fully explained.
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Different physical mechanisms drive regional increases in hot temperatures in different regions. In many
regions, local annual average temperature increases seem to be the main driver of increases in hot extremes.
In these circumstances, the whole temperature distribution shifts toward warmer conditions [Donat and
Alexander, 2012; Rhines and Huybers, 2013; Lewis and King, 2017]. This increases the probability of hot
extremes but does not accelerate increases in hot extremes relative to the average. The annual average temperature warming rates are higher over most land areas than over the ocean, and strongest in high latitude
and midlatitude regions of the northern hemisphere [Hartmann et al., 2013], and may explain some of the
regional differences in the warming of hot extremes. Some regions, however, show disproportionate warming
rates of hot extremes compared to annual average temperatures. This includes regions where increases in hot
extremes accelerate relative to the average, implying a change in the shape of the distribution and pointing to
other mechanisms that locally amplify changes in extremes relative to average temperature changes. These
mechanisms could include changes in dynamics or thermodynamics leading to conditions more conducive
to increased hot extremes. For example, several studies point to the midlatitudes as being regions where
hot extremes increase strongly as a consequence of soil moisture feedbacks [Seneviratne et al., 2006, 2013;
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Diffenbaugh and Ashfaq, 2010; Hirschi et al., 2011; Lorenz et al., 2016]. Additional evidence suggests that soil
moisture feedbacks are instrumental in explaining why hot extremes are increasing faster than the global average [Berg et al., 2016; Vogel et al., 2017]. Further mechanisms that have been investigated include changes in
the atmospheric circulation, such as atmospheric blocking [Fischer and Schär, 2010] which has been associated
with increases in European heatwaves [Klein Tank and Können, 2003; Horton et al., 2015]. Changes in advection
of heat can also amplify hot extremes relative to the averages [Miralles et al., 2014]. Changes in atmospheric
processes including cloud cover and the associated feedbacks on incoming solar radiation and net long wave
radiation can trigger increases in hot extremes, ampliﬁed by changes in speciﬁc land surface states and feedbacks [Seneviratne et al., 2010; Lorenz et al., 2013; Hauser et al., 2016] all interwoven with changes in atmospheric dynamics [Cattiaux et al., 2013].
Building on these previous studies, our paper has three novel aspects. First, previous studies have
examined accelerated warming in hot extremes relative to a global annual temperature average change
in the context of climate projections [Seneviratne et al., 2016; Vogel et al., 2017]. In this paper, we explore,
for the ﬁrst time, where and why hot temperature extremes are increasing by more than expected from
the increase in the local annual average temperature. If global warming were spatially uniform, the use of
global average temperature would be all that was necessary. However, a given increase in the global
average temperature leads to some regions with far higher and some with lower average warming than
the global average. We therefore build on Seneviratne et al. [2016] by using local model-speciﬁc changes
in annual average temperature and identify regions where the change in the temperature distribution is
focussed on the tail, not just on an overall shift as reﬂected by the average change. A second novel
aspect of our study is its focus on the conditions on the hottest day, whereas previous studies have associated extreme temperatures with conditions averaged over several months [Vogel et al., 2017]. We are
interested in the annual hottest day simulated by each of the Coupled Model Intercomparison Project
Phase 5 (CMIP5) models, and how this changes in the future. We therefore examine the conditions on
the actual day that the annual hottest day occurs for a given location. We then examine whether changes
in the partitioning of net radiation between latent and sensible heat ﬂuxes help explain why the very hot
day warmed by more than implied by the local change in the average. This approach focuses more closely on the physical processes that cause the changes, rather than inferring plausible explanations of daily
extremes from monthly or seasonal average conditions. Our goal is to examine whether changes in these
ﬂuxes help explain the ampliﬁcation of hot extremes, relative to local average temperature changes, on the
speciﬁc day in question. As a third novel aspect, we analyze the modeled and observed tendencies in changes
of the temperatures in the warm tails compared with the average of the temperature distributions to assess
where and whether observations conﬁrm the overall tendencies projected by climate models.

2. Data and Methods
We use climate model simulations from the CMIP5 archive [Taylor et al., 2012] to investigate changes in average and extreme temperatures, and we associate these with changes in the simulated latent and sensible
heat ﬂuxes on the speciﬁc day the hot extreme occurs. We use data from the historical runs combined with
simulations following the Representative Concentration Pathway 8.5 (RCP8.5) scenario to investigate
changes from the midtwentieth century until the end of the 21st century. We restrict the analysis to after
1950 because daily sensible and latent heat ﬂuxes were only available from some CMIP5 models after this
year. We chose the RCP8.5 scenario because the absolute warming is largest in this scenario, allowing clearer
signals to be identiﬁed. We note that scaling rates of both local average and extreme temperatures relative to
global average temperature increases were found to be insensitive to different emission scenarios
[Seneviratne et al., 2016]. Our ﬁndings are therefore likely robust to the choice of speciﬁc emission scenarios.
We used data from 25 CMIP5 models (ACCESS1-0, ACCESS1-3, bcc-csm1-1, BNU-ESM, CanESM2, CCSM4,
CMCC-CESM, CNRM-CM5, CSIRO-Mk3-6-0, GFDL-CM3, GFDL-ESM2G, GFDL-ESM2M, HadGEM2-CC,
HadGEM2-ES, inmcm4, IPSL-CM5A-LR, IPSL-CM5A-MR, IPSL-CM5B-LR, MIROC5, MIROC-ESM, MIROC-ESMCHEM, MPI-ESM-LR, MPI-ESM-MR, MRI-CGCM3, NorESM1-M), from most models we used the simulation
r1i1p1, and only from CCSM4 we used r6i1p1. The choice of models was determined by availability of the
required daily variables for the historical and RCP8.5 simulations. We use a single simulation from each
CMIP5 climate model to ensure equal weighting of all models in the ensemble averages, but we do not consider model independence [e.g., Abramowitz and Bishop, 2015].
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From each model simulation we use monthly average temperatures (tas) to calculate the local annual average temperature (Tmean) change. The annually hottest day (TXx) is determined from daily maximum temperatures (variable name tasmax). Most CMIP5 models did not record soil moisture as a daily output variable, and
so we cannot explore the change in daily soil moisture associated with TXx. However, soil moisture is not a
variable communicated by the land surface to the atmosphere; rather, it is used to control the partitioning
of net radiation between the latent and sensible heat ﬂuxes, which are then communicated to the atmosphere. We therefore use the partitioning of latent and sensible heat ﬂuxes (variable names hﬂs and hfss)
as a proxy for soil moisture when investigating conditions on the speciﬁc days when TXx occurs. We calculate
the evaporative fraction EF from latent (Qe) and sensible (Qh) heat ﬂuxes as EF = Qe/(Qe + Qh) to characterize
the partitioning of net radiation between these ﬂuxes. We use EF rather than the Bowen Ratio (β = Qh/Qe)
because β can become unbounded in very dry conditions when Qe tends toward zero.
All model ﬁelds are remapped to a common 2.5° × 2.5° grid using a ﬁrst-order conservative remapping technique [Jones, 1999] to enable combining data from the different models into ensemble averages. We focus on
extreme temperature and related heat ﬂux changes over land and therefore mask out all nonland grid points.
At each grid box, we determine TXx as the annual maximum of tasmax and record the date when this maximum occurs. We then select Qe and Qh for that speciﬁc day. As TXx may occur on different days at different
grid points, the TXx, Qe and Qh ﬁelds are not necessarily spatially continuous and may reﬂect different days,
but TXx, Qe, and Qh are always compared with each other on the same day.
To compare modeled and observed temperature changes, we use gridded TXx ﬁelds from the HadEX2 [Donat
et al., 2013b] and GHCNDEX [Donat et al., 2013a] data sets and gridded monthly mean temperature ﬁelds
from the HadCRUT4 data set [Morice et al., 2012]. We merged the HadEX2 and GHCNDEX data sets following
Dittus et al. [2015] to obtain the best possible spatial coverage of observed temperature extremes. The
HadCRUT4 data set consists of an ensemble of 100 realizations that account for measurement and sampling
errors and coverage uncertainty. We use the median of these 100 ensemble members, calculated at each grid
box. The comparison of the observational temperature data sets is performed at the 3.75° × 2.5° grid of the
HadEX2 data set, which is the coarsest grid of the three observational products. The data sets with higher
resolution were remapped to this grid using a ﬁrst-order conservative remapping technique [Jones, 1999].

3. Results
To identify regions where hot extremes warm at a different rate compared to local annual average temperatures, we derive the ratio of TXx relative to Tmean changes at each location. The CMIP5 future projections show
hot spots where the TXx increases faster than the local annual Tmean (regions in Figure 1a where ratios exceed
1.0). Hot spots of accelerated warming of hot extremes relative to the local annual average are notable over
Europe, the contiguous United States, and South America. To a smaller extent, accelerated warming of hot
extremes is also found in some regions of Southeast China, Southeast Asia, northern and southern Africa,
and southern Australia. Areas where hot extremes are projected to warm more slowly than annual average
temperatures are almost entirely constrained to the high northern latitudes of North America and northern
Asia. In these regions, strongest warming is observed and simulated during winter [Screen and Simmonds,
2013], which dominates the annual average temperature increases, while warming in summer (when the hottest days occur) is comparably small.
These patterns of ampliﬁcation of TXx relative to annual Tmean are a robust feature across most individual
CMIP5 models (supporting information Figure S1). More than 20 out of the 25 CMIP5 models display this
ampliﬁcation in central and southern Europe (and none of the models has warming ratios less than 1 in
southern Europe). Similarly, for the contiguous United States and large areas in South America, more than
80% of CMIP5 models indicate TXx increases at a higher rate than Tmean.
We note that seasonal average temperature changes may be different to changes in annual average temperature. Indeed, changes in hot extremes may be more closely related to changes in average summer temperatures [Orlowsky and Seneviratne, 2012; Argüeso et al., 2016]. We therefore also compared the rates of
changes in hot extremes with seasonal average temperature changes, averaged over the months when
hot extremes usually occur in extratropical regions of the northern (June-July-August) and southern
(December-January-February) hemisphere (supporting information Figure S2). All hot spots of accelerated
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Figure 1. (a) CMIP5 ensemble average change in the temperature of the annually hottest day (TXx) relative to the change in
local annual average temperatures, (b) and the evaporative fraction (EF) on the annually hottest day, both between the
midtwentieth century (1951–1980) average and the late 21st century (2070–2099) average. Stippling indicates where at
least 20 models (out of 25) simulate scaling rates above one or below one (Figure 1a), or agree on the sign of change
(Figure 1b). Dashed boxes indicate regions used for further analysis in Figure 2.

warming are still apparent when comparing dTXx to the warming of warm season average temperatures,
although over Europe and North America they are somewhat weaker relative to the annual average. In these
two regions, summer average temperatures also show accelerated warming compared to annual average
temperatures, and therefore, summer warming generally contributes to the accelerated warming of
hot extremes relative to annual average temperatures in Europe and North America. This is not the case in
other regions of accelerated warming (southeast China, South America, South Africa, and southern
Australia) where summer temperatures do not rise faster than annual average temperatures. Comparing
TXx changes to seasonal average temperature changes therefore leads to mostly similar results to comparing
with annual average temperature changes.
Figure 1b shows the ensemble average change in EF on the day that TXx occurs. The CMIP5 ensemble average shows large-scale reductions in EF over the same regions where hot spots of accelerated warming of hot
extremes occur in the future projections (Figure 1b). This similarity between the TXx ampliﬁcation hot spots
(Figure 1a) and the regions with largest reductions in the EF is also found in most individual models (supporting information Figure S3). This suggests that the ﬁnding that ampliﬁed warming of hot extremes is related to
reduced evaporative cooling is a robust feature across the majority of CMIP5 models and occurs in similar
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Figure 2. Scatterplot showing the change in evaporative fraction on the day of TXx (dEF, x axis) and the change in TXx relative to the local average temperature change (dTXx/dTmean, y axis) for the different models in the four hot spot regions
(see boxes in Figure 1b). Temperature and evaporative fraction changes were calculated between the midtwentieth
century (1951–1980) and the late 21st century (2070–2099). Each dot represents one model simulation. Solid black lines
show the total least squares regression between dEF and dTXx/dTmean, gray dashed lines show the 95% conﬁdence
interval of the regression function based on 1000 bootstraps, and R is the Spearman’s rank correlation between both
variables including the p value of the correlation.

regions in most models. Although most CMIP5 models broadly agree on the regions where the strongest
ampliﬁcation of hot extremes occur, the magnitude of the dTXx/dTmean ratio and the magnitude of the
change in EF differs between the individual CMIP5 models.
If the cause of the stronger warming in TXx in those “hot spot” regions of Figure 1a is related to changes in the
partitioning of net radiation between Qe and Qh (Figure 1b), there should be a correlation between TXx and
EF on the day that the hottest temperatures occur. Figure 2 (a scatterplot of the results displayed in Figures 1a
and 1b for four hot spot regions) shows the model-speciﬁc magnitude of the change in TXx relative to the
change in Tmean against the magnitude of the EF changes. Models where the EF decreases most strongly also
show a stronger ampliﬁcation of hot extremes in all four hot spot regions. However, Figure 2 also shows that
the model-speciﬁc change in EF, and the change in TXx relative to Tmean, varies widely amongst the
CMIP5 models.
The future projected ampliﬁcation of heat extremes is also related to the strength of correlation in the current
climate between the temperature of the annually hottest day and partitioning of Qe and Qh on that day. That
is, regions that are characterized by a stronger relationship between TXx and EF in the current climate also
experience a stronger ampliﬁcation of TXx relative to Tmean in the future projections. We calculated the correlation, over the past 60 years, between TXx and EF as a measure of coupling strength between soil moisture
and the temperature extremes under current climate conditions. In most models, the regions where we ﬁnd
accelerated warming in TXx in the future projections (supporting information Figure S1) are characterized by
statistically signiﬁcant (p < 0.05) anticorrelations between TXx and EF (supporting information Figure S4).
DONAT ET AL.

ACCELERATED WARMING OF HOT EXTREMES

7015

Geophysical Research Letters

10.1002/2017GL073733

Figure 3. Recent changes in extreme temperatures (TXx) relative to the change in local average temperatures between the midtwentieth century (1951–1980) and
the late 20th/early 21st century (1981–2010). (left) Based on observational data (TXx from HadEX2 and GHCNDEX merged and Tmean from HadCRUT); (right) CMIP5
ensemble average. Stippling indicates where at least two thirds of the models (i.e., 17 out of 25) simulate scaling rates above one or below one.

This means that in these hot spot regions where we see strongest ampliﬁcation in the future projections are
also regions that are characterized by a strong relationship between EF and TXx in the current climate. We
further examine the relationship of these TXx-EF correlations under recent climate conditions with the
ampliﬁcation of hot extremes in the future climate projections in the four hot spot regions (supporting
information Figure S5). We ﬁnd statistically signiﬁcant (p < 0.05) relationships over Europe, the contiguous
United States, and southeast China with anticorrelations between 0.48 and 0.6. These relationships point
to a potential emergent constraint [Klein and Hall, 2015] for regional hot extremes. Models that are characterized by strong anticorrelations between EF and temperature of the hottest day in the recent climate show the
strongest future accelerated warming of hot extremes, and vice versa. However, due to the lack of global
long-term, high-quality observations of surface heat ﬂuxes or soil moisture, it is currently hard to assess which
of the models demonstrate realistic behavior under recent climate conditions.
Our results from the CMIP5 models are therefore reasonably robust; conclusions reached from the ensemble
average are supported by the majority of individual models, and there is a consistency across models in the relationships that explain the scaling of TXx. Where the scaling of TXx is strongest relative to the average at a given
location, we ﬁnd the strongest decreases in EF. This points to low Qe being coincident with the ampliﬁcations of
TXx relative to Tmean and as discussed by Vogel et al. [2017] suggests drying soils as the likely cause.
The question is whether this consistent behavior in the CMIP5 models is supported by observations. We
therefore compare the scaling rates of TXx to changes in Tmean derived from the CMIP5 models to observational data. We focus on the period 1951–2010 when observations are most complete, and calculate TXx differences and Tmean differences between the averages of the two 30 year periods 1951–1980 and 1981–2010.
The CMIP5 model-simulated scaling rates over this shorter period (Figure 3b) are qualitatively similar to the
simulated changes until the late 21st century (Figure 1a) and show hot spots of accelerated warming in TXx in
similar locations. Due to the smaller signal-to-noise ratio on shorter time scales, the spatial patterns are
understandably noisier over the 60 year period as compared to the future projected changes through to
the end of the 21st century.
Observations (Figure 3a) show accelerated warming of TXx over much of Europe, consistent with the CMIP5
simulations. However, observed scaling rates over most of North America are smaller than one, indicating
that extreme temperatures are changing at a slower rate than average temperatures. This is consistent with
the “warming hole” over the eastern U.S. [Portmann et al., 2009] where summer temperatures have not
increased, and the observed hottest days show slight cooling trends over the past century [Donat et al.,
2013b]. One possible explanation might be related to the increased use of regional irrigation [Mueller et al.,
2015]. In regions along the west coast, where average and extreme temperatures have been observed to
increase, the warming rate of TXx is generally lower than the warming of Tmean. Over large parts of South
America reliable observations are unavailable. However, over the southern tip of South America, where we
have observations, we also ﬁnd observed scaling rates smaller than one, inconsistent with CMIP5 simulations.
Observations also do not show a hot spot of accelerated warming over southeast China, although some small
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areas with accelerated warming of hot extremes are found over eastern South America, southern Africa, and
southeast Australia.
We note that of the 25 model simulations analyzed here, a few models simulate a scaling smaller than
one over extended areas of North America (supporting information Figures S6 and S7, e.g., MPI-LSM-LR
and CNRM-CM5). This suggests that it is possible that the lack of ampliﬁed warming in the observations
may in part be explained by internal climate variability. However, in these simulations where scaling over
North America looks somewhat similar to observations, the scaling over other regions such as South
America or Europe by the same models is different to observations. This underlines the need for a comprehensive process-based evaluation of modeled and observed changes in hot extremes relative to average temperatures in the different regions. In order to provide reliable information about future
ampliﬁcation of hot extremes, models would be expected to be consistent with observations concurrently
in all regions.

4. Discussion and Conclusions
CMIP5 models simulate patterns of accelerated warming in TXx relative to Tmean over Europe, the United
States, South America, southeast China, and parts of Southern Africa and southern Australia. These changes
are related to the partitioning of surface energy ﬂuxes and reﬂect a lower Qe and a higher Qh on the speciﬁc
days when TXx occurs. This is likely related to soil moisture feedbacks; under drier conditions less evaporative
cooling leads to ampliﬁed warming of the hottest days.
The regions where the CMIP5 models simulate patterns of accelerated warming in TXx relative to Tmean are
robust across most of the CMIP5 models. Our results suggest that the global patterns of where extremes
warm at higher rates than local averages can be explained by a decrease in the EF on the day when the
hot extreme occurs. The lack of reported soil moisture on daily timescales from CMIP5 models prevents us
from demonstrating that soil moisture changes cause the declines in EF; however, physical reasoning and
existing literature strongly suggests that soil moisture’s control on the partitioning of net radiation at the surface explains the change in EF.
There is an alternative potential explanation for our results linked with changes in clouds, incoming solar
radiation, and their interactions with soil moisture [e.g., Boé and Terray, 2008]. We explored the changes in
incoming solar radiation and changes in total cloud cover and found a less consistent relationship between
the hot spot regions and changes in these variables. This is not deﬁnitive; the day when TXx occurs may be
the result of a series of days with very high solar forcing under conditions of synoptic blocking and a strong
land-atmosphere feedback heating the boundary layer [e.g., Miralles et al., 2014]. On the day that TXx occurs
more cloud could limit outgoing infrared radiation and combine with the accumulated heat to further warm
the surface and lead to the hottest temperature. The lack of a consistent pattern of increased solar radiation
with TXx is therefore not proof that these forcings do not drive TXx, but our analysis points to the change in
EF being the dominant driver of TXx on the day in question. Further analyses that decompose all the energy
components on the day that TXx occurs and combines this with EF and explores these over several days leading up to the day TXx occurs would be valuable. This could be combined with an analysis of synoptic patterns
[e.g., Gibson et al., 2016] and advection of heat.
Our ﬁnding that the CMIP5 simulated patterns of accelerated warming are potentially inconsistent with available observations over North America, China, and elsewhere where we have observations is concerning. That
is, apart from Europe, most of those hot spot regions highlighted previously are not supported by observational evidence. The majority of published analyses linking temperature extremes to soil moisture feedbacks
are focused on Europe, and our results support these studies, but our results also raise questions as to how
generalizable these results might be. Based on the limited evidence available, we suggest that the CMIP5
models cannot currently simulate the observed spatial patterns of changes in hot extremes where these
relate to ampliﬁcation through EF. Since they do not correctly simulate the observed period for dTXx/dTmean
(Figure 3), we suggest the CMIP5 models may not be reliable in projecting changes in TXx in the future in several regions. However, based on CMIP5 simulations, comparisons with observations (Figure 3) and a large
body of previous work our results do support strong soil-moisture temperature feedbacks over Europe as a
potential ampliﬁer of CO2-induced warming.
DONAT ET AL.
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Efforts to improve climate models to better capture the real-world changes in hot extremes are needed to
enable more reliable future projections. Soil moisture appears to be the key to understanding how temperature extremes scale with temperature averages. Soil moisture is the result of multiple interacting processes,
starting with rainfall. As noted by Marotzke et al. [2017], and discussed by Bony et al. [2015], changes in rainfall
patterns are strongly linked to changes in the circulation of the atmosphere and oceans but how these are
expressed on regional scales remains poorly understood. What seems increasingly apparent though is to capture these regional changes, and associated extreme events such as heat waves, climate models will have to
utilize far higher spatial resolution [Palmer, 2014; Marotzke et al., 2017]. If rainfall is simulated well, then how
the land surface partitions net radiation between the sensible and latent heat ﬂuxes is important since these
ﬂuxes feedback through the atmospheric boundary layer and can exacerbate heat waves [Miralles et al., 2014]
and temperature extremes. These, in turn, depend on the availability of soil moisture on the days when the
synoptic conditions are conducive to extreme temperatures [Miralles et al., 2012; Quesada et al., 2012]. A
further important contribution to the identiﬁed discrepancies may be the role of changes in land management. One recent study suggests that the cooling of heat extremes observed in the eastern United States
could be related to cropping and associated irrigation [Mueller et al., 2015]. Irrigation was not considered
in the CMIP5 ensemble but could induce a substantial cooling in simulated hot extremes in some regions
if of sufﬁcient scale [Thiery et al., 2017].
Without observations focused on the processes that link soil moisture, evaporative fraction, and atmospheric
feedbacks on very hot days we cannot fully assess the seriousness of the mismatch in regions other than
Europe, between modeled and observed scaling rates. However, the apparent contradiction over most
regions previously identiﬁed as hot spots between available observations and the CMIP5 models should
act as a serious warning to those using results from these models to project changes in future temperature
extremes that occur on short timescales of a few days.
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