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1  Introduction

One of the most important challenges in preparing for global 
climate change is to understand future behavior of weather 
extremes at the local level. Temperature extremes in particu-
lar can stress resources and the economy via their effects on 
energy, health care demands and agriculture. Understanding 
the probability distribution of future temperatures including 
extremes has important implications for human and ecosys-
tem acclimation. Global warming is expected to increase the 
probability of warm extremes while reducing the probability 
of cold extremes, as the temperature probability distribution 
function (PDF) shifts reflecting a warming mean climate. 
The behavior of this shift at the local level in terms of how 
daily weather statistics may change is not well understood.

It is recognized that changes in the temperature PDF 
due to anthropogenic climate change could have profound 
impacts on extreme temperature probabilities (IPCC 2012). 
Figure 1 provides an illustration of how climate change could 
affect warm temperature extremes depending on whether the 
PDF undergoes (a) a rigid shift, (b) a shift accompanied by 
a change in variance or (c) a shift accompanied by a change 
in symmetry. In all cases, the probability of hot weather is 
increased but by different amounts.

Changes to the summer temperature PDF can have impor-
tant consequences for human health. Schar et al. (2004) 
demonstrated the role of increasing temperature variability 
in European summer heat waves in general and the unprec-
edented 2003 heat wave in particular, which was responsible 
for a staggering 15,000 deaths in France (Poumadere et al. 
2005) and many more across Europe. Diffenbaugh et al. 
(2007) compared the 95th and 75th percentiles of minimum 
and maximum temperatures in the Mediterranean region 
and found preferential warming of the hot tail of the tem-
perature PDF using a regional climate model forced by a 
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GCM under different greenhouse gas scenarios, which they 
attributed to surface moisture feedback mechanisms. Gers-
hunov and Guirguis (2012) studied observed and projected 
heat wave activity over California and identified preferential 
coastal warming of the hot tail (95th percentile) relative to 
the median. Kodra and Ganguly (2014) explored changes in 
seasonal maxima (hottest day) and minima (coldest night) in 
CMIP5 projections using generalized extreme value (GEV) 
theory and found evidence that temperatures associated 
with the highest percentiles (e.g. the 95th) are projected to 
increase significantly more than those associated with the 
lowest (e.g. the 5th). Weaver et al. (2014) analyzed many 
realizations from the NCEP Climate Forecast System Ver-
sion 2 over the 30-year period 1983–2012 and concluded 
that observed increases in temperature extremes globally and 
in the US are due to shifts in the mean temperature distribu-
tion and not from increasing temperature variability.

Extreme climate indices are often used to examine how 
climate change may be impacting society. Typically, these 
include measures of threshold exceedances such as days 
exceeding a specified temperature or percentile level (e.g. 
the Expert Team on Climate Change Detection and Indices, 
Zhang et al. 2011). A few studies have noted the nonlinear 
relationship between threshold exceedance probabilities and 
changes in the mean. Simolo et al. (2010, 2011) modeled this 
nonlinear relationship over Italy and Europe, respectively, 
to demonstrate the dominant role of the mean in explaining 
observed increases in warm temperature extremes. Ruff and 
Neelin (2012) demonstrated how the shape of the tail of the 
temperature PDF can dramatically impact the probability of 

extremes under global warming, showing that shifts-toward-
warmer means of long tailed PDFs will exceed thresholds at 
a lower rate than shifts of near-Gaussian distributions. They 
recommended validating dynamical climate models in their 
representation of PDF tails if they are to be used to estimate 
changes in temperature extreme probabilities. Many studies 
have shown how surface or near-surface daily temperature 
distributions may depart from Gaussian (Ruff and Neelin 
2012; Loikith et al. 2013; Perron and Sura 2013; Stefanova 
et al. 2013; Cavanaugh and Shen 2014; Guirguis et al. 2015). 
Therefore, while the examples in Fig. 1 and IPCC (2012) are 
useful for conceptualization, in practice we will likely see 
more complex changes due to geospatial differences in the 
native (historical) shape of the temperature PDF.

In this paper, we investigate implications of a changing 
climate on extreme temperature probabilities at a high spatial 
resolution over the geographically and climatically complex 
Southwest US. We consider the full PDF of daily maximum 
and minimum temperatures during summer (June–August) 
using observations and downscaled climate model projec-
tions from ten CMIP5 models. Following a discussion of 
data and methods, we describe the observed asymmetry in 
historical daily temperature PDFs and compare these with 
those from downscaled model projections (Sect. 4). We then 
summarize how the native shape of local PDFs results in 
geospatial differences in future extreme probability even 
under a uniform change in mean (Sect. 5) under which 
the distribution is shifted rigidly as in Fig. 1a but where 
the underlying distributions are not necessarily Gaussian. 
We then quantify effects of future changes in variability or 

Fig. 1   Conceptual illustration showing possible changes in the 
temperature distribution due to climate change and the implica-
tions for future heat wave probability. In all panels the center of the 
distribution (mode) is shifted by 4  °C. a Shows a rigid shift in the 
distribution towards warmer temperatures with no change in shape 

or variance, b additionally undergoes an increase in variance, and c 
undergoes an increase in variance and the shape becomes positively 
skewed. This illustration is based on Figure SPM.3 of the IPPC Spe-
cial Report on Extremes (IPCC 2012). The PDFs were modeled using 
the skew-normal probability distribution function
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symmetry of the temperature PDF in modifying the prob-
ability of extremes in future climate (Sect. 6), which repre-
sents changes of the type shown in Fig. 1b, c. A summary 
and discussion is provided in Sect. 7.

2 � Data

2.1 � Observed daily temperatures

We use daily maximum and minimum temperatures (Tmax 
and Tmin, respectively) from Livneh et al. (2013), which is a 
gridded product derived from daily station data interpolated 
to a 1/16° latitude–longitude grid (~6 × 6 km2). The source 
data are the cooperative observer (coop) summaries of the 
day from the National Centers for Environmental Informa-
tion (NCEI, formerly the National Climatic Data Center) 
supplemented by first-order Automated Surface Observ-
ing System observations (NCDC 2009). This product is an 
update/extension of the well-used product of Maurer et al. 
(2002), and is the training data set for the LOCA downs-
caling (described below) and so is the appropriate dataset 
for comparison with the 1/16° downscaled climate model 
projections. A comparison of the Livneh data with station 
observations is discussed in Guirguis et al. (2015). The study 
domain for this analysis is a large portion of the Southwest 
US (west of 100°W and south of 45°N).

2.2 � CMIP5 models and LOCA downscaling

Ten GCMs previously evaluated as most suitable for regional 
climate assessment in California (California Department 
of Water Resources 2015) were chosen (ACCESS1-0, 
CanESM2, CCSM4, CESM1-BGC, CMCC-CMS, CNRM-
CM5, GFDL-CM3, HadGEM2-CC, HadCEM2-ES, 
MIROC5) from the 32 models participating in the Coupled 
Model Intercomparison Project Phase 5 (CMIP5, Taylor 
et al. 2012) that had daily temperature and precipitation data 
available when this study was undertaken. Spatially coarse 
GCM information from the historical and RCP8.5 simula-
tions was statistically downscaled onto a 1/16° grid using 
Localized Constructed Analogs (LOCA, Pierce et al. 2014) 
which included frequency dependent bias correction (Pierce 
et al. 2015).

LOCA is a constructed analog technique (van den Dool 
1994) that begins by identifying the 30 observed days in the 
historical record that have the smallest RMS error between 
the observed day and the model day being downscaled. 
These 30 observed days are termed “analog days”. The 30 
analog days are combined to construct a final result that is 
closer to the model day being downscaled than is any indi-
vidual analog day. In earlier constructed analog approaches, 
the construction has been done by a weighted average of 

the 30 analog days over the entire domain being down-
scaled (e.g., Hidalgo et al. 2008), with the weights chosen 
to minimize the domain-wide error between the weighted 
sum and the model day being downscaled. However this 
averaging leads to a number of drawbacks as described in 
Pierce et al. (2014), including the reduction of extremes, 
increase in drizzle when downscaling precipitation, and 
sensitivity of the result to the spatial extent of the domain 
being downscaled. The LOCA technique instead uses a 
multi-scale spatial matching approach, without averaging, 
to construct the final analog day. From the initial pool of 30 
analog days that best match the model day being downscaled 
over the wider region, the one single best matching day is 
selected that minimizes the RMS error between the obser-
vations and model day being downscaled in a 1° × 1° box 
around the grid cell being downscaled. Since LOCA avoids 
the weighting averaging of the analog days, the overall aver-
aging needed to construct the final field is greatly reduced, 
eliminating problems of over smoothing and providing better 
estimates of extremes and a more realistic spatial structure. 
For additional details see Pierce et al. (2014).

The bias correction method is based on the equidistant 
CDF matching method (EDCDFm; Li et al. 2010). Over 
the historical period EDCDFm devolves to ordinary Quan-
tile Mapping (QM), so that downscaled model data in the 
historical period has nearly the same CDF as the Livneh 
training data set. For future periods, EDCDFm is designed 
to additively preserve changes in the shape of the PDF, by 
quantile, that may be projected by the GCMs to occur due to 
anthropogenic climate change. The results are then further 
bias adjusted to decrease errors in the representation of vari-
ance with frequency (Pierce et al. 2015).

3 � Methods

The summer (June–August) temperature PDFs are mod-
eled using the skew-normal (SN) PDF. The SN distribu-
tion is a theoretical probability distribution function that 
is specified by three parameters: location, scale and shape 
where location is a measure of central tendency, scale is 
a measure of dispersion about the central tendency, and 
shape is a measure of skew. These parameters are closely 
related to but not equal to the three first moments: mean, 
variance, and skewness, respectively. In particular, loca-
tion is most closely aligned with the mode—much more 
a measure of central tendency than the mean, which can 
be unduly influenced by extremes, especially for skewed 
PDFs. Guirguis et al. (2015) used the SN to model daily 
winter temperature variability in the Southwest US and 
found it to be superior to Gaussian distributions in rep-
resenting temperature PDFs in that region, including the 
tails. This result is similarly valid in summer (not shown). 
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Simolo et  al. (2010, 2011) used the SN to effectively 
model the nonlinear relationship between extremes and the 
central tendency over Italy and Europe. The PDFs in Fig. 1 
were modeled by varying the parameters of the SN PDF, 
illustrating the flexibility of the SN model. An advantage 
of the SN approach is the ability to estimate many differ-
ent metrics from only three parameters. In this study, the 
SN approach is used to investigate effects on heat wave 
probability in future climate arising from a rigid shift and 
also from changes in scale or shape of daily temperature 
distributions.

The SN PDF of a continuous variable X can be repre-
sented using the standard normal density function ϕ and 
standard normal cumulative distribution Φ with an added 
shape parameter λ, as follows:

Here, the distribution can be positively (λ > 0) or nega-
tively (λ < 0) skewed, or can revert to the standard nor-
mal distribution in the case that λ = 0. We can make the 
transformation Y = ξ + ωx to include a location and scale 
parameter in Eq. (1), which is then said to have a SN distri-
bution with parameters ξ, ω, and λ corresponding location, 
scale, and shape, respectively. The mean and variance are 
related to the SN parameters by

where � = �

�
√

1 + �2 (Azzalini and Capitanio 1999; Azza-

lini 2005a, b).
We fit SN PDFs to daily summer Tmax and Tmin. 

The SN fit was done first for the historical climate period 
1961–1990 from Livneh data and from the ten downscaled 
CMIP5 models, and then for the end of the twenty-first 
century (2070–2099) from the ten downscaled model 
projections. The CMIP5 climate change projections were 
run under the RCP8.5 “business as usual” greenhouse gas 
emissions scenario. Recall that ξ, ω, and λ represent the 
location, scale, and shape parameters, respectively. Then 
the PDF for the historical period (H) and for future cli-
mate (F) can be represented by PDFH = f(ξH, ωH, λH) and 
PDFF = f(ξF, ωF, λF), respectively. In each case the param-
eters were estimated with maximum likelihood estimation 
using the R package ‘sn’ (Azzalini 2014). A hypothetical 
rigid shift outcome (S) preserves the historical scale and 
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shape parameters, but shifts the location parameter by ΔT, 
or PDFS = f(ξH + ΔT, ωH, λH).

Temperatures exceeding the historical 95th percentile are 
defined as heat waves in this study. In the historical period, 
heat wave probability is 5% by definition. In future climate, 
following convention, heat wave probability (hereinafter 
HWP) is defined as the proportion of days exceeding the 
historical 95th percentile threshold. In future climate projec-
tions, HWP can be calculated directly from the daily LOCA 
data, or from the cumulative distribution function (CDF) 
using the fitted SN parameters. We found little difference in 
the two methods, signifying a generally good fit of the SN 
model. For the “rigid shift” calculations HWP is calculated 
from the SN CDF using shape and scale parameters from the 
historical distribution.

4 � Asymmetry of temperature distributions

Due to the complex topography in the Southwest, local 
climate can vary dramatically over relatively short geo-
graphic distances. Figure 2 displays the first three statistical 
moments of the summer temperature PDF for Tmax and 
Tmin, along with the warm tail length, which is calculated as 
the temperature difference between the 95th percentile and 
the mode. Tmax shows a north–south gradient in variance 
with stronger variance in the north and lesser variance in the 
south. The strongest negative skew (meaning longer cold 
tails and shorter warm tails) is seen over the Rocky Moun-
tains and intermountain region, only slightly negative skew-
ness is seen over southern Arizona and New Mexico, and 
positive skewness (meaning longer warm tails and shorter 
cold tails) is found over coastal California. The summer 
Tmin distribution shows less variance overall as compared 
with Tmax. Spatially, there is stronger variance over the 
intermountain region than at the California coast or loca-
tions that experience maritime influence from the Gulf of 
Mexico. The Tmin distribution shows a northwest–southeast 
gradient in skew with strong negative skew in the southeast 
and positive skew in the northwest. From Fig. 1d, h, warm 
tail length is strongly related to skew, accentuating the coast 
where heat waves are extraordinarily hot compared to typical 
temperatures, population density is high, and public health is 
inordinately vulnerable to heat (Guirguis et al. 2014).

Figure S1 shows the 10-model average of the first three 
moments and tail length. Due to the bias correction and 
downscaling methodology (Pierce et al. 2014), the mod-
eled temperature PDFs appear similar to those observed. 
For Tmax, the spatial correlation (RMSE) with observa-
tions is 1.0 (0.93), 0.99 (0.13), 0.96 (0.10), and 0.94 (0.40) 
for mean, standard deviation, skewness, and tail length, 
respectively. For Tmin, these measures are 1.0 (0.97), 0.95 
(0.15), 0.83 (0.16), and 0.87 (0.57), respectively. For Tmax, 
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the downscaled ensemble is nearly indistinguishable from 
observations. For Tmin, there is a modest difference seen in 
skew, which ultimately affects measures of tail length. The 
LOCA methodology calculates Tmin as the residual between 
Tmax and diurnal temperature range, which likely explains 
the slight differences between observations and Tmin. Not 
surprisingly given the bias correction, the downscaled mod-
els represent the historical temperature PDFs very well.

5 � Probability of extremes under a shifted mode 
assumption: effects of tail length and variance

First we explore geospatial differences in the probability 
of extremes that occur under the assumption of a rigid 
shift, where the scale and shape of the temperature PDF 
are held constant and future climate is represented by a 
uniform shift in the mode of the PDF. The uniform shifted 
mode means that at each location the historical PDF is 
shifted by a fixed ΔT. Geospatial differences in the prob-
ability of extremes are therefore due to geospatial differ-
ences in the shape of the historical daily temperature PDF 
across the region. In this experiment we shift all PDFs 
by 4 °C, which is less than the average summer change 
(5.9 °C) projected by the end of century over the domain 
under RCP8.5 according to the 10 downscaled models 
(note that projected temperature increases over land are 
higher than the more commonly quoted global averages, 

and summer warming is projected to be greater than annu-
ally averaged warming in this region). Figure 3a, b show 
the HWP resulting from a hypothetical uniform shift for 
Tmax and Tmin, respectively, and the difference is given 
in Fig. 3c. While historically HWP is 5% by definition, 
the uniform shift results in dramatic geospatial differ-
ences in HWP. Tmax HWP increases are small in some 
regions, such as coastal California, where values change 
from the historical value of 5% to only 6%. But other loca-
tions show a dramatic increase in HWP to more than 70%, 
with the highest resulting HWP values centered over the 
Great Basin and including parts of California and Texas 
where historical PDFs exhibit large negative skewness. 
For Tmin, we see HWP increase to reach probabilities in 
the range of 16–90%, with the highest probabilities in the 
Gulf region and coastal California. The geospatial pattern 
of HWP is related to geospatial differences in warm tail 
length and variance. For both Tmax and Tmin, variance is 
most strongly associated with HWP. The spatial correla-
tion between HWP and variance is −0.69 and −0.82, for 
Tmax and Tmin, respectively. For warm tail length these 
correlations are −0.45 and −0.59, respectively. Warm 
tail length is strongly related to skew (r = 0.86 and 0.87 
for Tmax and Tmin, respectively), and only weakly cor-
related with variance (r = −0.21 and 0.14 for Tmax and 
Tmin, respectively). We focus on warm tail length rather 
than skewness because we are focused on heat waves and 
therefore are interested in isolating the right hand side of 

Fig. 2   First three statistical moments and warm tail length for JJA Tmax (a–d) and Tmin (e–h) according to Livneh observational data. Warm 
tail length is calculated as the temperature difference between the 95th percentile and the mode of the PDF
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Fig. 3   Heat wave probability resulting from a rigid 4 °C shift in the 
temperature PDF for a Tmax, b Tmin, and c the difference. Panels d, 
g, j, m and panels e, h, k, n show the PDF shift at select cities and the 
effect on heat wave probability for Tmax and Tmin, respectively. Hot 
weather represents temperatures above the historical 95th percentile 
(heat waves) and record weather represents temperatures not previ-

ously encountered. Panels (f, i, l, o) shows how the warm tails behave 
as the mode temperature increases. Specifically, the increase in warm 
extreme probability with incremental increases in mode temperature. 
Red and blue lines with cross markers show the magnitude of the 
temperature increase projected by the 10-model ensemble by end of 
century under RCP8.5 for Tmax and Tmin, respectively
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the distribution, whereas skew reflects asymmetry more 
generally (warm and cold tails).

Figure 3d–o illustrate how warm tail length and variance 
affect extreme probability under a rigid shift. Shifting dis-
tributions with shorter warm tails and/or smaller variance 
results in a higher probability of heat waves than we see for 
distributions that have long warm tails and/or larger vari-
ance, consistent with findings of Ruff and Neelin (2012). A 
rigid 4 °C warming in Tmax yields heat wave probabilities 
of 20% in San Francisco and 54% in Phoenix. In contrast, a 
rigid 4 °C warming in Tmin yields heat wave probabilities 
of 90% in San Francisco and 46% in Phoenix. This means 
that, under a rigid shift, in San Francisco it becomes easier 
to experience a heat wave or break a record for Tmin than for 
Tmax (Fig. 3d–f). And, for Tmax, it becomes relatively more 
likely to experience a heat wave or break a record in Phoenix 
than in San Francisco (Fig. 3d, g). As shown in Figure S2, 
the Phoenix Tmax distribution has a smaller variance and 
much shorter warm tails than San Francisco. For Tmin, the 
San Francisco distribution has slightly longer warm tails 
than Phoenix, but San Francisco also a much smaller vari-
ance, so it is the variance that is primarily responsible for 
the large change in Tmin HWP at San Francisco. Compar-
ing Elko and Phoenix, we see that Phoenix experiences a 
larger increase in HWP for both Tmin and Tmax (Fig. 3a, b). 

From Figure S2 we see that for Tmax, Elko and Phoenix are 
similar in terms of warm tail length but Phoenix has a much 
smaller variance. Conversely, for Tmin Elko and Phoenix 
are similar in variance but Phoenix has much shorter warm 
tails. In general, locations with a positive value in Fig. 3c 
experience a faster increase of Tmax heat waves than Tmin 
heat waves, while negative values indicate a faster increase 
of Tmin heat waves.

Figure 4 illustrates how warm tails and variance largely 
determine the rate of increase in HWP. In general, a location 
having a PDF with long warm tails and high variance will 
experience the smallest increase in HWP (first quartile) and 
locations with short warm tails and low variance will see the 
most dramatic change in HWP (fourth quartile).

While these results illustrate the importance of the his-
torical PDF shape in determining future heat wave prob-
abilities, climate model projections show that the magni-
tude of future warming will not occur uniformly over the 
region. Figure 5a, b show the summer temperature increase 
for Tmax and Tmin, respectively, projected for end of 
the century according to the RCP8.5 “business as usual” 
scenario and shown as the average of the ten models. For 
Tmax the strongest warming is seen in the north (>8 °C) 
and least amount of warming occurs over California (~5 °C). 
For Tmin the interior northwest exhibits the most warming 

Fig. 4   Illustrates how increases in heat wave probability under a 
rigid 4  °C shift of the temperature PDF are largely determined by 
warm tail length and variance. In a, b temperature PDFs are classi-

fied according to tail length and variance for Tmax and Tmin, respec-
tively. In c, d the corresponding heat wave probabilities are ranked by 
quartiles



3860	 K. Guirguis et al.

1 3

(~7 °C) with less warming at or near the coast of California 
and in the southeastern portion of the domain over Texas and 
New Mexico (~5 °C). Figure 5d, e show the expected HWP 
that would occur by rigidly shifting the Tmax and Tmin 
PDFs by the amount predicted by the models in Fig. 5a, 
b, respectively. The geospatial pattern of heat wave prob-
abilities in this hypothetical exercise is therefore due to the 
combined effect of (1) the historical PDF shape and specifi-
cally variance and warm tail length and (2) local change in 
mode due to greenhouse gas forcing assuming no change in 
the shape of the PDF will occur.

For Tmax, a substantial increase in HWP appears in the 
north (~60–70%) where the magnitude of warming is great-
est, however it is buffered somewhat by the long tails/high 
variance in that region (c.f. Fig. 4 a, c). Although there is 
comparatively less warming in the 4-corners region, HWP 
is greater (~80%) due to the short tails/low variance there. 
So, despite a strong gradient in the magnitude in the mode 
of climate warming from north to south, HWP does not 
follow this same pattern. For example, Fig. 3i, l show that 

Tmax warming is projected to be 7.4 °C at Elko and 5.0 °C 
at Phoenix, yet heat wave probabilities are projected to be 
slightly higher at Phoenix (0.63 and 0.67 for Elko and Phoe-
nix, respectively). In California, HWP is much lower due to 
the combination of less warming there and the effect of long 
tails/high variance along the immediate coast.

Similarly, for Tmin the pattern of mode temperature 
change (Fig. 5b) is not reflected in the HWP map (Fig. 5e). 
This is because in the northwest where warming is stronger, 
the long tails/high variance of the temperature PDF act to 
reduce changes in HWP, while in the southeast part of the 
domain, the short tails/low variance act to enhance HWP. 
The result is that although there is less warming projected 
over Texas and New Mexico, there is a dramatic increase in 
HWP due to the native shape of the temperature PDF.

The differences, Tmax versus Tmin, of the amount of 
warming and HWP expected are shown in Fig. 5c, f. Here, 
under a hypothetical rigid shift, differences between Tmax 
and Tmin in terms of warm extreme probability (Fig. 5f) do 
not follow differences in warming (Fig. 5c). Over most of 

Fig. 5   Summer (JJA) temperature increase by end of century for 
Tmax (a), Tmin (b), and the difference (c) measured as the change in 
the mode of the temperature PDF according to the 10-model ensem-

ble. Heat Wave probability by end of century for Tmax (d), Tmin (e), 
and the difference (f) assuming a rigid shift in the temperature PDF 
by the amount shown in a, b 
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the region, excepting California and Nevada, the mode of the 
Tmax PDF (e.g. average warming) is projected to increase 
more than Tmin. However, HWP for Tmin increases more 
than that for Tmax except over the southern deserts around 
Arizona. Therefore, even under a rigid shift, differences in 
HWP between Tmax and Tmin can occur due to differences 
in the native shape of the daily distributions.

6 � How projected changes in PDF shape affect 
future heat wave probabilities

An important area of uncertainty about future climate is how 
future changes in the shape of the temperature PDF will 
modify the probability of heat waves. To assess the impact of 
such shape changes on future HWP, we compare probabili-
ties that would occur under a rigid shift (c.f. Fig. 5d, e) with 
HWP projected by the models (Fig. 6a, c). A visual com-
parison of Fig. 5d with Fig. 6a for Tmax and Fig. 5e with 
Fig. 6c for Tmin suggests the projected increase in HWP can 
largely be explained by a rigid shift amounting to the change 
in mode, with some subtle differences explained by future 
changes in PDF shape. Figure 6b, d show the difference 
between the projected HWP and the expected HWP based 
on the rigid shift assumption (i.e. the difference between 
Figs. 6a and 5d for Tmax and between Figs. 6c and 5e for 
Tmin). Any difference is therefore due to projected changes 
in PDF shape and/or scale, which may enhance or offset the 
effects of background warming.

The effects of changes in PDF shape on future HWP are 
generally small, contributing +/−10% at most according to 
the model ensemble HWP. This effect is generally small in 
comparison to the increase in HWP due to the shifted dis-
tribution and is generally within the range of model uncer-
tainty. For example, in Fig. 6f, it is shown that at Point A 
in New Mexico (Fig. 6d) where we see the strongest posi-
tive shape change effect, Tmin HWP would increase by 
50% under the shifted mode assumption, but a change in 
shape increases HWP an additional 9%, yielding a projected 
probability of 59%. Figure 6e shows visually the PDFs for 
the projections and the rigid shift assumption at a location 
selected to maximize this difference, and the difference 
is slight. In general, there is agreement among models in 
representing this change in PDF shape, with most models 
showing enhanced HWP at Point A than we could expect 
from a rigid shift (Fig. 6f). But this effect is small, especially 
when we consider the spread among models in representing 
future HWP (38–72% at Point A). In general, the spread 
among models in the amount of mode warming is on the 
order of 1–10 °C, depending on location for both Tmax and 
Tmin (Fig. S3). Assuming a rigid shift, this spread in mode 
translates to uncertainty in HWP of 44% (31%) on average 
over the domain for Tmax (Tmin). Changes in PDF shape 

can enhance or reduce HWP, so over the domain the average 
contribution is close to zero. The average absolute contribu-
tion over the domain is approximately 4% for both Tmax 
and Tmin. This is within the range of model uncertainty, 
and is small relative to the total projected increase in heat 
wave probability.

Just as for the mode, there is also much uncertainty in 
the variance and symmetry changes projected for the late 
twentieth century. Figures S4 and S5 give projected changes 
in standard deviation and skewness, respectively, for each of 
the ten models, and Figure S6 shows the agreement among 
models in terms of the sign of change at each location. From 
S6, there are some regions where most models (>7 of 10) 
are in agreement on whether a positive or negative change 
in variance and/or symmetry occurs. However, uncertainty 
dominates over most of the domain. For Tmax, models agree 
on the sign of change in standard deviation (skewness) for 
only 32% (38%) of the domain. For Tmin, model agreement 
is slightly better (38 and 58%, respectively for standard 
deviation and skewness).

7 � Summary and discussion

Daily summer temperature probability distributions in 
the Southwest US are non-Gaussian and asymmetric with 
shapes that vary considerably across the region. This anal-
ysis shows how geospatial differences in the shape of the 
historical temperature PDF have important implications for 
future climate change.

The easiest way of envisioning climate change effects on 
temperature extremes, wherein the entire daily probability 
distribution shifts uniformly by a given warming amount, 
is found to capture much of the actual change produced 
by downscaled climate model simulations. Under a hypo-
thetical rigid shift of the temperature distribution occurring 
uniformly over the region (i.e. the same amount of warm-
ing everywhere), dramatic differences in warm extreme 
probability would arise geographically due to the effects of 
variance and warm tail length. Locations with shorter warm 
tails/smaller variance would see a greater increase in heat 
wave probability than would long tailed/larger variance dis-
tributions under a uniform rigid shift.

In projections, temperature increases due to climate 
change are not expected to be uniform over continental 
regions, including the Southwest. An ensemble of 10 
downscaled CMIP5 models selected for doing a good 
job of simulating the region’s climate shows important 
geospatial differences in the amount of warming due to 
anthropogenic forcing. Greater warming is projected in 
the northern part of the domain, but future heat wave 
probability is buffered somewhat by the long warm tails/
high variance of the observed temperature distribution. 



3862	 K. Guirguis et al.

1 3

The south exhibits less warming, but heat wave probabil-
ity is enhanced because temperatures PDFs in that region 
have a smaller variance and shorter warm tails. In most of 
the region, average warming is projected to be greater for 
Tmax than for Tmin by the end of the twentieth century. 
However, due to differences in the shape of their respective 
PDFs, heat wave probability is projected to increase more 

rapidly for Tmin than for Tmax. This asymmetry could 
have important societal and ecological consequences. 
Daytime accentuated warming would increase demand for 
energy and water. Nighttime accentuated warming could 
detrimentally affect human health during heat waves by 
limiting the much needed physiological recovery that typi-
cally occurs at night.

Fig. 6   a, c Show the projected heat wave probability for Tmax and 
Tmin, respectively, calculated directly from daily downscaled model 
output as the proportion of days exceeding the local historical 95th 
percentile temperature threshold and shown as the ten model average. 
b, d Show the difference between the projected heat wave probabil-
ity and what would occur under a rigid shift, and therefore quantifies 
the contribution due to any PDF shape changes (rigid shift results are 

shown in Fig. 5d, e). e Shows the Tmin PDF for “Point A” in New 
Mexico labeled on the map in d for the historical period (black), 
what would occur under a rigid shift (blue), and what is projected for 
the end of century (red). f Shows the projected HWP for each of the 
ten CMIP5 models, and what the HWP would be under a rigid shift 
assumption for Point A in New Mexico
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Increases in heat wave probability projected for the end 
of the twenty-first century are mostly explained by a rigid 
shift to warmer temperatures in the daily distributions of 
Tmax and Tmin. Results presented here suggest only minor 
influences from modeled changes in PDF shape (variance 
and skew). While this work aimed to quantify the effect of 
changes in PDF variance and symmetry on heat wave prob-
ability, we found there is much uncertainty among models 
in the sign and magnitude of these changes.

While all models agree that sizable warming will occur 
by the end of the twentieth century, there is strong uncer-
tainty in the amount of warming expected. In the southwest 
we found considerable spread among models in their projec-
tions of mode temperature change. For planning purposes, 
understanding and reducing this first order uncertainty in 
mean warming is probably more important than quantify-
ing effects of shape changes, at least in the Southwest. For 
example, uncertainty in the amount of warming projected 
by end of the century can yield uncertainty in future heat 
wave probabilities of up to 70% at a location, assuming a 
rigid shift in the distribution. The added contribution of PDF 
shape changes may modify heat wave probability slightly, by 
about +/− 4% on average over the domain.

However, while changes in PDF shape may be of lesser 
importance according to our findings, the historical shape 
of the temperature distribution is hugely important when it 
comes to understanding and preparing for future heat waves. 
Some parts of the Southwest will be relatively more likely 
to experience warm extremes that are historically rare or 
unprecedented. Extreme probabilities are also dramati-
cally different for Tmin versus Tmax due to differences in 
PDF shape. For example, in San Francisco a 4 °C uniform 
shift results in extreme heat probabilities of 20% for Tmax 
and 90% for Tmin. Ruff and Neelin (2012) first noted the 
important importance of tail length for extreme probabili-
ties, which our results support and extend to model projec-
tions. While this work focused on heat wave probability in 
summer, there are implications for cold extremes in winter. 
For example, a location having a temperature PDF with 
short cold tails would be expected to see a faster decline 
in extreme cold events than would a location whose PDF 
exhibits longer cold tails.

This work employed bias-corrected and downscaled cli-
mate model projections where the historical temperature 
PDFs were corrected to be similar to those observed. This 
bias-corrected baseline is desirable for comparing changes 
in PDFs among models. GCMs may not have the spatial 
resolution needed to resolve some of the finer scale pro-
cesses responsible for the shape of a location’s temperature 
PDF. For example, marine layer clouds are responsible 
for the long warm tails of the Tmax distribution along the 
California coast (Clemesha et al. 2016), but these are not 
resolved in coarse resolution GCMs. The temperature PDFs 

represented by GCMs may not be correct due to spatial reso-
lution limitations and/or because resolved processes are not 
appropriately simulated. For this analysis we focused on 
ten GCM simulations out of the many available models, so 
our assessment of inter-model variance is limited. Only one 
Representative Concentration Pathway (RCP 8.5, the “busi-
ness as usual” scenario) was analyzed in this work, so our 
assessment of the likely range of warming is also limited. 
Given the importance of historical PDF shape in determin-
ing future heat wave probabilities, GCMs should be vetted 
for their ability to represent geospatial differences in realistic 
PDF tail length and variance. The properties and changes in 
the distributions have physical meaning in terms of frequen-
cies and intensities of specific weather events contributing 
to the local climate. Therefore, a model’s ability to represent 
these processes is of utmost importance in understanding 
and improving model performance and further constraining 
expectations of future climate change.
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