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Abstract The aim of this study is to examine projections of extreme temperatures over the continental
United States (CONUS) for the 21st century using an ensemble of high spatial resolution dynamically
downscaled model simulations with diﬀerent boundary conditions. The downscaling uses the Weather
Research and Forecast model at a spatial resolution of 12 km along with outputs from three diﬀerent
Coupled Model Intercomparison Project Phase 5 global climate models that provide boundary conditions under two diﬀerent future greenhouse gas (GHG) concentration trajectories. The results from
two decadal-length time slices (2045–2054 and 2085–2094) are compared with a historical decade
(1995–2004). Probability density functions of daily maximum/minimum temperatures are analyzed over
seven climatologically cohesive regions of the CONUS. The impacts of diﬀerent boundary conditions as
well as future GHG concentrations on extreme events such as heat waves and days with temperature
higher than 95∘ F are also investigated. The results show that the intensity of extreme warm temperature
in future summer is signiﬁcantly increased, while the frequency of extreme cold temperature in future
winter decreases. The distribution of summer daily maximum temperature experiences a signiﬁcant
warm-side shift and increased variability, while the distribution of winter daily minimum temperature is
projected to have a less signiﬁcant warm-side shift with decreased variability. Using “business-as-usual”
scenario, 5-day heat waves are projected to occur at least 5–10 times per year in most CONUS and ≥95∘ F
days will increase by 1–2 months by the end of the century.
1. Introduction
Global climate models (GCMs) have been shown to perform well at projecting global temperature change
on a continental spatial scale (Sheﬃeld et al. 2013, 2013; IPCC AR5), but many studies have shown that
in order to simulate regional climate extremes more accurately, higher spatial resolution is needed
(e.g., Hayhoe et al., 2008; Racherla et al., 2012). The use of downscaling techniques (Giorgi & Mearns, 1991;
Wigley et al., 1990; Wilby & Wigley, 1997) allows for enhanced resolution of climate change over selected
regions of the planet. The technique known as dynamical downscaling embeds a higher resolution regional
climate model (RCM) within the boundary conditions from low-resolution GCMs with the results producing
a better understanding of the complexity of the climate system with signiﬁcantly lower horizontal grid
spacing (e.g., von Storch et al., 2000). Dynamical downscaling is especially prudent when considering
both mean and extreme values for regional climate modeling in areas consisting of complex terrain,
land–ocean interactions, urban environments, and regions with varying land surface types (Racherla et al.,
2012). Because of the climate complexities within a country as large and geographically diverse as the
United States, regional dynamical downscaling can be a vast improvement over lower-resolution GCM
counterparts (e.g., Liang et al., 2006; Wang and Kotamarthi, 2015).
This study uses an ensemble of dynamically downscaled RCM projections to quantify the eﬀects and
uncertainties of projected changes in climate on regional and seasonal temperature distributions. From
1986 to 2015, the number one weather-related cause of fatalities in the United States occurred as a
result of excessive heat—more than hurricanes and tornados combined during this 30-year time span
(http://www.nws.noaa.gov/om/hazstats.shtml). Depending on the GCM climate sensitivity, GCMs forecast
a globally averaged temperature change of 2–4.5∘ C when atmospheric CO2 is doubled (Sherwood et al.,
2014). However, temperature extremes are not projected to increase linearly with mean temperature
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changes (Hegerl et al., 2004). For example, if the mean temperature is increased by 2∘ C, the 95th percentile
temperature could increase by as much as two to three times of that. Griﬃths et al. (2005) and Sardeshmukh et al. (2015) have shown that when considering projection in temperature for mid-latitude locations,
such as the United States, changes in mean temperature are not good indicators for projected changes
in temperature extremes and that variance in temperature must also be considered. Therefore, it is vital
to use temperature distributions when making future projections to better understand how the mean
climatology and extremes are evolving under a changing climate.
In order to understand the uncertainties in future projections, it is important to also carefully evaluate the
biases in historical periods (Bukovsky, 2012; Christensen et al., 2010; Loikith et al., 2015; Lorenz & Jacob,
2010; Wang & Kotamarthi, 2015; Zobel et al., 2017). Zobel et al. (2017) have conducted a historical evaluation
of this ensemble used in this study, using several metrics to evaluate the biases present in both the climatological mean as well as the temperature extremes from 1995 to 2004. In addition to this research, prior
downscaling studies have used ensembles to enhance understanding of future climatology and extreme
value uncertainties. One of the more popular examples that uses this technique is the North American
Regional Climate Change Assessment Program (NARCCAP). This project simulated 30 years for both the historical and future temporal scales and incorporated six separate RCMs and multiple GCMs with a 50-km
horizontal spatial resolution over North America (Mearns et al., 2012). Several studies have shown that this
ensemble does an adequate job at simulating average seasonal and annual temperatures, but biases still
remain in several members of this ensemble and that using just one simulation does not properly capture
the uncertainties of the climate sensitivity (e.g., Bukovsky, 2012). A similar project that was conducted over
the European continent was named ENSEMBLES (Christensen et al., 2010; Van der Linden & Mitchell, 2009),
which used 15 simulations with multiple RCMs at a 25-km horizontal resolution (Christensen et al., 2010).
For this analysis, an ensemble of ﬁve dynamical downscaled RCM projections that incorporate initial and
boundary conditions from three diﬀerent GCMs are used to analyze changes to regional temperature distributions across the United States. This research is unique compared to the projects mentioned above
because we maintain the use of a large continental scale domain and an ensemble with varying boundary conditions while using much higher horizontal spatial resolution in an attempt to better quantify the
uncertainties associated with the climate extremes. Three key questions are investigated in this study: (1)
How is the overall morphology of temperature distributions aﬀected by a changing climate on a seasonal
temporal scale and on a regional spatial scale? (2) How are the tails of the temperature distributions aﬀected
by a changing climate? (3) How do the changes in morphology and tails of temperature distribution aﬀect
metrics related to agricultural demands and oppressive heat waves?

2. Methodology
2.1. Data and Model Description
Building oﬀ of the analysis from Wang and Kotamarthi (2014, 2015), and Zobel et al. (2017), this study
discusses the future projections for our dynamically downscaled ensemble. The WRF model version 3.3.1
(Skamarock et al., 2008) is applied at a horizontal resolution of 12 km (600 west–east × 515 south–north
grid points over most of North America) (Figure 1 in Wang & Kotamarthi, 2014). Wang and Kotamarthi (2014)
also apply the same physical parameterizations as this study, which includes the Grell-Dévényi convective
parameterization (Grell & Dévényi, 2002), the Yonsei University planetary boundary layer scheme (Hong
et al., 2006; Noh et al., 2003), the Noah land surface model (Chen & Dudhia, 2001), the Morrison microphysics
scheme (Morrison et al., 2009), as well as the longwave and shortwave radiative schemes of the Rapid Radiation Transfer Model for GCM applications (http://rtweb.aer.com) (Iacono et al., 2008). More details can be
found in Section 2.1 of Zobel et al. (2017).
The three fully coupled GCMs used in this study as boundary conditions are the Community Climate
System Model 4 (CCSM4) developed by National Center for Atmospheric Research, United States (Gent
et al., 2011), the Geophysical Fluid Dynamics Laboratory Earth System Model 2 (GFDL-ESM2G) developed
by NOAA/Geophysical Fluid Dynamics Laboratory, United States (Donner et al., 2011), and the Hadley
Centre Global Environment Model version 2 (HadGEM2-ES) developed by Met Oﬃce Hadley Centre, United
Kingdom (Jones et al., 2011). These three GCMs represent a range of climate sensitivities that encompasses
most of the CMIP5 GCMs when projecting future temperature changes. For example, GFDL-ESM2G yields a
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Table 1.
Information About the Five WRF Model Runs, Including Lateral Boundary Conditions, Employment of Spectral Nudging
and/or Bias Correction, as well as Future Scenarios
WRF
simulation

Lateral boundary

Spectral nudging

Bias

conditions

(nudging strength)

correction

R8Y8

R8Y4

R4Y8

R4Y4

WCNB

CCSM4

Yes (3 × 10−5 s−1 )

No

X

WCB

CCSM4

Yes (3 × 10−5 s−1 )

Yes

X

X

WGNN

GFDL-ESM2G

No

Yes

X

X

WGN

GFDL-ESM2G

Yes (3 × 10−5 s−1 )

Yes

X

X

X

X

WH

HadGEM2-ES

No

No

X

X

X

X

X
X
X

X

global mean temperature change of 2.38∘ C with a doubling of CO2 . HadGEM2-ES has the highest sensitivity
to a doubling of CO2 with a projected temperature increase of 4.5∘ C. CCSM4 responds near average among
more than 30 GCMs with an increase of about 2.9∘ C (Sherwood et al., 2014).
Future projections for the CMIP5 models simulated four separate future climate scenarios and these scenarios are deﬁned by using diﬀerent Representative Concentration Pathways (RCPs) (IPCC AR5). Here, we
use two RCP scenarios: RCP 8.5 assumes the continued heavy use of fossil fuels at a similar, or greater, rate
as current concentrations of CO2 and other greenhouse gases (GHGs) through the end of the century leading to a radiative forcing of 8.5 W/m2 by 2100 (Riahi et al., 2011); RCP 4.5 scenario is a pathway to stabilize
radiative forcing at 4.5 W/m2 by 2100 and implies signiﬁcant reduction in concentrations from fossil fuel
use by the end of the century. With this scenario, GHG concentrations in the atmosphere peak in the 2040s
before stabilizing toward the end of the century (Thomson et al., 2011). We analyze these two scenarios for
a mid-century decade (2045–2054) and a late-century decade (2085–2094) and allow 1-year spin-up time
for each of these decades (2044 and 2084, respectively). Additionally, to investigate the impacts of spectral
nudging on future projections of temperature distribution, we run two simulations using GFDL-ESM2G as
boundary conditions—one with spectral nudging and one without. To understand the eﬀects of bias correction on temperature distribution in the future, we also run two simulations using CCSM4 as boundary
conditions—one with bias correction and one without (see Zobel et al., 2017 for more details). Table 1 lists
the sets of simulations that are conducted for this analysis. For the remainder of this analysis, each scenario
is characterized by the RCP scenario and the decade during which it is being analyzed. For example, the
late-century RCP 8.5 and the mid-century RCP 4.5 scenarios are abbreviated as R8Y8 and R4Y4, respectively.
The regional analysis uses the National Climate Assessment (NCA) deﬁnition for seven climate subregions
throughout the contiguous United States (CONUS) (Melillo et al., 2014). These regions and their abbreviations are Northwest (NW), Northern Great Plains (NGP), Southern Great Plains (SGP), Midwest (MW),
Northeast (NE), Southwest (SW), and Southeast (SE) (see Figure 2 in Janssen et al., 2014).
2.2. Metrics
2.2.1. Seasonal PDFs
Probability density functions (PDFs) for daily maximum temperature (TMAX) and minimum temperature
(TMIN) are built for each of the ﬁve simulations, four scenarios, four seasons, and all seven regions. TMAX
(TMIN is used in the winter) is modeled daily by the WRF simulations based on a time-step of 40 s. The calculation for this metric is motivated by Hansen et al. (2006). PDF curves are calculated using three steps. First,
the decadal average and standard deviation (SD) of TMAX at each grid point is calculated for the historical
decade. We do this by grid point because the historical values for mean and SD vary throughout even the
smaller regions. Using the Midwest and the historical WCB simulation as an example, we found that there
was a regional North–South gradient for average summer temperature of about 10∘ F and a North–South
SD gradient of 3 with the Northern states having the lowest average temperature and highest SD. Second,
̃ ) by taking the diﬀerence between each TMAX value at a given
we calculate the normalized TMAX value (Ti,j,t
longitude (x), latitude (y), and time (t) (T i, j, t ) and the historical mean at that grid point (Ti,j ). This change in
temperature is then√normalized to the modeled temperature variability by dividing with the historical SD
)2
N (
∑
Ti,j,t − Ti,j ). For each of the ﬁve sets of boundary conditions, we calculate this
of each grid point ( 1N
t=1
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metric for all four scenarios and the historical simulations as well as observed TMAX values (see equation
(1)). In theory, this will generate a Gaussian, or quasi-Gaussian, PDF curve around 0 for both historical simulations and observations of regional maximum temperature values. Finally, PDF curves for all the decadal
simulations including historical and future periods are plotted. This process was repeated for the Summer
(JJA), Spring (MAM), and Fall (SON) seasons. The same calculations are performed for TMIN values in Winter
(DJF). While there were noticeable changes to the projected temperature distributions in Fall and Spring
when compared to their historical counterparts, this paper focus primarily on extreme warm temperature
in summer and extreme cold temperature in winter.
T̃ l,J,t = √
1
N

Ti,j,t − T l,J
)2
∑N (
T
−
T
i,j,t
l,J
t=1

(1)

It should also be noted that these PDFs are built encompassing all the grid points from each season for the
entire decade. To quantify some of the diﬀerences in the PDF curves, especially within the tails of the PDF
curve, we calculate the historical percentile of interest (e.g., 95th percentile is used for TMAX and the 25th
percentile is used for Winter TMIN) at each grid point. We then ﬁnd the percentile this value falls on the
PDF curves for each of the future scenarios. For example, if we compare the historical 95th percentile to the
future simulations, it tells us how much more likely (or unlikely) an extreme TMAX value, which only occur
5% of the time historically, is for the future simulations. We calculate this change at each grid point, but
the values given for this metric in Section 3 are regionally averaged, so we can present one concise value
for each region. We chose to use the 25th percentile for Winter TMIN because most of the future scenarios
would have approximately 0 mass in the PDF curve less than historical 5th percentile.
2.2.2. Statistical Analysis
To understand the robustness of the changes in extreme temperature from historical to future period, we
conduct statistical signiﬁcance tests on the means of the PDF curves. As Ruﬀ and Neelin (2012) and Loikith
and Neelin (2015) suggested, the PDF curves of daily temperature are not always normally distributed. In
particular, Ruﬀ and Neelin (2012) found as the climate warms, individual station data projects modest or
large departures from Guassianity. While our regional analysis does not yield as large of a departure as the
data presented in Ruﬀ and Neelin (2012), we do have several simulations that produce PDF curves that
are not normally distributed. To remedy this, as stated by the central limit theorem, we employ bootstrap
technique to resample the means of all the non-normally distribution, which results in a normal distribution
and allows for Student’s t-test to be performed on the new data that retains the same mean as the original
data (Wilks, 2011). To avoid possible false signiﬁcance when conducting Student’s t-tests on very large data
sets, we test the signiﬁcance of the resampled data with varying degrees of freedom using 20, 50, and 100
(Wilks, 2011). This procedure gives us reliable indications of the statistical test in the PDF curves.
2.2.3. Exceedance Rate of 95∘ F Days
We deﬁne exceedance rate of 95∘ F days as days where TMAX is equal to or higher than 95∘ F. To calculate
the changes of this metric in future, we take the diﬀerence between future and historical simulations at
each latitude and longitude. According to the third National Climate Assessment (NCA3), temperatures that
exceed 95∘ F increase frequency of negative health impacts and decrease agricultural crop yields (Melillo
et al., 2014). Schlenker and Roberts (2009) found that yield rates for corn, soybeans, and cotton increase as
temperatures approach 84, 86, and 90∘ F, respectively. However, temperatures greater than these thresholds
act to drastically decrease crop yields. Using days greater than 95∘ F as the threshold for this analysis, we can
calculate the increase in days that will diminish the potential crop yields for corn, soybeans, and cotton
based on the results from Schlenker and Roberts (2009).
2.2.4. Frequency of Heat Waves
Heat waves have been shown to signiﬁcantly increase the mortality rate in the United States, especially cities
within the Midwest and the Northeast because of the high population centers and the infrequent nature of
excessive heat events (Patz et al., 2005). Similarly, Hajat et al. (2014) found a sizable increase in mortalities
due to excessive heat-related events in a future climate projection in the United Kingdom, which is a location
that typically experiences a much cooler climate compared to most of the United States. Our analysis aims
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to quantify the diﬀerence in frequencies of heat waves between the future and historical simulations. The
deﬁnition of what constitutes a “heat wave” does vary in the literature. Here, we deﬁne a heat wave using a
percentile based approach similar to the metric used by Meehl and Tebaldi (2004) and Kunkel et al. (2010),
but we consider not only temperature but also humidity as indices of a heat wave. To start, we deﬁne a heat
wave as any 3-day event where the maximum heat index (HI) is greater than the 95th percentile of HI at each
grid point. To calculate HI, we used daily TMAX and daily average relative humidity (Zobel et al., 2017). The
95th percentile is calculated based on the HI values from April through September. Once we calculate the
historical 95th percentile for HI, we count the number of times a heat wave occurred at a given location. One
caveat of this calculation is that, for example, if a location experienced a 6-day heat wave event, then the
metric would count four 3-day-heat-wave events. This would slightly inﬂate the frequencies of heat waves in
our analysis compared to reality when considering shorter temporal thresholds. To investigate this inﬂation,
we use diﬀerent temporal thresholds (3, 5, and 10 days) to determine if the diﬀerences in heat waves occurs
primarily because of longer heat waves, more frequent heat waves, or a combination of the two.
2.2.5. Length of the Frost-Free Season
Similar to the heat wave metric, the calculation used to quantify the length of the growing season is geographically dependent. The NCA3 deﬁnes the length of the growing season by calculating the number of
days between the last below 32∘ F TMIN value each spring until the ﬁrst day where TMIN is below 32∘ F in
the following fall/winter (i.e., “Frost free season”) (Melillo et al., 2014). Like NCA3, for our analysis, we use
the frost-free season to deﬁne the length of the growing season. To calculate the diﬀerence in length of the
growing season between historical and future simulations, the longest period of consecutive days where
TMIN values are above 32∘ F is found at each grid point and then averaged over the decade to generate the
diﬀerence in growing season per year. In some locations, the end of this period takes place within the winter
during the following year and those days are counted toward the previous year.
Research that focuses primarily on this metric ﬁnds that the location and type of crop that is grown in that
region will determine how the growing season is deﬁned. Studies show that there are many other factors
that need to be considered when addressing regional agriculture growing season. In addition, these studies
ﬁnd that regions with more temperate climates or multiple planting seasons must be considered diﬀerently
than using temperature thresholds (e.g., Sacks et al., 2010; Waha et al., 2012). Therefore, in the southern
regions of the United States using the length of the frost-free season may not adequately deﬁne the true
length of the growing season, but for the Midwest and other northern regions this metric is an appropriate
approximation.

3. Summer Results
3.1. Summer PDF Curves
Figure 1 displays the summer TMAX PDF curves for three of the seven NCA regions: Southeast, Northeast,
and Midwest. Southwest and Southern Great Plains have similar changes to Southeast (Figure 1a) under
a warmer climate. Northwest and Northern Great Plains experience similar changes to the projections for
Northeast (Figure 1b) and Midwest (Figure 1c), respectively. To start, there is a clear diﬀerence between the
R8Y8 scenario and the other three scenarios for both changes to the model mean and the extreme TMAX distributions. Here we focus on discussing R8Y8 (blue curves in Figure 1) and R4Y8 (purple curves in Figure 1)
to understand how diﬀerent RCP scenarios aﬀect climate change by the end of 21st century. Other scenarios are also investigated and their statistics are presented in Figure 1. For R8Y8, the shift in the mean is
statistically signiﬁcant at a 0.001 signiﬁcance level for all seven regions, all ﬁve simulations, and for the three
diﬀerent sample sizes tested, according to the statistical analysis described in Section 2.2.2. In the Southeast, Southwest, and Southern Great Plain regions, there is a projected shift in the median of at least 1.5 SD
to the right and as high as approximately 2 SD for the WCB and WCNB simulations. Using the average SD
value for the region, this shift in the median equates to 4.2–4.5∘ F of overall warming. The historical 95th
percentile for each of the three regions and ﬁve simulations are denoted with a vertical black line. In the
future over Southeast, the historical 95th percentile value ranges between the 39th (WCB, WCNB, and WH)
to the 51st (WGN) percentiles for R8Y8 scenario, and 73rd (WCNB and WH) to the 86th (WGN) percentile
for R4Y8 scenarios. In other words, under R8Y8 (R4Y8) scenario, for the WCB, WCNB, WH and WGN simulations, 49%–61% (14%–27%) of the summer days will be hotter than the historical 95th percentile which is
ZOBEL ET AL.
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a

b

c

Figure 1. Summer TMAX distributions over Southeast (a), Northeast (b), and Midwest (c) for four future scenarios, the corresponding
historical period, as well as gridded observations. Each daily TMAX value for each of the future projections are calculated using equation
(1) from Section 2.2.1. The historical 95th percentile is denoted with a black vertical line. The changes in the historical 95th percentile
(numbers on the left) and in the interquartile range (numbers on the right) in future scenarios are also shown using the same color as for
the temperature distributions.
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only 5% of the summer days. Southwest is projected to have similar experience to the Southeast. In Northeast, the historical 95th percentile ranges between 48th (WCB and WCNB) and 62nd (WGNN) percentile for
R8Y8 scenario, and between 74th (WCNB and WH) and 89th (WGN and WGNN) percentile for R4Y8 scenario,
meaning that 38%–52% (11%–26%) of the summer days are projected by R8Y8 (R4Y8) to be hotter than
the historical 95th percentile. In the Midwest, the historical 95th percentile ranges between 56th (WCB and
WCNB) and 87th (WGN and WH) percentile under R8Y8 scenario, indicating that 44% (13%) of the summer
days are projected by the WCB and WCNB (the WGN and WH) to be hotter than the historical 95th percentile. For scenario R4Y8, the WCNB simulation projects that 32% of the summer days will be hotter than
the historical 95th percentile, while other simulations do not ﬁnd substantial changes.
There are some regional diﬀerences in the magnitude in the overall warming and how frequent extreme
temperature events are projected to occur, but overall the range of regional diﬀerence between the “coldest” and “warmest” model is similar. For example, in the Southeast regions, the ensemble agreement is
high and the simulations projected large right shift in the median and increasing frequency of extreme
TMAX days. In addition to the signiﬁcant warm shift, these regions also project increased variability in the
PDFs (i.e., less days near the median and more mass in the tails), which further increase the frequency of
extreme events. One way to quantify the variability is by measuring the interquartile range (IQR, Wilks, 2011),
deﬁned by the diﬀerence between 75th and 25th percentiles. If the IQR in a future period is larger (smaller)
than that in the historical period, then the temperature distribution projected by the future scenarios has
increased (decreased) variability in the PDF curve. For the Southeast, the IQR increases by 13%–23% for the
R8Y8 scenario. Despite the model agreement that takes place in the projections for the southern regions,
in the Midwest, the right-moving shift in the median for the WCB (warmest) is two times greater than the
WGN (coolest). This is largely due to the diﬀerence in shape of the PDF curve. There is a discrepancy in how
the variability of the PDF changes with signiﬁcant background warming for the R8Y8 scenario. The WCB,
WCNB, and WGNN models all simulate morphology similar to that in the in the Southeast, but the WH and
WGN increase the frequency of days concentrated around the median in the future scenario (i.e., decreasing
variability). In the Midwest, the interquartile range decreases for the WH and WGN when compared to its
historical counterpart, but the other three simulations increase this variability by at least 12%.
It should be noted that the WGN model was the most accurate at simulating the Midwest observed historical
variability and subsequently should be given more weight when considering these future projections (e.g.,
Bukovsky, 2012). The decreased variability noted above also occurred in the Northeast for the WGN and WH
simulations, but the background warming for this region caused the median to shift enough that the historical 95th percentile still occurred close the 50th percentile. This result is in good agreement with Loikith and
Neelin (2015) where they concluded that shorter-than-Guassian high-side tails have the potential to greatly
increase in the frequency of extreme values if the shift in the PDF mean is large enough. For the Midwest and
Northeast, the WGN and WH simulations experience a shorter-than-Guassian high-side tail, but the background warming in the mean is large enough in the Northeast to still yielded greater increases in the TMAX
extremes. In addition, Huang et al. (2015) conducted an experiment using GCM output to project changes
in the extremes under a future climate. Their results suggest that the diﬀerence in summer extremes are
due largely to a shifting mean and they ﬁnd very little change in the shape and variance of the curve. These
conclusions do not apply to Summer TMAX over all the regions we present here. It is likely the increased
horizontal resolution resulted in additional small-scale processes to be observed in our simulations when
compared to those run for Huang et al. (2015) and thus created larger diﬀerences in how the simulations
represented the variance in the PDF curves presented here.
3.2. Exceedance Rate of 95∘ F Days
In this section and in Section 3.3, we discuss additional metrics to describe in more depth what types of
extreme climate events can be expected with the PDF curves shown in Figures 1. Figure 2 display the difference in occurrences per year between 1995–2004 and 2045–2054 under RCP4.5 and RCP8.5 for the
exceedance rate of the 95∘ F threshold. While these events are not exclusive to the summer months, the
historical frequency of these events occurring within a summer month was at least 85% for six out of the
seven regions (Southwest being the exception). It is apparent that as the magnitude of the GHG concentration increases, the coverage of this type of extreme event expands throughout the country. As expected, the
changes in these events are primary conﬁned to regions that already experience the hottest overall climate
ZOBEL ET AL.
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Figure 2. Changes in number of days greater than 95∘ F at each grid point in period of 2045–2054 under RCP4.5 (left) and RCP8.5 (right). Changes are shown as number of days per
year.
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in the CONUS. As shown in Figure 2, even with the two mid-century scenarios, there is high conﬁdence there
will be close to an additional approximately 30 days per year of these events for the Southern Plain states
and parts of Southwest and Southeast. There are some small areas of decreasing frequency of these events
in the upper Midwest with the WH simulation and GFDL-driven simulations. It should be noted that with
all four scenarios the grid point with the largest decrease is 4 days per year, so despite some simulations
having a minor decline in 95∘ F days, the overwhelming trend is in the positive direction.
Similar to the summer PDF plots, the R8Y8 scenario with TMAX equal to and higher than 95∘ F (Figure 3
right column) is signiﬁcantly diﬀerent from the other three future scenarios. For R4Y8 scenario (Figure 3
left), there are only small areas in the most southern parts of the United States where the increase in this
threshold is projected to be at least 50 days per year. For R8Y8 scenario, this same increase is as far north as
the Dakotas for all ﬁve simulations. Additionally, on average, our ensemble brings the 30 day yr−1 contour
into the southern Ohio Valley. Therefore, the reduction of GHG concentration in RCP 4.5 scenario is projected to decrease this type of event by at least 300 days throughout the 10-year period (i.e., 30 days per
year). For R8Y8 scenario, there is fairly good agreement with all ﬁve simulations with only minor diﬀerences
in the magnitude of the changes in occurrence of ≥95∘ F days. Areas that the RCM simulations predicted
approximately 30-day increase in the other three scenarios are predicted to experience at least 60 more
days per year with TMAX higher than 95∘ F. The most signiﬁcant change in this scenario is the overall coverage of red and dark red (i.e., 24–54+ day increases) that now takes up most of the CONUS, especially for
areas at relatively low elevations. Most of Northwest, Northern Great Plains, Midwest, and southern parts of
Northeast that experienced this type of event less than three to ﬁve times per year historically, have TMAX
values that exceed 95∘ F at least 20–30 days per year under R8Y8 scenario. In these four regions, as well as
other locations, 95∘ F days are no longer completely excusive to June–August months. They occur more
frequently in late spring and early fall for this scenario.
3.3. Frequency of Heat Waves
The primary focus for this section is on R4Y8 and R8Y8 scenarios. These two scenarios had signiﬁcantly
higher frequencies of heat wave events than the mid-century scenarios. Figure 4 (right column) shows the
increase in 3- and 5-day heat wave frequency for the R4Y8 and R8Y8 scenario, respectively. We use a 5-day
threshold for this scenario to minimize some of the inﬂated numbers of a 3-day values. On average, the
southern regions experience 30–40 more 5-day heat waves under R8Y8 when compared to 3-day heat
waves under R4Y8 scenario. For reference, no region, other than parts of the Southwest, has an average
increase of more than four 5-day heat waves under the R4Y8 scenario (ﬁgure not shown). Overall, in the
northern regions, the historical decade for the WH, WCNB, WGNN simulations has less than ﬁve total 5-day
heat wave events occurring throughout the entire decade (Southwest excluded), while it occurs at least a
few times every year under R8Y8 scenario. Additionally, the frequency of 10-day heat wave events is as high
as 30 in Southeast and western regions under R8Y8 scenario, while there is no occurrence of heat wave that
lasted 10 days in the historical simulations using this metric except over desert Southwest, extreme southern Texas and southern Florida. Therefore, under R8Y8 scenario, an entirely new event begins to occur in the
Midwest, Northern Great Plains, Northwest, and Northeast regions. We also ﬁnd that the spatial coverage
for the largest increases in heat wave frequency in our simulations is consistent to the results presented
in Kunkel et al. (2010), although there are slight diﬀerences in the deﬁnition of future climate scenario and
heat wave metrics which makes an exact comparison challenging.
The R4Y4 and R8Y4 scenarios (not shown) experienced an increase of at least two or four events per year
on average for most of the country. Despite the R8Y4 and R4Y8 scenarios having similar concentrations of
GHGs and comparable PDF curves during the warm season, there is increased probability of a 3-day heat
wave occurring in the R4Y8 simulation (Figure 4 left column). The south and western regions are where the
most signiﬁcant changes are expected to take place. Overall, in the R4Y8 simulation, there were about 20+
additional 3-day heat wave events for nearly the entire Southwest compared to historical simulations for the
WH and WCNB simulations when compared to the R8Y4 scenario. The Northeast and Midwest are projected
to experience similar heat wave frequencies compared to R4Y4 based on GFDL driven simulation; however,
the WH and WCNB simulations increase this to 10 or more in many locations throughout these regions.
Overall, the R4Y4, R8Y4, and R8Y4 scenarios simulate a moderate increase in 3-day heat wave frequency with
the R4Y8 scenario projecting the greatest increase. We found that the sensitivity to the temporal threshold
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Figure 3. Same as Figure 2, but for period of 2085–2094.
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Figure 4. Changes in number of heat waves per year for period of 2085–2094. Left: changes in frequency of 3-day heat waves under RCP4.5; Right: changes in frequency of 5-day
heat waves under RCP8.5 compared to the historical period. In order to properly interrupt the results, the color bar for right column had to be adjusted to account for more events.
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for heat waves aﬀect the values for 3-day heat waves for the mid-century scenarios, but not as signiﬁcantly in
the R4Y8 scenario. This result indicates that more prolonged heat waves are projected for the R4Y8 scenario
than in the two mid-century scenarios and possibly is why we see a larger increase in 3-day heat waves
mentioned above.
To put the values discussed above into context, the Chicago heat wave in 1995, when over 200 people died
due to heat related issues in Chicago alone, was a 4-day event and the HI values ranged about 100–115∘ F
(Semenza et al., 1996). The HI range of the historical 95th percentile for Chicago area ranges between 100
and 106∘ F in our three simulations. That means that a 5-day heat wave in our models is within an acceptable
approximation of this catastrophe Midwest event. For the other three scenarios (R4Y4, R8Y4, and R4Y8),
there is a greater probability of a 5-day heat wave in Chicago than there was in the historical period. For
the R8Y8 scenario, this 5-day heat wave event is greater than 10 times more likely in this area based on the
historical frequency of heat waves. The R8Y8 simulations also project 1–4 10-day heat waves throughout
the decade for most of the Midwest, including Chicago. As we mentioned above, this event did not take
place during the entire historical decade.

4. Winter Results
4.1. Winter PDF Curves
Diﬀerent from the summer months, in which TMAX is the primary focus of the analysis, for winter months,
we choose to show the TMIN PDFs for Southeast (Figure 5a), Midwest (Figure 5b), and Northwest (Figure 5c).
The dominant trend for Midwest, Northeast, Northern Great Plains, Northwest, and Southwest is a substantial decrease in anomalous cold temperature days, a slight shift in the median to the right in the PDF curve
(i.e., warmer), and not as large of an increase in extreme warm temperatures as projected in the summer.
Here we compare the historical 25th percentile (denoted by a black vertical line in Figure 5) to the future
scenarios. For Midwest under R8Y8 scenario, there are only 3% (WH and WCNB) and 6% (WGNN) of winter
days that are colder than the historical 25th percentile. In Southeast under R8Y8 scenario, there are only 1%
(WCNB) and 10%–14% (WGNN, WGN, WH, and WCNB) of winter days that are colder than the historical 25th
percentile. Note that the WCNB simulation project a much smaller change than the other four simulations,
suggesting that, in order to make credible assessments of the climate extremes, the models must produce
an accurate representation of mean values, the variance in the PDF curve, as well as the shape parameters
(Sardeshmukh et al., 2015). In the case of the winter TMIN PDF plots, the WGNN and WCNB simulations did
the best at capturing these historical parameters in Southeast and Midwest with the WGN model best reproducing these parameters for Northwest. This illustrates one of the primary advantages of this ensemble. By
choosing GCMs with diﬀerent climate sensitivities and model setup, we not only can test the future uncertainties associated with the changing climate, but also, we can assess the regional and seasonal strengths
and weakness of each ensemble member.
The other diﬀerence between the future simulations and historical/observed curves is the increased
frequency of mild temperatures (i.e., near the median of the PDF curve), which can be presented using
IQR change. This is most evident in Northwest (Figure 5c) where the variability decreases by 15%–38%
(17%–28%) for all ﬁve simulations when measuring the interquartile range for 2085–2094 under both
scenarios (R8Y4) scenario. The proximately to the Paciﬁc Ocean is likely a moderating factor in these PDF
curves as the cool ocean water likely limit large increases to the warm side during the winter months
(Loikith & Neelin, 2015). The Midwest experience similar morphology change in the PDF curves with a
16–29% decrease in IQR change under R8Y8.
For the other three moderate scenarios, there are still projected large decreases in the frequency of historical
25th percentile. For example, as shown by the statistics in Figure 5, for R4Y4 over Midwest, the historical 25th
percentile is projected to range between the 10th (WH) and 19th (WCB) percentile. A similar range was
projected for the Northern Great Plains, Northeast, and Northwest for this scenario. There is only 0%–5%
change to the historical 25th percentile with the R4Y4 scenario in Southeast, Southwest, and Southern Great
Plains. For these three regions, only the WH simulations yield statistically signiﬁcant changes in the mean
in all three scenarios at a 0.001 signiﬁcance level when using 50 degrees of freedom. Overall, the winter
months experience more changes manifested in a large decrease in frequency of extreme cold days, but the
diﬀerence in mass is redistributed near the historical median which causes a decrease in overall variability
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Figure 5. Same as Figure 1, but for Winter TMIN distributions. The regions provided are the Southeast (a), Midwest (b), and Northwest
(c). The historical 25th percentile is denoted with a black vertical line. The changes in the historical 25th percentile (numbers on the left)
and in the interquartile range (numbers on the right) in future scenarios are also shown using the same color as for the temperature
distributions.
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measured using IQR. For example, over Northwest under the three moderate scenarios, the IQR changes are
as large as those under R8Y8. This may have beneﬁcial impacts on energy demand (i.e., less cold outbreaks
mean less demand for natural gas to stay warm), but more mild winters will also disrupt the ecological
and hydrological processes in many regions. For example, mild winters have been shown to increase the
ragweed coverage as well as other allergy inducing plants (e.g., Ziska et al., 2011). Also, invasive species,
such as some types vines, can survive and thrive as well as expand northward with less severe winters.
This has impacts on both local ecology and infrastructure in these regions (e.g., Bradley et al., 2010). There
are also hydrological issues associated with more mild winters. Snowfall is vital for the water budget for
many regions, especially in the western CONUS, because as it melts in the drier Spring and Summer months
it produces a water source year-round (Barnett et al., 2005; Segal, 2013). Approximately one-sixth of the
world’s population relies on the seasonal melt of snow and glaciers (Barnett et al., 2005). Therefore, if the
probability of winter precipitation falling as a liquid and not solid increases or if the freezing level occurs
at a higher altitude in the mountainous regions, Spring and Summer water shortages could become more
frequent in these regions (Barnett et al., 2005).
4.2. Length of the Frost-Free Season
Figure 6 shows the average diﬀerence in days for length of the growing season per year between the future
and historical simulations for R4Y8 (left) and R8Y8 (right) scenarios. There are several caveats when it comes
to deﬁning the length of the growing season that are mentioned in Section 2.1, but here we are simply
looking at the diﬀerence in length of frost free season.
With R4Y8 scenario, the areas in the southern part of the CONUS that experienced a 12-month frost free
season historically are denoted by the white color (Figure 6 left). As for the rest of the country, the WH
model has the greatest increase to the growing season with at least 42 day per year increases to almost the
entire country. Comparing WH to WGNN, the increase in growing season is only about half as long as WH.
There is considerable model spread between the “longest” and “shortest” simulations and therefore, greater
uncertainty for this scenario. The ﬁve simulations indicate at least 30 days increase in the growing season
for much of the country (excluding Northern Great Plains and parts of the Rockies) and as many as 35- to
45-day increase for much of the Southeast and Northwest. This could have the greatest negative impact in
the mountainous parts of the Northwest, where the season that can support snowfall will be diminished by
at least a month (Bradley et al., 2010) and in agriculturally dependent regions (Melillo et al., 2014).
With R8Y8 scenario, there is an increase in the frost-free season of at least 35 days for the entire country.
The areas in white (that were not also in white for the R4Y8 scenario) represent regions that are simulated
to increase its growing season by at least 2 months or in some cases, now have 12-month long growing
seasons. For most of the simulations, this 2-month increase encompasses the majority or at least half of
Southeast, Midwest, Northeast, Northwest, and Southern Great Plains as well as the low altitude parts in
Southwest.
With the R4Y4 scenario (not shown), for most of the Midwest and Northeast, there is good agreement in
the simulations that there will be about three additional weeks in the growing season on average. In some
parts of these two regions, along with much of the Southeast and Northwest, an increase of near a month
is projected. There is overall good agreement in the four simulations for this scenario. Historically, the most
recent two decades experienced an overall increase of 1–3 weeks depending on the region (Melillo et al.,
2014). This scenario projects this trend to continue to increase linearly with time by mid-century. With the
R8Y8 scenario, there is no longer a linear increase to the frost-free season in most regions when compared
to the historical trends presented by Melillo et al. (2014). Based on this ﬁgure and other results presented
above, the historical deﬁnition for seasons is projected to shift toward much shorter winters and decreasing
frequency of days that can support frost and snowfall.

5. Summary and Conclusions
We used ﬁve dynamically downscaled RCM simulations with 12-km horizontal resolution. The initial and
boundary conditions used to perform the downscaling came from three GCMs that are representative of
the CMIP5 range of sensitivity when CO2 is doubled. We analyze several metrics that measure the spatial
patterns and the PDFs of temperature distributions for two future decades and two RCP scenarios across
ZOBEL ET AL.

1247

Earth’s Future

10.1002/2017EF000642

Figure 6. Changes in the length of growing season (i.e., “frost free season”) for period of 2085–2094 under RCP4.5 (left) and RCP8.5
(right) scenarios. Changes are shown in days per year. The white areas in the left column are areas that are warm enough to experience a
12-month growing season in the historical simulations.
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seven climate regions throughout the CONUS. We found that changes in the temperature distribution are
not projected to be linear for all four seasons. During summer, temperature distributions in the future are
projected to shift signiﬁcantly in the mean to the right. For most regions, the temperature extremes typically
increase at a greater rate than the climatology mean (Figure 1). This was also accompanied with a large
decrease in frequency of days that occurred within the historical lower quartile. This is projected to occur
especially in the late-century projections, but there are still signiﬁcant increases in temperature extremes for
the two mid-century scenarios. For most regions, during the winter months, the primary diﬀerence between
the historical and future projections occurred in the left the side of the curve (Figure 5). We do not see as
signiﬁcant of an increase in the extreme warm days as we did during the summer. The most signiﬁcant
changes in the PDF curves took place within the Northern regions (i.e., Northeast, Midwest, and Northwest),
which was in direct opposition to the summer months, where the most signiﬁcant diﬀerences between
future and historical PDF curves took place in the southern regions.
We also present metrics that illustrate implications that the evolving regional temperature distributions
could have on agricultural demands as well as human health. The ﬁrst of these metrics was the increasing spatial coverage and increased frequency of 95∘ F days (Figures 2 and 3). Schlenker and Roberts (2009)
found that crop yields for soybeans, corn, and cotton all decrease in yield dramatically with temperature
greater than 90∘ F. We ﬁnd that the 95∘ F degree days is more than doubled under the R8Y8 scenario in
nearly every region. This would cause signiﬁcant disruptions in the agriculture yields based on the results
from Schlenker and Roberts (2009). In addition to the agricultural eﬀects a warming climate will have, the
length of the frost-free season is projected to increase by late-century (Figure 6), which would require further adaptation for the agriculture community as well as for hydrological demands in some of the western
regions. The average ensemble increase for the growing season will be anywhere from 2 weeks to more
than 2 months per year for all regions across all regions and all four scenarios. Considering heat stress on
humans, we ﬁnd that potentially deadly heat waves will occur yearly in several locations for all four scenarios
(Figure 4). More signiﬁcantly, the R8Y8 scenario projects an increase in events that would be unprecedented
within the current climate time line (e.g., 10-day heat waves in the northern regions).
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Finally, we discuss the diﬀerence in extreme temperature events that can be aﬀected by the two late-century
GHG concentration scenarios. We ﬁnd that the diﬀerence in RCP 4.5 and RCP 8.5 scenarios is signiﬁcant,
especially when considering late-century temperatures extremes. Table S1 (Supporting Information)
present quantitatively the ensemble average for some of the results presented in this study including only
the two late-century scenarios. These estimates are based on the regional and ensemble average of our
ﬁve simulations. RCP 8.5 is projected to increase each of these metrics by several standard deviations when
compared to RCP 4.5. The true ensemble range between the ﬁve individual simulations is much greater
than the values indicated in the table due to the diﬀerences in climate sensitivity of the GCMs used as
boundary conditions.
These results add to the already large body of literature on temperature change and dynamical downscaling studies. Due to the large domain of this analysis coupled with high spatial resolution, we are able to
compile a quantitative analysis across all regions of the CONUS that is rarely presented in the downscaling
community. The models presented in this study shows considerable skill at representing the observed PDFs
in measures of variance, mean, and extreme values and thus can be considered trustworthy simulations at
making future temperature projections (Sardeshmukh et al., 2015). Future projects in this ﬁeld should be
dedicated to increasing the temporal length of this analysis in order to better understand how decadal
oscillations and other long-term climate features are playing a role in temperature distribution evolution in
several regions presented in the analysis. Loikith and Broccoli (2014) found that the Paciﬁc-North American
and northern annular mode play a key part when it comes the extreme warm days during the winter months.
Much like temperature, GCMs also project increasing frequencies of extreme precipitation events over the
next several decades (e.g., Janssen et al., 2014). From Figure 1 in Zobel et al., 2017, this ensemble also shows
considerably more skill at simulated extreme rainfall events when compared to its GCM counterpart. Future
research will conduct analyses for regional precipitation extremes over the CONUS.
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