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Abstract The impact of anthropogenic forcing on the probability of high mean summer temperatures
being exceeded in Texas in the year 2011 was investigated using an atmospheric circulation model to
simulate large ensembles of theworld with 2011 level forcing and 5 “counterfactual”worlds under preindustrial
forcing. In Texas, drought is a strong control on summer temperature, so an increased frequency in large
precipitation deficits and/or soil moisture deficits thatmay result from anthropogenic forcing couldmagnify the
regional footprint of global warming. However, no simulated increase in the frequency of large precipitation
deficits, or of soil moisture deficits, was detected from preindustrial to year 2011 conditions. Despite the lack of
enhancement to warming via these potential changes in the hydrological cycle, the likelihood of a given
unusually high summer temperature being exceeded was simulated to be about 10 times greater due to
anthropogenic emissions.

1. Introduction

Numerous investigations have aimed to quantify the role of anthropogenic greenhouse gases (GHG) on
recent heat waves, some of which include the catastrophic heat waves in Russia, 2010 [Dole et al., 2011;
Rahmstorf and Coumou, 2011;Otto et al., 2012]; in the USA, 2012 [Diffenbaugh and Scherer, 2013; Knutson et al.,
2013]; in Australia, 2012/2013 [Ablaster et al., 2014; King et al., 2014; Knutson et al., 2014; Lewis and Karoly,
2014; Perkins et al., 2014]; and in central east China [Zhou et al., 2014], South/North Korea [Min et al., 2014], and
Japan [Imada et al., 2014] in 2013. All but one of these studies [Dole et al., 2011] conclude that the probability
of the event temperatures being equaled or exceeded had substantially increased due to the cumulative
anthropogenic GHG emissions by the time of the event.

The heat wave of the summer of 2011 in Texas (plus portions of neighboring states and northern Mexico)
is worthy of inclusion among the above in its extremity. This event was extraordinarily hot: 3.2°C warmer
than average, whereas the previous hottest summer had been only 1.8°C above normal (baseline: 1960–2009
and period of record: 1895–2014) (Figure 1). The hot summer followed the third warmest spring on record
and coincided with an exceptionally dry summer, as both the summer and preceding spring had the
largest precipitation deficits on record (Figure 1). Compounded with a relative dry fall and winter leading
up to the 2011 growing season, these rainfall deficits created a drought unprecedented in its intensity
[Nielsen-Gammon, 2012].

The onset of drought in the fall of 2010 and its continuation through spring of 2011 has been linked to cooler
than normal tropical Pacific sea surface temperatures (SSTs) [Hoerling et al., 2013; Seager et al., 2014], which
historically have been concurrent with severe droughts [e.g., Seager and Hoerling, 2014]. Although the La Niña
extended in a diminished state into summer 2011, the strength of teleconnections between tropical Pacific SSTs
and the regional atmospheric circulation is weak in summer, and therefore, the persistence of the precipitation
deficit appears to have been largely a consequence of internal atmospheric variability [Seager et al., 2014].

The summer heat wave of 2011 therefore was in large part a consequence of the precipitation deficit leading
up to, and during, summer [Hoerling et al., 2013; Seager et al., 2014]. Primarily, two factors cause elevated
temperatures during dry summers: (1) increased solar radiation reaching the surface because of diminished
cloud cover and (2) less energy going toward changing the phase of soil water from liquid to vapor and more
energy going toward increasing the air temperature, a consequence of the balancing of the energy budget
through increased sensible heat flux and long-wave radiative cooling [e.g., Seager et al., 2014].
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In addition to natural drivers of regional summer heat waves, anthropogenic warming can increase the
intensity of such heat waves through various mechanisms. One is the direct greenhouse effect (the change in
the downward infrared energy flux) operating at the regional level but excluding the effects of changes in the
regional hydrological cycle. We refer to this as “base” warming. Two additional mechanisms can serve to
intensify this base warming. The first, which we call “precipitation deficit” warming, is through a regional
decrease in precipitation arising from changing atmospheric circulation patterns and a redistribution of the
energy budget. The resulting decrease in precipitation coincides with generally less cloud cover and leads
to a drier land surface and consequently higher temperature, driven by the two factors given previously.
A second mechanism delivers positive feedback via an increase in potential evapotranspiration (PET) rate
caused by an increase in temperature (and possibly by other means such as increased incoming short-wave
radiation). The increased PET rate leads to faster drying of the soil and resulting higher summer temperatures
as less energy is used to convert liquid water to vapor. We refer to this mechanism as “evapotranspiration (ET)
enhancement” warming.

Recent studies found weak [Rupp et al., 2012] or no [Hoerling et al., 2013; Seager et al., 2014] evidence of
human influence on the probability of extremely low precipitation in Texas as of recent years, implying that
precipitation deficit warming has not been enhanced by increased anthropogenic GHG concentrations. This
would leave base warming and ET enhancement warming as two potential drivers of increased probability
of heat waves.

A few attempts have beenmade to quantify human-induced change in heat wavemagnitudes and likelihood
in Texas. Rupp et al. [2012] found an approximately 1°C increase in simulated extreme summer temperature
by 2008 as compared to the 1960s and estimated that the likelihood of a heat wave of a given temperature
had increased by over 1 order of magnitude during the intervening decades. However, although the
influence of the Pacific Ocean was somewhat accounted for in their study, the relative roles of anthropogenic

Figure 1. Mean observed temperature anomaly against total observed precipitation anomaly by season for Texas. The year
of each winter (DJF) is the year corresponding to January.
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forcing and other oceanic variability were not clearly separated. Hoerling et al. [2013] estimated that
anthropogenic warming over the three decades preceding 2011 accounted for approximately 0.6°C or 20%
of the total 2011 summer temperature anomaly. The remaining 80% was attributed to anomalous SSTs and
natural atmospheric variability. They also estimated a mere doubling of the event likelihood, in contrast
to Rupp et al. [2012]. Lastly, Seager et al. [2014] concluded that the summer temperature in 2011 over Texas
and Northern Mexico was consistent with the known inverse relationship between precipitation and
temperature in summer and “not necessarily outside the range expected from this relation alone.”

In this study, we aim again to quantify changes in Texas heat wave probabilities by the year 2011, given
the differing conclusions of the above studies. We compare simulated heat wave probabilities in 2011 with
those in a set of what are referred to as “counterfactual” worlds, in which we include the natural forcings
present in 2011 but maintain anthropogenic forcing at levels existing in 1900. Like Rupp et al. [2012], we
generate a very large number of simulations per scenario (>800 ensemble members, differing only by their
initial conditions), which permit explicit representation of the tails of distributions, without fitting arbitrary
functions to relatively small samples to estimate probabilities of extremes. However, this study differs from
Rupp et al. [2012] and Hoerling et al. [2013], who examined changes since a more recent past, by considering
the greater impact of accumulated GHG emissions since the near-preindustrial era. It also differs from
these two studies by estimating changes in probabilities of extreme soil moisture deficits with the goal of
determining the indirect role of changing PET rate on heat wave likelihood by increasing drought severity.

2. Data and Methods

Values of observedmonthly temperature and precipitation spatially averaged over Texas for the years 1895–2014
were obtained from the U.S. National Climatic Data Center Climate at a Glance data set (ftp://ftp.ncdc.noaa.gov/
pub/data/cirs/).

We used the U.K. Meteorological Office’s Hadley Centre atmospheric general circulationmodel 3P (HadAM3P)
[Pope et al., 2000; Gordon et al., 2000; Massey et al., 2014] (1.875°×1.25°, 19 levels, 15min time step) to
simulate the atmospheric and land surface climates from December 2010 to November 2011 under six
scenarios, each with a unique set of boundary conditions and atmospheric gas concentrations, though
with identical solar irradiance and volcanic aerosols. The first scenario (referred to as “all forcings”) used
observed GHG and nonvolcanic SO2 concentrations with prescribed sea surface temperature (SST) and
sea ice boundary conditions from the Operational Sea Surface Temperature and Sea Ice Analysis (OSTIA)
[Stark et al., 2007].

The remaining five scenarios were variations on a counterfactual world in 2011 absent increased anthropogenic
GHGs. All five “natural forcing” scenarios were identical insomuch that they assumed preindustrial era
(circa 1900) GHG and nonvolcanic SO2 concentrations. Three of the five natural forcing scenarios varied
in their SSTs. The “natural” world SSTs were generated using global climate model (GCM) simulations of
the Coupled Model Intercomparison Project phase 5 (CMIP5) [Taylor et al., 2012]. SST changes due to
anthropogenic emissions were estimated by differencing temporally smoothed SSTs from three GCMs
(Centre National de Recherches Météorologiques coupled global climate model, version 5 (CNRM-CM5),
Hadley Centre coupled model, version 3 (HadCM3), and Hadley Centre Global Environmental Model,
version 2 Earth System configuration (HadGEM2-ES), ensemble member “r1i1p1”). For HadGEM2-ES,
current era SSTs were obtained by concatenating the “Historical” experiment (ending in 2005) with the
Representative Concentration Pathway 8.5 future forcing experiment. These SSTs were differenced from
the “HistoricalNat” experiment extending to 2019, which excludes anthropogenic forcing but is otherwise
identical to the Historical experiment. For CNRM-CM5 and HadCM3, we differenced the years from the
last decade of the Historical simulation with the initial decade of the Historical experiment beginning in
1850 due to data availability at the time the SST boundary conditions were generated. The SST differences
were then spatially smoothed with a Gaussian filter, and the results were subtracted from the observed
OSTIA SSTs. The final counterfactual SST patterns may be considered to be functions of both the model’s
global transient climate response (Table S1 in the supporting information), its regional responses, and of
its internal variability, although the applied temporal smoothing reduces the internal variability. The
changes in SST from the all forcing to the natural forcing scenarios, averaged over December 2011 to
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August 2012 and 70°S to 70°N, were�0.34,�0.35, and�0.62°C for CNRM-CM5, HadCM3, and HadGEM2-ES.
Figures S1 and S2 in the supporting information, respectively, show the imposed SST-differenced spatial
patterns and SST anomalies by season.

Land surface initial conditions for each of these three natural forcing scenarios were taken as the final
conditions from simulations using one of the natural SST sets (CNRM-CM5, HadCM3, and HadGEM2-ES) but
for the prior year.

Beginning each scenario with a different land surface initial condition complicates the analysis of soil
moisture because of soil moisture’s longer dependency on the initial state. Thus, to compare changes in soil
moisture more directly, we simulated a fourth natural forcing scenario that used the identical initial land
surface conditions as the all forcing scenario but with the same SSTs derived from the HadCM3 simulations.
We refer to this scenario as “natural HadCM3 alt. I.C.,” where I.C. stands for initial conditions.

The four natural forcing scenarios described above used sea ice fraction from the years in the OSTIA
record (1985–2010) with the largest mean annual Arctic and Antarctic sea ice extents: 1986.12–1987.11 and
2007.12–2008.11, respectively. We chose to sample directly from the observed sea ice record because of
complications in generating sea ice using the straightforward differencing method applied for SSTs. The net
increase in Arctic sea ice extent between the observed 2011 sea ice and the natural scenario was 15, 13, and
49% in December-January-February (DJF), March-April-May (MAM), and June-July-August (JJA), respectively.

The fifth natural forcing scenario used an alternative sea ice extent along with the HadCM3 SST pattern
to gauge the sensitivity to our particular sea ice selection. (We refer to this scenario as “natural HadCM3 alt.
S. Ice.”) Changes in Arctic sea ice extent are not expected to have an appreciable effect on weather patterns
over North American midlatitudes during the summer [Sewall and Sloan, 2004; Singarayer et al., 2006; Francis
and Vavrus, 2012; Screen and Simmonds, 2013; Screen et al., 2014; Peings and Magnusdottir, 2014], although
it has been suggested that Arctic amplification due to retreating sea ice during the cold season has caused
higher-amplitude pressure waves that progress more slowly across North America, which could result in the
intensification of cold season extreme events [e.g., Singarayer et al., 2006; Francis and Vavrus, 2012]. Hadley
Centre Sea Ice and Sea Surface Temperature Data Set, version 1 (HadISST1) sea ice fraction [Rayner et al., 2003]
for the period of 1968.12–1969.11 was chosen as it had the largest mean annual Arctic sea ice extent in
the HadISST1 record (though not the largest Antarctic extent). The net increases in Arctic sea ice extent
between the observed 2011 sea ice and the alternative sea ice scenario were 22, 19, and 75% in DJF, MAM,
and JJA, respectively.

Finally, to generate a large ensemble of simulations per scenario, the baseline initial conditions of potential
temperature were perturbed by adding next-day differences, generated from a single year of the model run,
to the full field of potential temperature. Simulations used from 839 to 906 sets of initial conditions per
scenario and were retrieved from remote volunteers’computers as part of the Climateprediction.net program
[Allen, 1999; Massey et al., 2006].

Model output was spatially averaged over the 27 model grid cell centers that fell within Texas, weighted
proportionally by the cosine of the latitude. What we call “conditional” return periods were calculated for each
season for each variable and for each forcing ensemble. The return periods are conditional in that they are
dependent on the particular SST patterns and forcings at a particular time (e.g., summer 2011). Bootstrapping
was used to estimate the 5% to 95% confidence interval.

Statistics of simulated seasonal temperature and precipitation over the period of 1960–2010 were calculated
from an existing ensemble of simulations using HadAM3P with observed forcing and HadISST1 SSTs and
sea ice fractions. Twenty ensemble members for each year varying by their initial conditions were used for
this study.

3. Results and Discussion

A reliable assessment of precipitation deficit warming in a modeling framework requires that the climate
model adequately reproduce the observed relationship between temperature and precipitation, particularly
in summer. The observed Pearson correlation coefficients of mean seasonal temperature and precipitation in
Texas are�0.22,�0.29,�0.76, and�0.27 in DJF, MAM, JJA, and September-October-November, respectively.
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From the HadAM3P 1960–2010 ensemble, the correlations are �0.30, �0.52, �0.71, and �0.46 for the same
seasons. The observed and simulated correlations are very similar in summer, the season with the strongest
association between temperature and precipitation. For the remaining seasons, the simulated correlations
are slightly stronger than the observed correlations, but the differences are not statistically significant
(significance level = 0.95, two-sided test). Figure S3 in the supporting information further illustrates how
HadAM3P reproduces the observed strength of the relationship between temperature and precipitation.

The influence of anthropogenic forcing on extreme temperatures is illustrated by comparing return period
curves of seasonal temperatures in the all forcing ensemble with temperatures from all five natural forcing
ensembles (Figure 2). For example, at the 100 year conditional return period for summer temperature, the
all forcing scenario is 0.5–1.0°C warmer than the natural forcing scenarios. Confidence intervals do not
overlap between the all forcing and natural forcing scenarios at, and below, the 200 year conditional return
period, implying that the differences are significantly different.

While the all forcing scenario stands apart from each of the natural forcing scenarios, there is some significant
variability among the natural forcing scenarios themselves. Most evident is the overall cooler ensemble
generated using SSTs derived from HadGEM2-ES, which are cooler than the SSTs derived from HadCM3 and
CNRM-CM5. In summer, natural forcing HadGEM2-ES scenario is significantly different from the other natural
forcing scenarios only for return periods less than 40 years. Still, it highlights the importance of not relying on
a single scenario of a counterfactual world when conducting modeling experiments such as this one.

Figure 2. Conditional return period of simulated mean (a) spring and (b) summer temperature anomalies and total
(c) spring and (d) summer precipitation anomalies in Texas, 2011, for the all forcing and five natural forcing scenarios
(baseline: 1960–2009 with all forcing ensemble). The vertical and horizontal lines indicate the inner 90th percentiles.
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Curiously, the scenario using the largest Arctic sea ice extent (HadCM3 alt. S. Ice) appears to be the warmest of
the natural forcing ensembles. However, the separation between the return period curves with the two
different sea ice extents but identical SSTs is not statistically significant. With only one alternate sea ice
scenario, we hesitate to draw any firm conclusion about the role of sea ice other than that sensitivity to sea ice
merits further investigation.

In contrast to temperature, return periods for precipitation deficits are generally indistinguishable between
the all forcing and natural forcing scenarios. For any particular precipitation deficit, the all forcing confidence
intervals on the conditional return period overlap with at least one of the natural forcing confidence intervals.
At the longer return periods, the all forcing scenario overlaps with most, if not all, of the natural forcing
scenarios. These results are consistent with Rupp et al. [2012, 2013] and Hoerling et al. [2013] that do not show

Figure 3. Conditional return periods of simulated mean (a) winter, (b) spring, and (c) summer soil moisture anomalies and
(d) winter, (e) spring, and (f ) summer precipitation anomalies in Texas, 2011, for the all forcing scenario and the natural
forcing HadCM3 alt. I.C. scenario (baseline: 2011 all forcing ensemble).
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current anthropogenic GHGs leading to increased
frequency in large precipitation deficits in Texas and
neighboring states.

Despite the lack of significant separation between the
conditional return period curves of precipitation among
the scenarios, the effect of anthropogenic forcing
within HadAM3P is to reduce summer precipitation on
average: the change in mean summer precipitation from
the natural forcing to the all forcing scenario ranges
from �4% to �12%. However, as noted above, this
difference is not detectable through the lower tail of the
precipitation distribution, implying that the decrease
in the mean precipitation rate is not due to an increase in
the frequency of the driest summers.

No significant differences are apparent in the longer
conditional return periods of soil moisture deficit in either
spring or summer (Figure 3). In fact, on average, soil
moisture deficits are somewhat greater in the natural
forcing ensemble. Spring soil moisture is slightly higher

in the all forcing ensemble as a result of the slightly higher precipitation in spring (+2%), relative to the
particular natural forcing ensemble used to investigate changes in soil moisture. These wetter soil moisture
conditions in the all forcing scenario appear to persist through summer despite the slightly higher summer
precipitation deficits in all forcing relative to natural forcing. This may be because spring is the wettest season
in Texas, with simulated spring precipitation being about 80% greater than summer precipitation, and so
the wet spring sustains higher soil moisture well into the summer season.

The absence of an increase in the frequency of very low precipitation totals under the all forcing scenario
implies that anthropogenically driven precipitation deficit warming is not contributing to the increase in the
frequency of high summer temperatures. Furthermore, the simulations do not reveal an increase in the
frequency of large soil moisture deficits, which is contrary to what we would expect if ET was increased
while precipitation was largely unchanged. The implication is that ET enhancement warming is also not a
significant component of the total anthropogenic warming. This leaves the base warming as the dominant
cause of an increased frequency of exceptionally warm summers.

To quantify the change in the likelihood of warm summers, we interpolated, for a vector of given temperature
anomalies, the conditional return periods for the all forcing and natural forcing ensembles. Prior to
interpolation, the five natural forcing ensembles were combined into a single ensemble, which assumes
equal likelihood of each scenario. Figure 4 shows the natural forcing versus the all forcing conditional
return periods. For temperature anomalies having return periods between 10 and 100 years in the all
forcing scenario, the corresponding natural forcing return periods are about 10 to 20 times greater and
no less than 7 times greater.

This change in likelihood is substantially higher than the factor of ~2 estimated by Hoerling et al. [2013]
from an analysis of CMIP5 simulations. However, Hoerling et al. [2013] also compared 2011 to the period
of 1981–2010, so one would expect their reported changes to be smaller on that account alone since
anthropogenic GHG concentrations had substantially increased by that period. Rupp et al. [2012] estimated a
100 year return period anomaly in the 1960s becoming roughly a 5 year return period anomaly in 2008, a
20-fold increase in likelihood, whereas Figure 4 indicates a 7 to 14-fold increase between the preindustrial era
and year 2011. This suggests that Rupp et al.’s [2012] results were driven not only by anthropogenic GHGs
but also by natural variability in SST patterns, given that they used the same atmospheric climate model as
done here.

Although it is tempting to assign a conditional return period to the actual 2011 mean summer temperature
within the context of the HadAM3P simulations, biases in the modeled return period curves preclude
direct estimation of a return period. Although simulated summer temperatures (σ = 1.18°C) are more variable
than observed temperatures (σ = 0.75°C), if we could assume a Gaussian probability distribution for both

All forcing ret. per. (years)

N
at

. f
or

ci
ng

 r
et

. p
er

. (
ye

ar
s)

1:1

10:1

100:1

JJA

1 10 100
1

10

100

1e3

1e4

Figure 4. Return period in the combined natural forcing
scenarios to the return period in the all forcing scenario
formean summer temperature, Texas, 2011. The shaded
area shows the inner 90th percentile.

Geophysical Research Letters 10.1002/2014GL062683

RUPP ET AL. ©2015. American Geophysical Union. All Rights Reserved. 2398



observed and simulated temperatures, a simple rescaling of the temperature anomalies by the ratio of the
simulated to observed standard deviations could be done. However, while the observations and simulations
are close to Gaussian through most seasons (see Figure S4 in the supporting information), the simulations
deviate somewhat from Gaussian in summer. Moreover, the 2011 summer temperature is clearly a departure
from the Gaussian-like distribution of the remaining observations.

We may, however, estimate a lower bound on the return period by examining the second highest summer
anomaly on record (1.78°C) and using quantile mapping to adjust for bias. The result is a corresponding
simulated anomaly of 2.2°C, which has a conditional return period in 2011 of approximately 10 years. In the
natural forcing scenarios, this anomaly would have a conditional return period of roughly 100 years (Figure 4).
Of course, the conditional return period of the actual 2011 value will possibly be very much higher than
10 years, so we remain far from being able to reliably estimate the probability of surpassing the summer 2011
temperature in the next few decades.

4. Conclusions

In a numerically simulated environment, anthropogenic warming since the end of the nineteenth century
increased, by an order of magnitude, the likelihood of exceeding some arbitrarily high mean summer
temperature in Texas in 2011. This change corresponds to a simulated 0.5–1.0°C increase over preindustrial
conditions, although the actual change may be smaller because the simulated summer temperatures are
more variable than observations.

We can compare these estimates for those of recent notable heat waves to provide a global context, even
though the particulars of the varying methodologies used may explain more variability among studies than
differences in the events themselves. Otto et al. [2012], for one, estimated a threefold increase in likelihood
for the 2012 Russian heat wave due to anthropogenic GHGs. Diffenbaugh and Scherer [2013] calculated at
least a fourfold increase for the 2012 U.S. heat wave, while Knutson et al. [2013] estimated that the likelihood
grew by a factor of 12 for the months of March–May. For the 2013 Australian heat wave, estimates range
more widely, from 3 [Perkins et al., 2014] to 23 [King et al., 2014] times greater. Lastly, the likelihood of a
heat wave such that struck east Asia in 2013 was calculated to have increased by 2.5 times over central
east China [Zhou et al., 2014] and 10 times over South/North Korea [Min et al., 2014] and Japan [Imada et al.,
2014]. Our estimates for the 2011 Texas heat wave fall within the ranges given above, althoughwe emphasize
that the results are dependent on methodology, the climate model, and model parameters implemented.
Further work using other models and/or parameter sets would test the robustness of these conclusions.

References
Ablaster, J. M., E.-P. Lim, H. H. Hendon, B. C. Trewin, M. C. Wheeler, G. Liu, and K. Braganza (2014), Understanding Australia’s hottest September

on record, in “Explaining extreme events of 2014 from a climate perspective”, Bull. Am. Meteorol. Soc., 95, S37–S41.
Allen, M. R. (1999), Do-it-yourself climate prediction, Nature, 401, 642.
Diffenbaugh, N. S., and M. Scherer (2013), Likelihood of July 2012 U.S. temperatures in preindustrial and current forcing regimes, in

“Explaining extreme events of 2012 from a climate perspective”, Bull. Am. Meteorol. Soc., 94, S6–S9.
Dole, R., M. Hoerling, J. Perlwitz, J. Eischeid, P. Pegion, T. Zhang, X.-W. Quan, T. Xu, and D. Murray (2011), Was there a basis for anticipating the

2010 Russian heat wave?, Geophys. Res. Lett., 38, L06702, doi:10.1029/2010GL046582.
Francis, J. A., and S. J. Vavrus (2012), Evidence linking Arctic amplification to extreme weather in midlatitudes, Geophys. Res. Lett., 39, L06801,

doi:10.1029/2012GL051000.
Gordon, C., C. Cooper, C. A. Senior, H. Banks, J. M. Gregory, T. C. Johns, J. F. B. Mitchell, and R. A. Wood (2000), The simulation of SST, sea ice

extents, and ocean heat transports in a version of the Hadley Centre coupled model without flux adjustments, Clim. Dyn., 16, 147–168.
Hoerling, M., A. Kumar, R. Dole, J. W. Nielsen-Gammon, J. Eischeid, J. Perlwitz, X.-W. Quan, T. Zhang, P. Pegion, andM. Chen (2013), Anatomy of

an extreme event, J. Clim., 26, 2811–2832, doi:10.1175/JCLI-D-12-00270.1.
Imada, Y., H. Shiogama, M. Watanabe, M. Mori, M. Ishii, and M. Kimoto (2014), The contribution of anthropogenic forcing to the Japanese heat

waves of 2013, in “Explaining extreme events of 2014 from a climate perspective”, Bull. Am. Meteorol. Soc., 95, S48–S51.
King, A. D., D. J. Karoly, M. G. Donat, and L. V. Alexander (2014), Climate change turns Australia’s 2013 big dry into a year of record-breaking

heat, in “Explaining extreme events of 2014 from a climate perspective”, Bull. Am. Meteorol. Soc., 95, S37–S41.
Knutson, T. R., F. Zeng, and A. T. Wittenberg (2013), The extremeMarch–May 2012 warm anomaly over the eastern United States: Global context

and multimodel trend analysis, in “Explaining extreme events of 2012 from a climate perspective”, Bull. Am. Meteorol. Soc., 94, S13–S17.
Knutson, T. R., F. Zeng, and A. T. Wittenberg (2014), Multimodel assessment of extreme annual-mean warm anomalies during 2013 over regions of

Australia and thewestern tropical Pacific, in “Explaining extreme events of 2014 froma climate perspective”, Bull. Am.Meteorol. Soc., 95, S26–S30.
Lewis, S. C., and D. J. Karoly (2014), The role of anthropogenic forcing in the record 2013 Australia-wide annual and spring temperatures, in

“Explaining extreme events of 2014 from a climate perspective”, Bull. Am. Meteorol. Soc., 95, S31–S34.
Massey, N., T. Aina, M. Allen, C. Christensen, D. Frame, D. Goodman, J. Kettleborough, A. Martin, S. Pascoe, and D. Stainforth (2006), Data

access and analysis with distributed federated data servers in Climateprediction.net, Adv. Geosci., 8, 49–56.

Acknowledgments
The work was supported by USDA
National Institute of Food and
Agriculture Agriculture Food Research
Initiative grant 2014-35102-21830.
The authors thank Andy Bowery,
Friederike Otto, and Nathalie Schaller
of Climateprediction.net for their
assistance and the thousands of
volunteers who supplied the computing
power for this study. Climateprediction.
net uses the Berkeley Open Infrastructure
for Network Computing, which is
supported by the National Science
Foundation through awards SCI-0221529,
SCI-0438443, SCI-0506411, PHY/0555655,
and OCI-0721124. The data for this
paper are available by request from the
corresponding author. The authors
thank two anonymous reviewers for
their helpful comments.

The Editor thanks two anonymous
reviewers for their assistance in evaluating
this paper.

Geophysical Research Letters 10.1002/2014GL062683

RUPP ET AL. ©2015. American Geophysical Union. All Rights Reserved. 2399

http://dx.doi.org/10.1029/2010GL046582
http://dx.doi.org/10.1029/2012GL051000
http://dx.doi.org/10.1175/JCLI-D-12-00270.1


Massey, N., R. Jones, F. E. L. Otto, T. Aina, S. Wilson, J. M. Murphy, D. Hassell, Y. H. Yamazaki, and M. R. Allen (2014), Weather@home:
Development and validation of a very large ensemble modeling system for probabilistic event attribution, Q. J. R. Meteorol. Soc.,
doi:10.1002/qj.2455.

Min, S.-K., Y.-H. Kim, M.-K. Kim, and C. Park (2014), Assessing human contribution to the summer 2013 Korean heat wave, in “Explaining
extreme events of 2014 from a climate perspective”, Bull. Am. Meteorol. Soc., 95, S48–S51.

Nielsen-Gammon, J. (2012), The 2011 Texas drought, Texas Water J., 3, 59–95.
Otto, F. E. L., N. Massey, G. J. van Oldenborgh, R. G. Jones, and M. R. Allen (2012), Reconciling two approaches to attribution of the 2010

Russian heat wave, Geophys. Res. Lett., 39, L04702, doi:10.1029/2011GL050422.
Peings, Y., and G. Magnusdottir (2014), Response of the wintertime Northern Hemisphere atmospheric circulation to current and projected

Arctic sea ice decline: A numerical study with CAM5, J. Clim., 27, 244–264, doi:10.1175/JCLI-D-13-00272.1.
Perkins, S. E., S. C. Lewis, A. D. King, and L. V. Alexandery (2014), Increased simulated risk of the hot Australian summer of 2012/2013 due to

anthropogenic activity as measured by heat wave frequency and intensity, in “Explaining extreme events of 2014 from a climate
perspective”, Bull. Am. Meteorol. Soc., 95, S34–S37.

Pope, V., M. Gallani, P. Rowntree, and R. Stratton (2000), The impact of new physical parameterizations in the Hadley Centre climate model:
HadAM3, Clim. Dyn., 16, 123–146.

Rahmstorf, S., and D. Coumou (2011), Increase of extreme events in a warming world, Proc. Natl. Acad. Sci. U.S.A., 108, 17,905–17,909,
doi:10.1073/pnas.1101766108.

Rayner, N. A., D. E. Parker, E. B. Horton, C. K. Folland, L. V. Alexander, D. P. Rowell, E. C. Kent, and A. Kaplan (2003), Global analyses of sea surface
temperature, sea ice, and night marine air temperature since the late nineteenth century, J. Geophys. Res., 108(D14), 4407, doi:10.1029/
2002JD002670.

Rupp, D. E., P. W. Mote, N. Massey, C. J. Rye, R. Jones, and M. R. Allen (2012), Did human influence on climate make the 2011 Texas drought
more probable?, in “Explaining extreme events of 2011 from a climate perspective”, Bull. Am. Meteorol. Soc., 93, 1041–1067, doi:10.1175/
BAMS-D-11-00021.1.

Rupp, D. E., P. W. Mote, N. Massey, F. E. L. Otto, and M. R. Allen (2013), Human influence on the probability of low precipitation in the Central
United States in 2012, in “Explaining extreme events of 2012 from a climate perspective”, Bull. Am. Meteorol. Soc., 94, S2–S6.

Screen, J. A., and I. Simmonds (2013), Exploring links between Arctic amplification and midlatitude weather, Geophys. Res. Lett., 40, 959–964,
doi:10.1002/grl.50174.

Screen, J. A., C. Deser, I. Simmonds, and R. Tomas (2014), Atmospheric impacts of Arctic sea ice loss, 1979–2009: Separating forced change
from atmospheric internal variability, Clim. Dyn., 43, 333–444, doi:10.1007/s00382-013-1830-9.

Seager, R., and M. Hoerling (2014), Atmosphere and ocean origins of North American droughts, J. Clim., 27, 4581–4606, doi:10.1175/
JCLI-D-13-00329.1.

Seager, R., L. Goddard, J. Nakamura, N. Henderson, and D. E. Lee (2014), Dynamical causes of the 2010/2011 Texas-Northern Mexica drought,
J. Hydrometeorol., 15, 39–68, doi:10.1175/JHM-D-13-024.1.

Sewall, J. O., and L. C. Sloan (2004), Disappearing Arctic sea ice reduces available water in the American west, Geophys. Res. Lett., 31, L06209,
doi:10.1029/2003GL019133.

Singarayer, J. S., J. L. Bamber, and P. J. Valdes (2006), Twenty-first-century climate impacts from a declining Arctic sea ice cover, J. Clim., 19,
1109–1125, doi:10.1175/JCLI3649.1.

Stark, J. D., C. J. Donlon, M. J. Martin, and M. E. McCulloch (2007), OSTIA: An operational, high resolution, real time, global sea surface
temperature analysis system, Oceans ’07 IEEE Aberdeen, conference proceedings Marine challenges: Coastline to deep sea, Aberdeen,
Scotland, IEEE.

Taylor, K. E., R. J. Stouffer, and G. A. Meehl (2012), An overview of CMIP5 and the experiment design, Bull. Am. Meteorol. Soc., 93, 485–498,
doi:10.1175/BAMS-D11-97300094.1.

Zhou, T., S. Ma, and L. Zou (2014), Understanding a hot summer in central eastern China: Summer 2013 in context of multimodel trend
analysis, in “Explaining extreme events of 2014 from a climate perspective”, Bull. Am. Meteorol. Soc., 95, S54–S57.

Geophysical Research Letters 10.1002/2014GL062683

RUPP ET AL. ©2015. American Geophysical Union. All Rights Reserved. 2400

http://dx.doi.org/10.1002/qj.2455
http://dx.doi.org/10.1029/2011GL050422
http://dx.doi.org/10.1175/JCLI-D-13-00272.1
http://dx.doi.org/10.1073/pnas.1101766108
http://dx.doi.org/10.1029/2002JD002670
http://dx.doi.org/10.1029/2002JD002670
http://dx.doi.org/10.1175/BAMS-D-11-00021.1
http://dx.doi.org/10.1175/BAMS-D-11-00021.1
http://dx.doi.org/10.1002/grl.50174
http://dx.doi.org/10.1007/s00382-013-1830-9
http://dx.doi.org/10.1175/JCLI-D-13-00329.1
http://dx.doi.org/10.1175/JCLI-D-13-00329.1
http://dx.doi.org/10.1175/JHM-D-13-024.1
http://dx.doi.org/10.1029/2003GL019133
http://dx.doi.org/10.1175/JCLI3649.1
http://dx.doi.org/10.1175/BAMS-D11-97300094.1


<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /All
  /Binding /Left
  /CalGrayProfile (None)
  /CalRGBProfile (ECI-RGB.icc)
  /CalCMYKProfile (Photoshop 5 Default CMYK)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.6
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages false
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends false
  /DetectCurves 0.1000
  /ColorConversionStrategy /sRGB
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 524288
  /LockDistillerParams false
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo false
  /PreserveFlatness false
  /PreserveHalftoneInfo false
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Preserve
  /UCRandBGInfo /Remove
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
    /Courier
    /Courier-Bold
    /Courier-BoldOblique
    /Courier-Oblique
    /Helvetica
    /Helvetica-Bold
    /Helvetica-BoldOblique
    /Helvetica-Oblique
    /Symbol
    /Times-Bold
    /Times-BoldItalic
    /Times-Italic
    /Times-Roman
    /ZapfDingbats
  ]
  /AntiAliasColorImages false
  /CropColorImages false
  /ColorImageMinResolution 300
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.00000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /ColorImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasGrayImages false
  /CropGrayImages false
  /GrayImageMinResolution 300
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.00000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /GrayImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasMonoImages false
  /CropMonoImages false
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 400
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.00000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects true
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<
    /ENU ()
  >>
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AllowImageBreaks true
      /AllowTableBreaks true
      /ExpandPage false
      /HonorBaseURL true
      /HonorRolloverEffect false
      /IgnoreHTMLPageBreaks false
      /IncludeHeaderFooter false
      /MarginOffset [
        0
        0
        0
        0
      ]
      /MetadataAuthor ()
      /MetadataKeywords ()
      /MetadataSubject ()
      /MetadataTitle ()
      /MetricPageSize [
        0
        0
      ]
      /MetricUnit /inch
      /MobileCompatible 0
      /Namespace [
        (Adobe)
        (GoLive)
        (8.0)
      ]
      /OpenZoomToHTMLFontSize false
      /PageOrientation /Portrait
      /RemoveBackground false
      /ShrinkContent true
      /TreatColorsAs /MainMonitorColors
      /UseEmbeddedProfiles false
      /UseHTMLTitleAsMetadata true
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /BleedOffset [
        0
        0
        0
        0
      ]
      /ConvertColors /ConvertToRGB
      /DestinationProfileName (sRGB IEC61966-2.1)
      /DestinationProfileSelector /UseName
      /Downsample16BitImages true
      /FlattenerPreset <<
        /PresetSelector /MediumResolution
      >>
      /FormElements true
      /GenerateStructure false
      /IncludeBookmarks false
      /IncludeHyperlinks false
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles true
      /MarksOffset 6
      /MarksWeight 0.250000
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /DocumentCMYK
      /PageMarksFile /RomanDefault
      /PreserveEditing true
      /UntaggedCMYKHandling /UseDocumentProfile
      /UntaggedRGBHandling /UseDocumentProfile
      /UseDocumentBleed false
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice




