
the statistical assumptions or implementation, or differences in
which aspect of the event is analyzed (5).
Some methods have matured to the point that “rapid” analyses

are now being undertaken (e.g., ref. 39), creating a pathway to
operationalize single-event attribution (5, 40). Approaches to
evaluate operational attribution are also emerging, including using
multiple methods to analyze a single event (38), and using a single
method to analyze multiple events (41). In the current study, we
analyze multiple types of events using multiple attribution metrics
at all available points on a global grid (Fig. 1; Materials and
Methods). Our design is philosophically akin to the “precomputed”
approach of ref. 40 and the global climate model (GCM)-based
analysis of ref. 42. However, we compare multiple attribution
metrics, quantify the most extreme event in the observations, and
constrain both observational and climate model analyses by the
statistical characteristics of the observational record. By extending
methods developed for individual localized events to a generalized,

global context, our framework provides a systematic evaluation
based on observational availability, climate model skill, and the
validity of the underlying statistical assumptions.
We analyze four variables that test both punctuated and pro-

longed extremes: the hottest month, hottest day, driest year, and
wettest 5-d period. In addition, given the importance of both dy-
namic and thermodynamic effects (2, 3, 9, 25, 43), we demonstrate
the potential to systematically evaluate the occurrence of physical
“ingredients” that contribute to individual events.

Results and Discussion
We find that 79% of the observed area exhibits a statistically
significant trend in peak summer monthly temperature (Table 1
and Fig. S1). The trend has increased the severity and probability
of the maximum peak summer value at 97% of observed area,
including over much of the tropics, where the trend has contrib-
uted at least 50% of the magnitude and increased the probability
by at least a factor of 5 (Fig. 2 A and B). The observed trend is
more likely to occur in the Historical Simulations than in a sta-
tionary climate over 81% of observed area, with 64% exhibiting
high statistical confidence (Table 1 and Fig. 2C). Further, 83% of
observed area exhibits higher probability of exceeding the maxi-
mum value in the Historical Simulations than in the Pre-Industrial
(Table 1), including increases of at least a factor of 4 over large
areas of the tropics (Fig. 2D).
Observations of daily temperature extremes are more sparse,

and only 41% of observed area exhibits a statistically significant
trend in the hottest daily temperature of the year (Table 1 and Fig.
S2). However, the trend has increased the severity and probability
of the maximum value at � 82% of observed area (Table 1), in-
cluding contributing at least 30% of the magnitude over large areas
of Europe and eastern Asia (Fig. 2E), and increasing the proba-
bility by at least a factor of 2.5 over most of Europe and parts of
western North America and eastern Asia (Fig. 2F). There is high
statistical confidence that the observed trend is more likely in the
Historical Simulations at 73% of observed area (Table 1), with the
most prominent exception being the well-documented “warming
hole” over the eastern United States (Fig. 2G). Further, 85% of
observed area exhibits a higher probability of exceeding the max-
imum daily temperature value in the Historical Simulations, in-
cluding increases of at least a factor of 2 over large areas of North
America, Europe, and Asia (Table 1 and Fig. 2H).
The trend in annual precipitation has increased the severity and

probability of the minimum annual precipitation at 42% of ob-
served area (Table 1). Much of this influence of the historical trend
is centered in the tropics, where large areas exhibit increased
probability of at least a factor of 2 (Fig. 3B). Many of those areas
also exhibit a higher probability of the observed annual precipita-
tion trend in the Historical Simulations, including high statistical
confidence over areas of tropical South America, tropical Africa,

Table 1. Summary of extreme event analysis

Event

Obs trend
Δ magnitude
from trend

Δ return interval
from trend

GCM-Obs
comparison* GCM Historical trends

Δ return interval
from forcing

Trend
P < 0.05 Δmag > 0

>0 and
trend

P < 0.05
Return
ratio > 1

>1 and
trend

P < 0.05
A-D

P > 0.05

Trend
fraction
> 50%

>50% and
A-D

P > 0.05

Trend
fraction
P < 0.05†

Return
ratio > 1

>1 and
A-D

P > 0.05

Peak summer
monthly temperature

0.79 0.97 0.78 0.97 0.78 0.71 0.81 0.58 0.64 0.83 0.59

Hottest day of the year 0.41 0.82 0.40 0.83 0.40 0.83 0.82 0.69 0.73 0.85 0.70
Annual precipitation 0.36 0.42 0.14 0.42 0.14 0.55 0.54 0.32 0.34 0.57 0.32
Wettest 5-d period of

the year
0.18 0.58 0.12 0.59 0.13 0.80 0.63 0.51 0.06 0.41 0.33

Reported value is the area-weighted fraction of available observations (calculated using the median grid point value, as illustrated in Fig. 1). Obs,
observations.
*Comparison of GCM and observations using A-D test.
†Where >50% of GCM realizations agree with the observed sign of trend, and P value of trend fraction is <0.05.
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Fig. 1. Idealized examples of the primary metrics targeted by our attribution
analysis. (A) The contribution of the observed trend to the event magnitude.
(B) The uncertainty in the event return interval in the original time series.
(C) The uncertainty in the contribution of the observed trend to the event
probability. (D) Comparison of the observed interannual variability with the
interannual variability simulated by the climate model. (E) The probability of the
observed trend in the Historical Climate Model Simulations. (F) The uncertainty
in the contribution of the historical forcing to the event probability.
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hypothesis testing to quantify the uncertainty in the probability of
both the event and the contributing physical causes, (iii ) ensuring
accurate assessment of the fidelityof the statistical and physical
models to the observational data, (iv) distinguishing changes
in the probability of extremes from changes in the mean, and (v)
systematically differentiating“absence of evidence” of a causal
link from “evidence of absence.”

The ability to robustly quantify the influence of historical global
warming on the severity and probability of individual events has
important implications for climate adaptation and mitigation efforts,
including infrastructure design, resource management practices,
disaster risk management systems, quantification of“loss and damage”
and legal liability, quantification of the“social cost of carbon,” and
“rapid attribution” of individual events. Further, although we have
focused on the influence of historical global warming, our frame-
work could be used to quantify the probability of unprecedented
events at higher levels of forcing, including those identified in the
United Nations Paris Agreement.

Materials and Methods
Observations and Models.
Observations.Table S1 shows datasets and time periods. We use monthly
temperature anomalies from the “ NOAAGlobalTemp ” gridded dataset (49) to
analyze the maximum peak summer temperature (July in the Northern
Hemisphere and January in the Southern Hemisphere). We use gridded
monthly precipitation from ref. 50 to analyze the minimum annual total
precipitation. We use the global gridded observational datasets from ref. 51
to analyze the maximum hottest day of the year and the maximum wettest
5-d period of the year.

To explore the potential to quantify the influence of global warming on
additional variables beyond temperature and precipitation, we also analyze sea
ice data from ref. 52, and geopotential height patterns and precipitable water
from ref. 53. The geopotential height patterns are calculated using self-
organizing maps as described in ref. 25, with the direct atmospheric “ ther-
mal dilation ” removed (see ref. 26).
Climate models.The most prominent climate model experiments are those co-
ordinated by CMIP (e.g., ref. 54). Although CMIP provides simulations from
many different climate models, the limited number of realizations means that a
relatively small number of simulated years are available from each model in
each forcing window, which can create substantial errors in the calculation of
return intervals of the most extreme events (23). We therefore analyze the
National Center for Atmospheric Research (NCAR) LENS ensemble, which
generates a large ensemble ( � 30 realizations) of a single model in an individual
CMIP5 forcing pathway (e.g., refs. 45 and 55). This approach provides many
hundreds of simulated years in a given forcing window ( Table S1), captures a
much larger range of variability than is available in the observations, and iso-
lates internal climate system variab ility from model structural uncertainty.

LENS was generated with the NCAR Community Earth System Model run at
� 1° horizontal resolution (55). The ensemble methodology branches multiple
GCM simulations from a single CMIP-type transient Historical Simulation. These
multiple realizations differ only in slight perturbations in the initial atmospheric
conditions in 1920. (We analyze only the branched simulations that were ini-
tialized in 1920.) Each ensemble member is then prescribed the transient his-
torical forcing through the end of the CMIP5 historical period (2005), and the
Representative Concentration Pathway (RCP8.5) transient forcing after 2005.

We compare the LENS Historical Simulations with the Pre-Industrial Control
Simulation ( Table S1). Depending on the variable, the observed record may be
shorter than the LENS simulations, or only a subset of the observed record may
be deemed reliable (e.g., due to reliance on satellite observations). Although
the initial period of the RCP8.5 simulations can be used to extend the simu-
lated period past 2005, the lack of other real-world forcings such as volcanic
eruptions can affect the fidelity of the simulated climate in the post-2005 pe-
riod (e.g., ref. 56).

Quantifying the Influence of Global Warming on Individual Events. We evaluate
the locally observed maxima or minima of four widely used extreme tem-
perature and precipitation indicators on a global grid. We calculate four target
metrics for each variable (Fig. 1), based on our previously published methods
(22, 24, 34, 57). Our choice of these four metrics is motivated by the need to
compare different metrics that have been explored in the literature (5), in-
cluding the contribution of the local historical trend to a given event, and the
extent to which historical climate forcing has influenced the probability of a
given event. We report results at grid points where the observational dataset
is continuous over the analysis period.

The contribution of the observed trend to the magnitude of the event.We first find
the maximum/minimum event in the observed time series at each grid point.
We then detrend the observed time series at each grid point, and find the new
value of the original event magnitude in the detrended time series (Fig. 1 A). We
then calculate the contribution of the observed trend to the event magnitude
as the difference between the observed event magnitude and the detrended
event magnitude, divided by the difference between the observed event
magnitude and the mean of the detrended time series (Fig. 1 A). We calculate
the statistical significance of the observed trend following the approach of ref.
24, which accounts for temporal dependence in the observed time series using
the moving block bootstrap.
The contribution of the observed trend to the probability of the event magnitude.
We adapt the approach of refs. 34 and 22 to calculate the ratio of return in-
tervals between the observed and detre nded time series. Different authors
have used different parametric distributions (e.g., comparison in ref. 34). Here
we use the Gumbel variation of the Generalized Extreme Value (GEV) distri-
bution, which, for these variables and these datasets, provides a conservative
estimation of the change in probabilit y compared with the more generalized
application of the GEV ( Fig. S7). However, we note that the Gumbel distri-
bution will not necessarily provide the most conservative estimation in all
cases, and therefore care should be taken when selecting the method for
calculating the return interval of historically unprecedented events.

Because sampling errors tend to be large when data segment lengths are
similar to the event return interval (23), the fact that the observational record is
limited to several decades is likely to create substantial uncertainty in the
calculated return interval of the most extreme events. We therefore follow
refs. 34 and 22 in using the moving block bootstrap to account for uncertainty
in the fit of the observations to the parametric distribution. As in ref. 24, the
length of each subset for the nonparametric block bootstrap —that is, the
“ block size”— is determined by the number of time steps for which temporal
dependence is significant in the time series, based on the partial autocorre-
lation function of the data. By selecting the block size based on the observed
autocorrelation of the data, the moving block bootstrap preserves the ob-
served dependency of the data within —but not among —the blocks. Our ap-
plication of the moving block bootstap is thereby an approach to ensuring
that the statistical assumptions for hypothesis testing hold (i.e., that the block
samples in the bootstrap are approximately independent and identically dis-
tributed random vectors).

This bootstrapping yields a sample of parametric fits to the observations,
which in turn yields a sample of return intervals for the event magnitude in the
observed time series (Fig. 1B and Fig. S8). We repeat this process to calculate
the sample of return intervals for the event magnitude in the detrended time
series. [We find that the return interval uncertainty is very similar between the
observed and detrended time series, with peak summer temperature over
tropical South America exhibiting the greatest discrepancy ( Fig. S8).] Finally,
we follow refs. 34 and 22 in calculating the ratio for all possible combinations
of return intervals in the observed and detrended time series, yielding an es-
timate of the uncertainty in the contribution of the observed trend to the
event probability (Fig. 1 C). We report the median value of the ratio distribu-
tion (Fig. 1 C) at each grid point.
The probability of the observed trend in the historical climate forcing.We follow
the approach of ref. 57 to calculate the probability of the observed trend in the
historical forcing (Fig. 1 E). We first calculate the fraction of Historical Simula-
tions that exhibit a trend of the same sign as the observed time series. We then
evaluate the statistical significance of that fraction using a two-tailed binomial
test, where ( i ) the null hypothesis is that the probability of observing a positive
trend is 0.5 and the probability of observing a negative trend is 0.5, and ( ii ) the
Pvalue is calculated as the two-tailed probability that the simulated fraction of
trends having the same sign as the observed trend is equal to 0.5. (This method
avoids fitting a parametric distribution to the observed or simulated data.)

As in refs. 34 and 22, we evaluate the climate model ’s simulation of inter-
annual variability in each climate indicator (Fig. 1 D). Previous event attribution
studies have made this evaluation using the Kolmogorov ŠSmirnov test (22, 34,
38). However, we find that the Anderson ŠDarling (A-D) test, which gives more
weight to the tails of the distribution, produces a more restrictive comparison
with observations for the four extreme climate variables ( Table S1). We therefore
use the A-D test. We first correct the mean of the Pre-Industrial Control Simu-
lation to be equal to the mean of the detrended observations. We then use the
A-D test to quantify the agreement betw een the mean-corrected Pre-Industrial
Simulation and the detrended observati ons. We reject the climate model if the
A-D test yields a P value less than 0.05, as this suggests that the model output
does not come from the same statistical population as the observations.
The probability of the event magnitude in the historical and preindustrial climate
forcing.We follow refs. 34 and 22 in calculating the ratio of return intervals
between the Historical and Pre-Industrial GCM Simulations (Fig. 1 F). This
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analysis is similar to that described in The Contribution of the Observed
Trend to the Probability of the Event Magnitude for the influence of the
historical trend, but performed on the Historical and Pre-Industrial GCM
Simulations rather than the observed and detrended time series. The
NCAR large ensemble provides >700 y of data in the Historical and Pre-
Industrial Simulations (Table S1); in contrast to decadal-scale periods,
1,000-y simulations have been shown to “provide fairly accurate estimates
of changes in return levels even for long return periods” (23).

As described in ref. 22, we use the sample of event return intervals in
the observations (calculated above) to define the sample of event mag-
nitudes in the climate model simulation: We first define the sample of
return intervals in the Pre-Industrial Simulation to be identical to that of
the detrended observed time series. We then calculate the sample of event
magnitudes in the Pre-Industrial Control Simulation that are associated
with that sample of event return intervals. Then, for each of the Pre-

Industrial event magnitudes, we calculate the associated event return in-
terval in the Historical Climate Model Simulations. Finally, as described
above, we calculate the ratio for all possible combinations of return in-
tervals in the Historical and Pre-Industrial samples, yielding an uncertainty
estimate for the contribution of historical forcing to the event probability.
We report the median value of the ratio distribution (Fig. 1F) at each
grid point.

ACKNOWLEDGMENTS. We thank the editor and two anonymous re-
viewers; NCAR for LENS and the extRemes R package; and the World
Climate Research Program, Department of Energy, National Oceanic and
Atmospheric Administration, National Snow and Ice Data Center, and
Environment Canada for data access. We acknowledge support from
National Science Foundation, Department of Energy, National Institutes
of Health, and Stanford University.

1. Trenberth KE (2012) Framing the way to relate climate extremes to climate change.
Clim Change 115:283–290.

2. Trenberth KE, Fasullo JT, Shepherd TG (2015) Attribution of climate extreme events.
Nat Clim Change 5:725–730.

3. Shepherd TG (2016) A common framework for approaches to extreme event attri-
bution. Curr Clim Change Reports 2:28–38.

4. Stott PA, et al. (2016) Attribution of extreme weather and climate-related events.
Wiley Interdiscip Rev Clim Change 7:23–41.

5. National Academies of Sciences, Engineering, and Medicine (2016) Attribution of
Extreme Weather Events in the Context of Climate Change (Natl Acad Press, Wash-
ington, DC).

6. Stott PA, Stone DA, Allen MR (2004) Human contribution to the European heatwave
of 2003. Nature 432:610–614.

7. Coumou D, Rahmstorf S (2012) A decade of weather extremes. Nat Clim Change 2:
491–496.

8. Allen M, et al. (2007) Scientific challenges in the attribution of harm to human in-
fluence on climate. Univ Pa Law Rev 155:1353–1400.

9. Otto FEL, et al. (2016) The attribution question. Nat Clim Change 6:813–816.
10. Intergovernmental Panel on Climate Change (2012) Managing the Risks of Extreme

Events and Disasters to Advance Climate Change Adaptation eds Field CB, et al.
(Cambridge Univ Press, Cambridge, UK).

11. Easterling DR, et al. (2000) Climate extremes: Observations, modeling, and impacts.
Science 289:2068–2074.

12. Intergovernmental Panel on Climate Change (2014) Summary for policy makers, Climate
Change 2014: Impacts, Adaptation, and Vulnerability. Contribution of Working Group II
to the Fifth Assessment Report of the Intergovernmental Panel on Climate Change, eds
Field CB, et al. (Cambridge Univ Press, Cambridge, UK), pp 1–32.

13. Rosenzweig C, et al. (2008) Attributing physical and biological impacts to anthropo-
genic climate change. Nature 453:353–357.

14. Diffenbaugh NS, Scherer M (2011) Observational and model evidence of global
emergence of permanent, unprecedented heat in the 20(th) and 21(st) centuries. Clim
Change 107:615–624.

15. Mills E (2005) Insurance in a climate of change. Science 309:1040–1044.
16. Milly PCD, et al. (2008) Climate change. Stationarity is dead: Whither water man-

agement? Science 319:573–574.
17. Huggel C, Wallimann-Helmer I, Stone D, Cramer W (2016) Reconciling justice and

attribution research to advance climate policy. Nat Clim Change 6:901–908.
18. Mearns LO, Katz RW, Schneider SH (1984) Extreme high-temperature events: Changes in

their probabilities with changes in mean temperature. J Clim Appl Meteorol 23:1601–1613.
19. Hartmann DL, et al. (2013) Climate Change 2013: The Physical Science Basis. Contribution

of Working Group I to the Fifth Assessment Report of the Intergovernmental Panel on
Climate Change, eds Stocker TF, et al. (Cambridge Univ Press, Cambridge, UK),
pp 159–254.

20. Peterson TC, et al. (2013) Monitoring and understanding changes in heat waves, cold
waves, floods and droughts in the United States: State of knowledge. Bull AmMeteorol
Soc 94:821–834.

21. Diffenbaugh NS, Trapp RJ, Brooks HE (2008) Does global warming influence tornado
activity? Eos Trans AGU 89:553–554.

22. Swain DL, et al. (2014) The extraordinary California drought of 2013-2014: Character,
context, and the role of climate change. Bull Am Meteorol Soc 95:S3–S7.

23. Huang WK, Stein ML, McInerney DJ, Moyer EJ (2016) Estimating changes in tem-
perature extremes from millennial-scale climate simulations using generalized ex-
treme value (GEV) distributions. Adv Stat Climatol Meteorol Oceanogr 2:79–103.

24. Singh D, Tsiang M, Rajaratnam B, Diffenbaugh NS (2014) Observed changes in ex-
treme wet and dry spells during the South Asian summer monsoon season. Nat Clim
Change 4:456–461.

25. Horton DE, et al. (2015) Contribution of changes in atmospheric circulation patterns
to extreme temperature trends. Nature 522:465–469.

26. Swain DL, Horton DE, Singh D, Diffenbaugh NS (2016) Trends in atmospheric patterns
conducive to seasonal precipitation and temperature extremes in California. Sci Adv
2:e1501344.

27. Lin N, Emanuel K (2016) Grey swan tropical cyclones. Nat Clim Change 6:106–111.
28. Stone DA, Paciorek CJ, Prabhat, Pall P, Wehner M (2013) Inferring the anthropogenic

contribution to local temperature extremes. Proc Natl Acad Sci USA 110:E1543.

29. Easterling DR, Kunkel KE, Wehner MF, Sun L (2016) Detection and attribution of
climate extremes in the observed record. Weather Clim Extremes 11:17–27.

30. Rahmstorf S, Coumou D (2011) Increase of extreme events in a warming world. Proc
Natl Acad Sci USA 108:17905–17909.

31. Stone DA, Allen MR (2005) The end-to-end attribution problem: From emissions to
impacts. Clim Change 71:303–318.

32. Pall P, et al. (2011) Anthropogenic greenhouse gas contribution to flood risk in
England and Wales in autumn 2000. Nature 470:382–385.

33. Otto FEL, Massey N, Oldenborgh GJ, Jones RG, Allen MR (2012) Reconciling two ap-
proaches to attribution of the 2010 Russian heat wave. Geophys Res Lett 39:L04702.

34. Singh D, et al. (2014) Severe precipitation in Northern India in June 2013: Causes,
historical context, and changes in probability. Bull Am Meteorol Soc 95:S58–S61.

35. Diffenbaugh NS, Swain DL, Touma D (2015) Anthropogenic warming has increased
drought risk in California. Proc Natl Acad Sci USA 112:3931–3936.

36. Dole R, et al. (2011) Was there a basis for anticipating the 2010 Russian heat wave?
Geophys Res Lett 38:L06702.

37. Haustein K, et al. (2016) Real-time extreme weather event attribution with forecast
seasonal SSTs. Environ Res Lett 11:64006.

38. Uhe P, et al. (2016) Comparison of methods: Attributing the 2014 record European
temperatures to human influences. Geophys Res Lett 43:8685–8693.

39. van Oldenborgh GJ, et al. (2016) Rapid attribution of the May/June 2016 flood-
inducing precipitation in France and Germany to climate change. Hydrol Earth Syst
Sci Discuss, 10.5194/hess-2016-308.

40. Christidis N, Stott P, Zwiers F (2015) Fast-track attribution assessments based on pre-
computed estimates of changes in the odds of warm extremes. Clim Dyn 45:1547–1564.

41. Angélil O, et al. (2017) An independent assessment of anthropogenic attribution
statements for recent extreme temperature and rainfall events. J Clim 30:5–16.

42. Fischer EM, Knutti R (2015) Anthropogenic contribution to global occurrence of
heavy-precipitation and high-temperature extremes. Nat Clim Change 5:560–564.

43. Mitchell D, et al. (August 23, 2016) Assessing mid-latitude dynamics in extreme event
attribution systems. Clim Dyn, 10.1007/s00382-016-3308-z.

44. Donat MG, et al. (2013) Global land-based datasets for monitoring climatic extremes.
Bull Am Meteorol Soc 94:997–1006.

45. Deser C, Knutti R, Solomon S, Phillips AS (2012) Communication of the role of natural
variability in future North American climate. Nat Clim Change 2:775–779.

46. Mankin JS, Viviroli D, Singh D, Hoekstra AY, Diffenbaugh NS (2015) The potential for snow
to supply human water demand in the present and future. Environ Res Lett 10:114016.

47. Thompson DWJ, Barnes EA, Deser C, Foust WE, Phillips AS (2015) Quantifying the role
of internal climate variability in future climate trends. J Clim 28:6443–6456.

48. O’Gorman PA (2015) Precipitation extremes under climate change. Curr Clim Change
Rep 1:49–59.

49. Vose RS, et al. (2012) NOAA’s merged land-ocean surface temperature analysis. Bull
Am Meteorol Soc 93:1677–1685.

50. Schneider U, et al. (2014) GPCC’s new land surface precipitation climatology based on
quality-controlled in situ data and its role in quantifying the global water cycle. Theor
Appl Climatol 115:15–40.

51. Sillmann J, Kharin VV, Zhang X, Zwiers FW, Bronaugh D (2013) Climate extremes
indices in the CMIP5 multimodel ensemble: Part 1. Model evaluation in the present
climate. J Geophys Res Atmos 118:1716–1733.

52. Cavalieri DJ, Parkinson CL, Gloersen P, Zwally HJ (2015, c1996) Data from “Sea ice
concentrations from Nimbus-7 SMMR and DMSP SSM/I-SSMIS passive microwave data,
version 1.” NASA National Snow and Ice Data Center Distributed Active Archive
Center. dx.doi.org/10.5067/8GQ8LZQVL0VL.

53. Kalnay E, et al. (1996) The NCEP/NCAR 40-year reanalysis project. Bull Am Meteorol
Soc 77:437–471.

54. Taylor KE, Stouffer RJ, Meehl GA (2012) An overview of CMIP5 and the experiment
design. Bull Am Meteorol Soc 93:485–498.

55. Kay JE, et al. (2015) The Community Earth System Model (CESM) Large Ensemble
Project: A community resource for studying climate change in the presence of internal
climate variability. Bull Am Meteorol Soc 96:1333–1349.

56. Santer BD, et al. (2014) Volcanic contribution to decadal changes in tropospheric
temperature. Nat Geosci 7:185–189.

57. Singh D, et al. (2016) Recent amplification of the North American winter temperature
dipole. J Geophys Res Atmos 121:9911–9928.

4886 | www.pnas.org/cgi/doi/10.1073/pnas.1618082114 Diffenbaugh et al.

http://www.pnas.org/lookup/suppl/doi:10.1073/pnas.1618082114/-/DCSupplemental/pnas.201618082SI.pdf?targetid=nameddest=ST1

