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S3. LIKELIHOOD OF JULY 2012 U.S.
TEMPERATURES IN PREINDUSTRIAL AND
CURRENT FORCING REGIMES
Noah S. Diffenbaugh and Martin Scherer

Supplemental methods. We compare the frequency
of occurrence of July 2012 surface air temperature,
500-hPa geopotential height, and 0 cm–200 cm soil
moisture between global reanalysis and general circulation model simulations forced with preindustrial
and current atmospheric constituent concentrations.
We focus our analysis on the National Centers for
Environmental Prediction (NCEP) global reanalysis
(Kalnay et al. 1996), but also compare those results
with the ERA-Interim reanalysis and the HadCRUT4
station-based dataset (Figs. S3.3, S3.4). While these
observationally based datasets allow us to quantify
how rare July 2012 was within the context of recent
history, they sample only a single realization of the
climate system within the current forcing regime.
We, therefore, call upon the Coupled Model Inter-

comparison Project phase 5 (CMIP5) global climate
model experiments (Taylor et al. 2012), which include
multiple realizations of the climate system within the
current and preindustrial forcings (Table S3.1). These
multiple realizations enable our quantification of the
likelihood of a 2012-magnitude event to reflect both
climate system variability within a forcing regime and
the response of the climate system to changes in forcing. Because a far larger archive currently exists for
monthly fields than for daily fields (PCMDI 2013), we
focus our analysis on the monthly-mean July fields.
Prior to our quantification, we correct the biases
in the mean and variability of the CMIP5 simulations
to the mean and variability of the reanalysis. We
perform this bias correction on the full time series of
July temperatures in each of the CMIP5 preindustrial
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Fig. S3.1. The percentile of the Jul 2012 mean in the 1979–2011 period of NCEP (top row), the 1979–2011 period
of CMIP5 (middle row), and the preindustrial period of CMIP5 (bottom row). The “max” (“min”) contour
indicates areas where the 2012 value is greater than (less than) the maximum (minimum) value found in the
population. See Supplemental methods for details of the ensemble analysis.

(“PI”) simulations and on the 1979–2011 time series of
July temperatures in each of the CMIP5 20th century
historical forcing (“20C”) simulations. We extend
the CMIP5 20C experiment to 2011 by appending
the 2006–11 period from the CMIP5 Representative
Concentration Pathway (RCP) 8.5 experiment, which
is the RCP that is most consistent with recent global
emissions (Peters et al. 2013). For each model, we
first subtract the respective means from the CMIP5
20C and PI simulations. We then multiply those resulting 20C and PI anomaly time series by the ratio
of the standard deviations of the 1979–2011 NCEP
reanalysis and the 1979–2011 period of the CMIP5
20C simulation. (Correcting the variability of both
the 20C and PI simulations by the 1979–2011 variability-bias corrects the bias in present variability while
also allowing for changes in variability between the
preindustrial and present forcing.) We then add the
1979–2011 NCEP mean to the variability-corrected
CMIP5 20C anomaly time series, thereby correcting
the bias in the CMIP5 20C mean. We add the sum of
the PI mean and the difference between the NCEP
and CMIP5 1979–2011 means to the variabilityAMERICAN METEOROLOGICAL SOCIETY

corrected PI anomaly time series, thereby correcting
the bias in the CMIP5 PI mean while preserving the
difference between the PI and 20C means.
In order to normalize across CMIP5 realizations
of different lengths (Table S3.1) when calculating our
likelihood metrics, we divide the 20C and PI simulations into subperiods of equal length. For the CMIP5
20C simulations, we select the 33-year period from
1979 (the start of the satellite era) to 2011 (the year
prior to the 2012 event) in each realization, yielding
24 total 20C periods. For the CMIP5 PI simulations,
we divide each realization into 33-year periods,
yielding 134 total PI periods. We then calculate the
likelihood metrics for each 33-year period in each realization and then take the mean across the respective
populations of all 33-year periods in the multi-GCM
20C and preindustrial ensembles. For example, for
calculating the number of years per event shown in
Fig. 3.1 (in the original paper), we first calculate the
number of 2012-magnitude events per year at each
grid point for each 33-year period in each GCM realization. We then calculate the mean of the individual
events-per-year values across the population of all
SEPTEMBER 2013
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Fig. S3.2. The number of 33-year periods required to achieve an event of the Jul 2012 magnitude in the 1979–2011
period of NCEP (top row), the 1979–2011 period of CMIP5 (middle row), and the preindustrial period of CMIP5
(bottom row). White areas show where no event occurred in any realization. See Supplemental methods for
details of the ensemble analysis.

33-year periods in the ensemble. Finally, we take the
inverse of the ensemble-mean events-per-year value,
yielding the ensemble-mean years-per-event value at
each grid point.
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Fig. S3.3. Comparison of the July 2012 temperature in the NCEP reanalysis, the ERA-Interim reanalysis, and the
HadCRUT4 station-based dataset. The top row shows the magnitude of the Jul 2012 event as an anomaly from
the 1979–2011 mean. The middle row shows the percentile of the Jul 2012 mean in the 1979–2011 period. The
bottom row shows the percentile of the Jul 2012 mean in the 1912–2011 period. The “max” contour indicates
areas where the 2012 value is greater than the maximum value found in the population. The NCEP reanalysis
panels are reproduced from Fig. 3.1 (in the original paper) and Fig. S3.1, respectively. All three datasets are
first linearly interpolated to the common one-degree grid (see text). The box shows the region that is used in
Figs. 3.1 and 3.2 (in the original paper).
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Fig. S3.4. (Top four rows) As in Fig. 3.1 (in original paper), but using the ERA-Interim reanalysis. (Bottom row)
As in Fig. 3.2 (in original paper), but using the ERA-Interim reanalysis.
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Fig. S3.5. (Top) The Jul mean surface air temperature in the CMIP5 1979–2011 period. (Middle) The Jul mean
surface air temperature in the CMIP5 preindustrial control. (Bottom) The difference in Jul mean surface air
temperature between the CMIP5 1979–2011 period and the CMIP5 preindustrial control, calculated as 1979–2011
minus preindustrial.
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S5. THE EXTREME MARCH–MAY 2012 WARM
ANOMALY OVER THE EASTERN UNITED STATES:
GLOBAL CONTEXT AND MULTIMODEL TREND
ANALYSIS
Thomas R. Knutson, Fanrong Zeng, and Andrew T. Wittenberg

T

he analysis in Fig. 5.2 of the main paper shows
how observed and simulated trends from model
All-Forcing runs, control runs, and observations
can be compared quantitatively, using control-run
variability to estimate confidence intervals on the
modeled trends. This same methodology (which is
described in greater detail in Knutson et al. 2013)
can be applied in a similar manner to time series at
individual grid points around the globe. Locations
where warming trends are inconsistent with the
control runs (detectable) and either consistent with
or greater than the All-Forcing runs according to the
methodology described in the main text are assessed
as having a detectable anthropogenic contribution to
the long-term trend.
The red-orange or dark red areas on the maps
in Fig S5.1 (right column) depict grid points in the
HadCRUT4 dataset that have some detectable warming due to anthropogenic forcing according to this
criterion. We find that about 80% of the analyzed
global area for March–May (MAM) seasonal means
meets these criteria, with similar percentages for
other seasons or the annual means.
The white regions in the maps (right column)
show where the observed trend is classified as not
detectable compared with model control run variability. Interestingly, the region of the eastern United
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States that had such anomalously warm (record)
MAM anomalies in 2012 is also a region that does
not have a detectable warming trend during MAM
for a number of the individual grid points in this
region over 1901–2012 according to this analysis (Fig.
S5.1i). However, after spatial averaging over the entire
region of record MAM warmth, the trend since 1901
assessed as significant (Fig. 5.2 in the report). In addition, parts of the eastern tropical and subtropical
Pacific and much of the extratropical North Atlantic
also do not exhibit detectable (distinguishable from
natural variability) long-term warming trends in any
season at the gridpoint scale (Fig. S5.1f,i,l,o). We conclude that there is only marginal significance for an
anthropogenic contribution to the extreme seasonal
warmth during MAM 2012 over the eastern United
States at the gridpoint scale based on this assessment.
Most of the other larger features in the seasonal
extremes maps shown in the middle column of Fig.
S5.1—e.g., June–August (JJA) warm anomalies in the
Mediterranean region, in the Somali Current region
off the east coast of Africa in JJA and September–November (SON), and the warming off the northeast
coast of the United States and Canadian maritime
provinces in JJA and SON—tend to occur in regions
that have some detectable anthropogenic contribution
to the 1901–2012 trends, according to our assessment.

FIG. S5.1. (Left column) Annual- (a) or seasonal- (d,g,j,m) mean surface air temperature anomalies for 2012
(1961–90 base period) from the HadCRUT4 dataset (unit: °C). The seasons are DJF (Dec 2011–Feb 2012), MAM
(Mar–May), JJA (Jun–Aug), and SON (Sep–Nov). (Middle column) Colors identify grid boxes with annual- (b)
or seasonal- (e,h,k,n) mean anomalies that rank first (dark red), second (red-orange), or third (yellow-orange)
warmest or first (dark blue), second (medium blue), or third (light blue) coolest in the available record. Gray
areas did not have sufficiently long records, defined here as containing at least 100 available annual or seasonal
means, with an annual mean requiring at least four available months and a seasonal mean requiring at least
two of three months to be available. Left and middle columns are repeated from Fig. 5.1 in the report for ease
of comparison. (Right column) Colors identify categories of trend assessment results for annual means (c) and
various seasons (f,i,l,o), which were assessed by comparing the observed trends over the period 1901–2012 with
modeled trends in either the All-Forcing (anthropogenic and natural combined) or the Control runs. Locations
where no detectable observed trend was found are white (i.e., consistent with Control-run variability). Locations
where observed trends are detectable and consistent with All Forcing runs are red-orange. Locations where
observed trends are detectable and significantly greater than the All-Forcing run trends are dark red. Locations
where observed trends are detectable but significantly less than the All-Forcing runs trends are yellow-orange.
Consistent here means that the observed trend lies within the multimodel distribution (5th–95th percentiles)
for a given forcing scenario (i.e., All-Forcing scenario or Control run with no external forcing), where the AllForcing model distribution incorporates the uncertainty from the models due to both differences in response
to forcing between the different models and the spread due to internal variability in the model control runs.
See Knutson et al. (2013) for further details.
AMERICAN METEOROLOGICAL SOCIETY
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S7. SEPTEMBER 2012 ARCTIC SEA ICE MINIMUM:
DISCRIMINATING BETWEEN SEA ICE MEMORY,
THE AUGUST 2012 EXTREME STORM, AND
PREVAILING WARM CONDITIONS
Virginie Guemas, Francisco Doblas-Reyes, Agathe Germe, David Salas y Mélia ,
Matthieu Chevallier, and Mercator-Ocean

Supplemental Methods. The sea ice reconstruction
that provided our sea ice initial conditions is briefly
described here. A more extensive description and
validation can be found in Guemas et al. (2013). This
sea ice reconstruction is run with the Louvain-laNeuve (LIM2; Fichefet and Maqueda 1997; Goosse
and Fichefet 1999) sea ice model embedded into
version 3.2 of the NEMO ocean model (Madec et al.
2008) and forced with ERA-interim (Dee et al. 2011)
atmospheric surface fields through Large and Yeager’s
(2004) bulk formulae. The ocean temperature and
salinity are nudged towards their monthly counterpart from the ORAS4 ocean reanalysis (Mogensen et
al. 2011; Balmaseda et al. 2012). This nudging exerts
a strong constraint on the sea ice extent as ice melts
when transported towards an area where the (SST)
is above the seawater freezing point. The timescale
for the nudging is set to 360 days below 800 m and
10 days above, except in the mixed layer, but the SST
and sea surface salinity (SSS) are also restored (-40
W m-2 and -150 mm day-1 psu-1). The nudging is not
applied in the 1°S–1°N band to avoid disrupting the
strong equatorial currents but is applied anywhere
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else. Each member of the sea ice reconstruction is
nudged toward a different member of the ORAS4
ocean reanalysis. Wind stress perturbations are added
to the ERA-interim atmospheric surface fields for
four of the five members. To obtain the wind stress
perturbations, we compute the differences between
the monthly 10-m wind speed of DFS4.3 (Brodeau
et al. 2010) and ERA-interim over the 1979–2006
period. Those differences provide an estimate of the
observational error in the wind field. We obtain 28
differences for each month of the year. January perturbations are then picked up randomly from the set
of January differences, February perturbations from
the set of February differences, etc. After drawing
the perturbations for a complete year, i.e., 12 monthly
perturbations, they are interpolated linearly to obtain
daily perturbations. Finally, our five initial conditions
are taken from a previous five-member sea ice reconstruction, which follows the exact same methodology
but uses the DFS4.3 forcings.

S10. THE EXTREME EUROPEAN SUMMER 2012
Buwen Dong, Rowan Sutton, and Tim Woollings

Fig. S10.1. Anomalies in precipitation for Jun–Aug (JJA) during recent years relative to the 1964–93 mean from
the daily gridded E-OBS precipitation (version 7.0) over Europe (Haylock et al. 2008). Seasonal mean precipitation anomalies expressed as a percentage of the climatological mean value for 1950–2012. (a) For 2007, (b)
for 2008, (c) for 2009, and (d) for 2011.
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Fig. S10.2. Climatological seasonal mean (JJA) SLP (hPa) and precipitation (mm day-1) in observations and in
the CONTROL experiment. Observations are the mean value for 1964–93 of (a) SLP from HadSLP2 and (b)
precipitation from the daily gridded E-OBS precipitation (version 7.0) over Europe (Haylock et al. 2008). Model
climatology of (c) SLP and (d) precipitation are the last 25 year mean values.
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S13. CONTRIBUTION OF ATMOSPHERIC
CIRCULATION TO WET NORTH EUROPEAN
SUMMER PRECIPITATION OF 2012
Pascal Yiou and Julien Cattiaux

Fig. S13.1. Anomalies of precipitation frequencies over Europe (in fractions of seasons) for four summer months
in 2012 (Jun–Sep). The colored points represent the 351 ECA&D stations we retained. The polygon outlines the
region over which the averages were computed (50°N–70°N, 8°W–35°E). The upper panels represent observed
precipitation frequency anomalies; the lower panels represent the median precipitation frequency anomalies
obtained from 20 analogues of circulation.
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S15. ATTRIBUTION OF 2012 AND 2003–12
RAINFALL DEFICITS IN EASTERN KENYA AND
SOUTHERN SOMALIA
Chris Funk, Greg Husak, Joel Michaelsen, Shraddhanand Shukla , Andrew Hoell, Bradfield
Lyon, Martin P. Hoerling, Brant Liebmann, Tao Zhang, James Verdin, Gideon Galu, Gary Eilerts,
and James Rowland
East African (EA) dry event March sea surface temperature (SST) transects. We briefly discuss equatorial
transects of standardized NOAA Optimal Interpolation (OI) SSTs for March seasons associated with dry
EA SPI events (Fig. S15.1). March SSTs were used to
emphasize the potential for short-term predictability—if a consistent March SST pattern emerges, this
may indicate that we could anticipate low March–May
EA SPI outcomes. The averaged transects do indicate
a coherent structure, indicating that a warmer IndoPacific combined with a cooler eastern Pacific may be
conducive to EA drying. Most (1984, 1996, 1999, 2000,
2007, 2008, 2009, 2011, 2012) but not all (1983, 1992),
of the individual dry season transects tend to indicate
strong western-to-central Pacific SST gradients.
EA precipitation and SPI time series. The precipitation
time series shown here is a new FEWS NET precipitation monitoring product (the Climate Hazard Group
InfraRed Precipitation with Stations; CHIRPS) dataset. CHIRPS is produced by blending 1981–present

Fig. S15.1. Standardized equatorial (10°S–10°N) March
NOAA OI SST transects for the 12 EA dry events
shown with circles in Fig. 15.1b (in the original paper).
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cold cloud duration based precipitation estimates
based on geostationary infrared satellite observations
with in situ monthly precipitation gauge observations (Funk et al. 2013, unpublished manuscript).
This rainfall dataset has been developed to support
real time drought monitoring. The 1981–2012 EA
March–May CHIRPS and Global Precipitation Climatology Centre precipitation averages were almost
identical (Fig. S15.2). The GPCC time series data was
not available when this work commenced, hence our
use of CHIRPS.
The EA SPI (McKee et al. 1993) time series was
created by (i) fitting a gamma distribution to the
1981–2012 three-month EA precipitation totals and
then (ii) translating the associated rainfall percentiles
into an equivalent standard normal distribution
z-score.
GFS estimation procedure. This section describes in
more detail the statistical estimation approach used
in this analysis. Local GFS precipitation exhibited

Fig . S15.2. EA March–May precipitation totals from
CHIRPS and GPCC.

Fig. S15.3. (a) The 1993–2012 correlation between GFS March–May ensemble mean precipitation and the
EA SPI time series. (b) Running 15-year correlations between EA SPI and Niño3.4 SSTs and GFS western
Pacific SSTs.

low correlations with the EA precipitation (r =
0.34, 1982–2012), while rainfall in the Indo-Pacific
exhibited (Fig. S15.3a) significant anti-correlations
over the past 20 years (1993–2012), our estimates
were based on a simple regression between western
Pacific (0°–20°N, 120°E–160°E) GFS precipitation
and EA SPI. Recent analyses have suggested that
enhanced low-level convergence and precipitation
in the western Pacific is associated with subsidence
over and reduced moisture transports into the EA
region (Lyon and DeWitt 2012; Williams and Funk
2011). Cross-validation (Michaelsen 1987) indicated a
robust relationship with an r-squared value of 0.5, and
slope coefficients that varied by ±8%. Niño3.4 SST
variations explained half of the 1993–2012 western
Pacific GFS precipitation variance.

AMERICAN METEOROLOGICAL SOCIETY

Interestingly, the relationship between EA SPI and
Nino3.4 SSTs and western Pacific GFS precipitation
exhibits substantial non-stationarity. Fifteen-running-year correlations with March–May GFS western
Pacific (120°E–160°E, 0°–20°N) precipitation exhibit
strong (< -0.7) anti-correlations over the 1993–2012
era (Fig. S15.3b), but this relationship turns slightly
positive over the 1950–92 period. A similar, but
slightly weaker, relationship to Niño 3.4 SSTs may also
be observed, with recent (older) La Niña events correlated to droughts (pluvials). The drought impacts of
recent La Niña events have apparently become more
substantial (Williams and Funk 2011).
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S16. THE 2012 NORTH CHINA FLOODS:
EXPLAINING AN EXTREME RAINFALL EVENT IN
THE CONTEXT OF A LONGER-TERM DRYING
TENDENCY
Tianjun Zhou, Fengfei Song, Renping Lin, Xiaolong Chen, and Xianyan Chen

Fig . S16.1. Time series of Jul precipitation (21-year running mean) in North China (35°N–43°N,
110°E–122°E) relative to the base period average (1986–2005). Historical (gray), RCP4.5 (blue), and
RCP8.5 (red) simulations by 39 CMIP5 model ensembles are shown in 10th, 90th (shading), and
50th (thick line) percentiles. Observations from 23 stations within the domain (purple) are overlaid.
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S17. CONTRIBUTION OF ATMOSPHERIC
CIRCULATION CHANGE TO THE 2012 HEAVY
RAINFALL IN SOUTHWESTERN JAPAN
Yukiko Imada , Masahiro Watanabe, Masato Mori, Masahide Kimoto, Hideo Shiogama ,
and Masayoshi Ishii

Fig. S17.1. Ratio of precipitation (%) during the 2012 rainy season (11 Jun–15 Jul) to climatological value. The
source data is from AMeDAS ground rain gauge network by the Japan Meteorological Agency. The amount
was double that of climatology in the southwestern part of Japan.
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Fig. S17.2: (a) Anomalies in the 2012 rainy season (15 Jun–15 Jul) from the JRA-25 reanalysis: geopotential height
[(m), shaded] and wind [(m s -1), arrow] at 200 hPa. A wave train corresponding to the circumglobal teleconnection pattern is evident along the Asian jet and enhances the PASH. (b) Same as (a) but for a composite of
the top 15 cases from the ALL-LNG run diagnosed by the PJ index.
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Fig. S17.3: (a) Correlation map of precipitation anomalies between GPCP and the ALL-LNG experiment for
1979–2011. White contours denote a 90% significance level. (b) Same as (a) but for 500-hPa geopotential height
anomalies. (c) The PJ indices based on JRA25 (black) and the ALL-LNG run (green). Shading denotes the ensemble spread.
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S18. LIMITED EVIDENCE OF ANTHROPOGENIC
INFLUENCE ON THE 2011–12 EXTREME RAINFALL
OVER SOUTHEAST AUSTRALIA
Andrew D. King, Sophie C. Lewis, Sarah E. Perkins, Lisa V. Alexander, Markus G. Donat,
David J. K aroly, and Mitchell T. Black

Table S18.1. CMIP5 models used in this study. This set of models simulates more realistic variability in the Niño-3.4 region. Bold font indicates models selected for further
study as they show a nonlinear ENSO-extreme rainfall relationship in the same direction as observed.
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Model

Run Identification numbers

Number of runs

bcc-csm1-1

r1i1p1,r2i1p1,r3i1p1

3

CanESM2

r1i1p1,r2i1p1,r3i1p1,r4i1p1,r5i1p1

5

CCSM4

r1i1p1,r2i1p1

2

CNRM-CM5

r1i1p1,r2i1p1,r3i1p1,r4i1p1,r5i1p1

5

CSIRO-Mk3-6-0

r1i1p1,r2i1p1,r3i1p1,r4i1p1,r5i1p1

5

GFDL-CM3

r1i1p1,r2i1p1,r3i1p1,r4i1p1,r5i1p1

5

GFDL-ESM2M

r1i1p1

1

HadGEM2-ES

r1i1p1,r2i1p1,r3i1p1,r4i1p1

4

MRI-CGCM3

r1i1p1,r2i1p1,r3i1p1

3

NorESM1-M

r1i1p1,r2i1p1,r3i1p1

3
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S20. THE ROLE OF CLIMATE CHANGE IN THE
TWO-DAY EXTREME RAINFALL IN GOLDEN
BAY, NEW ZEALAND, DECEMBER 2011
Sam M. Dean, Suzanne Rosier, Trevor Carey-Smith, and Peter A. Stott

In addition to the two figures below, this analysis of a heavy rain event in New Zealand includes an animation
of the vertical integral of specific humidity that is available here: http://dx.doi.org/BAMS-D-13-00085.3

Fig. S20.1. Aerial photo of slips on the hillsides of Golden Bay taken shortly after the event. Reproduced here
with permission. Image copyright Gerry Draper.
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Fig. S20.2. Meteorological analysis chart showing the synoptic situation at 0600 UTC 14 Dec 2011.
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