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S2.EXTREME 2014 FIRE SEASON IN CALIFORNIA: 
A GLIMPSE INTO FUTURE?

Jin-Ho Yoon, S.-Y. Simon Wang, RobeRt R. gillieS, laWRence HippS, ben KRavitz,  
and pHilip J. RaSch

This document is a supplement to “Extreme 
2014 Fire Season in California: A Glimpse into 
Future?,” by Jin-Ho Yoon, S.-Y. Simon Wang, Robert 
R. Gillies, Lawrence Hipps, Ben Kravitz, and Philip 
J. Rasch (Bull. Amer. Meteor. Soc., 96 (12), S5–S9) 
• DOI:10.1175/BAMS-D-15-00114.1

Model output: Thirty ensemble members were 
produced by the Community Earth System Model 
version 1 (CESM1) with spatial resolution of 0.9° 
longitude × 1.25° latitude through the Large 
Ensemble Project (Kay et al. 2014). The simula-
tions cover two periods: (1) 1920–2005 with 
historical forcing, including greenhouse gases, 
aerosol, ozone, land use change, solar and volcanic 
activity, and (2) 2006–80 with RCP8.5 forcing 
(Taylor et al. 2012). The ensemble spread of 
initial conditions is generated by the com-
monly used “round-off differences” method 
(Kay et al. 2014). The CESM1 was used here 
partly because it performs well on the depic-
tion of the ENSO cycle and ENSO precursors 
and associated teleconnection towards North 
America (Wang et al. 2013, 2014).

Burned Area from the GFED4: This product 
combines burned area mapped at 500-m 
resolution from Moderate-Resolution Imag-
ing Spectroradiometer (MODIS) mission with 
active fire data from both Tropical Rainfall 
Measuring Mission (TRMM) Visible and In-
frared Scanner (VIRS) and the Along-Track 
Scanning Radiometer (ATSR) sensors with 
the spatial resolution of 0.25° for the period of 
June 1996–December 2014 (Giglio et al. 2013).

Keetch–Byram Drought Index (KBDI): The KBDI 
(Keetch and Byram 1968) has been routinely used 
for the monitoring of fire danger over the contigu-
ous United States by the U.S. Forest Service (e.g., 
www.wfas.net/images/firedanger/kbdi.png). 
Daily mean precipitation and daily maximum 
temperature are required. Both observational 
and simulated datasets are used to compute the 
KBDI. Observational dataset is obtained from the 
North American Land Data Assimilation system 
phase 2 (NLDAS2; Xia et al. 2012) for the period 
of 1979–current at 1/8° resolution. In this study, 
a computational formula by Janis et al. (2002) is 
adopted.

Fig. S2.1. Monthly precipitation (mm day-1) averaged over 
California using CPC Unified precipitation dataset (Chen 
et al. 2008; Xie et al. 2007). Red line indicates precipitation 
in year 2014. Black is for the long-term climatology with 
one standard deviation at each month.
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Extreme fire risk measure by (i) fractional area under 
extreme fire risk and (ii) extreme fire danger days: To 
display how frequent or large area is under the 
threat of the extreme fire risk, fractional area 
under extreme fire risk is computed. Extreme 
fire risk is defined as the KBDI larger than 600. 
On each day, area with the KBDI value larger 

than 600 is identified and its fraction compared 
to the larger domain is computed for either the 
entire or northern part of California (Figs. S2.1 
and S2.2 show its annual mean).  We also count the 
number of days per year with the area-averaged 
KBDI values over northern (north of 39°N), central 
(36°–39°N), and southern (south of 36°N) California 

(Fig. S2.2c).

Ensemble spread: Throughout this 
work, a shaded area indicates the 
middle 50% of the spread of the en-
semble members, calculated using 
z * standard deviation. In a normal 
distribution, the z value for 50% is 
0.674490.

Rainfall seasonal cycle in 2014: Sea-
sonal cycle of rainfall averaged 
over California is shown in Fig. S2.1. 
California rainfall exhibits clear 
seasonal cycle with dry season 
roughly in May–September. In 2014, 
rainfall in April is around 1 mm 
day-1 and that in May is almost zero. 
Thus, by treating monthly rainfall 
less than 1 mm day-1 as an indicator 
of the dry season, 2014 started two 
weeks early.

Simulated fire probability: A prognostic 
fire algorithm was coupled with the 
sophisticated land modules in the 
CESM1 to generate fire parameters 
such as fire probability and burned 
area fraction , based upon fuel 
availability and near-surface soil 
moisture condition (Thonicke et al. 
2001). This capability allows us to 
assess directly the effect of green-
house gases on climate oscillations, 
precipitation anomalies, and their 
impact on wildfires. Annual mean 
fire probability averaged over Cali-
fornia shows permanent increase 
after 1970 (Fig. S2.2c), but the in-
crease ceases at the end of the 20th 
century and restarts at the end of 
the 21st century. Here the “extreme 
fire risk” for California is defined as 
the occurrence of extreme annual-
mean fire probability (exceeding 

Fig. S2.2. (a) Annual mean precipitation anomaly (mm day-1), (b) 
surface air temperature anomaly (°C), (c) mean fire risk, and (d) 
occurrences of extreme fire event over California counted within a 
moving 5-year window. Historical (1920–2005) and future based on 
RCP8.5 scenario (2006–80) are colored red and preindustrial simula-
tion is in blue.
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1.5 standard deviation) in Fig. S2.2d during any 
given 5-year period. Figure S2.2d shows that the 
CESM1 extreme fire risk in California increases 
slightly in the historical period, though its pace of 
increment becomes much faster toward the latter 
part of the 21st century indicating more and/or 
increased wildfire.

Total precipitation and surface temperature changes: 
Precipitation and surface air temperature aver-
aged over California (Figs. S2.2a,b).
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S3. HOW UNUSUAL WAS THE COLD WINTER 
OF 2013/14 IN THE UPPER MIDWEST?

KlauS WolteR, maRtin HoeRling, Jon K. eiScHeid, geeRt Jan van oldenboRgH, Xiao-Wei Quan, 
JoHn e. WalSH, tHomaS n. cHaSe, and Randall m. dole

This document is a supplement to “How un-
usual was the cold winter of 2013-14 in the Upper 
Midwest?,” by Klaus Wolter, Martin Hoerling, Jon 
K. Eischeid, Geert Jan van Oldenborgh, Xiao-Wei 

Quan, John E. Walsh, Thomas N. Chase, and Randall 
M. Dole (Bull. Amer. Meteor. Soc., 96 (12), S10–S14)  
• DOI:10.1175/BAMS-D-15-00126.1

Fig. S3.1. CPC temperature forecast for the winter of 2013/14. “A” refers to upper tercile, 
“B” to lower tercile. Source: www.cpc.ncep.noaa.gov/products/archives/long_lead/llarc.php.
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Fig. S3.2. Environment Canada temperature forecast for 2013/14 winter, 
also using terciles. 
Source: http://weather.gc.ca/saisons/charts_e.html?season=djf&year 
=2013&type=t 

Fig. S3.3.  Dec–Feb 2013/14 thickness temperature anomalies for 
1000–500-hPA are color coded in Kelvin (K). Regions exceeding 2.0, 
2.5, 3.0, and 3.5 standard deviations (SD) from the 1979–2006 mean 
are contoured in thick lines for anomalies of both sign. Negative 
anomalies in excess of −2SD over land were only found in the GUM 
region. Computational procedure as described in Chase et al. (2006).
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Fig. S3.4. Observed GUM winter temperature 
anomalies versus snow cover from 1966/67 to 
2013/14 (blue dot).

Fig. S3.5. Modeled GUM CESM1 winter temperature 
anomalies versus snowcover for equilibrium runs 
(Lindsay et al. 2013) with Y2K forcing.

Snow-temperature relationships  are reasonably well 
modeled for GUM in CESM1 (Fig. S3.5), including 
a similar slope of the regression equation between 
temperatures and snow cover. However, the average 
GUM snow cover for current radiative forcing CESM1 
runs is just under 60% rather than the observed 75%. 

This lack of coverage is probably related to a higher 
threshold for snow depth that translates into snow 
cover in the model (typically 10–20 cm) than the 
observational threshold of 5–10 cm for the satellite 
record (Robinson, 2015, pers. comm.)

Fig. S3.6. Gaussian fit to observed GUM temperature anomalies 
(95% confidence interval, purple) with the effects of NCDC global 
temperature linearly subtracted from the position parameter, 
referenced at 1881 (blue) and 2014 (red), similar to van Olden-
borgh et al. (2015).
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S4. WAS THE COLD EASTERN US WINTER OF 
2014 DUE TO INCREASED VARIABILITY?

lauRie tRenaRY, timotHY delSole, micHael K. tippett, and bRian dotY 

Table S4.1. Climate modeling centers and associated models examined in this study.

CMIP5 I.D.
(Experiment:r1i1p1) Modeling Center

CanESM2 Canadian Centre for Climate Modeling and Analysis-Canada

CNRM-CM5 National Centre for Meteorological Research-France

CSIRO-BOM0 Commonwealth Scientific and Industrial Research Organisation-Australia

HADGgem2-CC Met Office Hadley Centre-United Kingdom

IPSL-CM5A-LR Institute Pierre Simon Laplace-France

IPSL-CM5A-MR Institute Pierre Simon Laplace-France

IPSL-CM5B-LR Institute Pierre Simon Laplace-France

MIROC5-ESM-CHEM CCSR/NIES/FRCGC-Japan

MRI-CGCM3 Meteorological Research Institute-Japan

NCC-NorESM1-M Norwegian Climate Centre-Norway

GFDL-ESM2G NOAA Geophysical Fluid Dynamics Laboratory-United States

GFDL-ESM2M NOAA Geophysical Fluid Dynamics Laboratory-United States

This document is a supplement to “Was the 
Cold Eastern US Winter of 2014 Due to In-
creased Variablility?,” by Laurie Trenary, Tim-
othy Delsole, Machael K. Tippett, and Brian 
Doty, (Bull. Amer. Meteor. Soc., 96 (12), S15–S19)  
• DOI:10.1175/BAMS-D-15-00138.1
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S6. EXTREME NORTH AMERICA WINTER 
STORM SEASON OF 2013/14: ROLES OF 

RADIATIVE FORCING AND THE GLOBAL 
WARMING HIATUS

XiaoSong Yang, g. a. veccHi, t. l. delWoRtH, K. paffendoRf, R. gudgel, l. Jia, SetH d. 
undeRWood, and f. zeng

This document is a supplement to “Extreme North 
America Winter Storm Season of 2013/14: Roles of 
Radiative Forcing and the Global Warming Hiatus,” 
by Xiaosong Yang, G. A. Vecchi, T. L. Delworth, K. 
Paffendorf, R. Gudgel, L. Jia, Seth D. Underwood, and 
F. Zeng (Bull. Amer. Meteor. Soc., 96 (12), S25–S28)  
• DOI:10.1175/BAMS-D-15-00133.1

1. Model description
We used the Geophysical Fluid Dynamics Laboratory 
(GFDL) Forecast-oriented Low Ocean Resolution 
model (FLOR; Vecchi et al. 2014). FLOR comprises 
50-km mesh atmosphere and land components, 
and 100-km mesh sea ice and ocean components. 
The atmosphere and land components of FLOR are 
taken from the Coupled Model version 2.5 (CM2.5; 
Delworth et al. 2012) developed at GFDL, whereas 
the ocean and sea ice components are based on the 
GFDL Coupled Model version 2.1 (CM2.1; Delworth 
et al. 2006; Wittenberg et al. 2006; Gnanadesikan et 
al. 2006).

Two versions of FLOR were used for the initialized 
and uninitialized climate simulations. One is the 
version B01, called FLOR_B01 (Vecchi et al. 2014). 
The other is the FLOR_B01 model with “flux adjust-
ments” (Magnusson et al. 2013; Vecchi et al. 2014), 
which adjusts the model’s momentum, enthalpy, 
and freshwater fluxes from atmosphere to ocean and 
so brings the long-term climatology of sea surface 
temperature (SST) and surface wind stress closer to 
the observations. The flux-adjusted FLOR model is 
called FLOR_FA in the text.

2. Experimental settings

a. Retrospective seasonal forecasts. For each year in the 
period 1980–2014, we used the results of 12-member 
ensemble retrospective seasonal forecasts by FLOR 
(Vecchi et al. 2014; Jia et al. 2015). For each ensemble 
member, 12-month duration predictions were per-
formed after initializing the model to observation-
ally constrained conditions. The 12-member initial 
conditions for ocean and sea ice components were 
built through a coupled data assimilation system 
developed for CM2.1 using an ensemble Kalman 
filter (EnKF), whereas those for atmosphere and land 
components were built from a suite of SST-forced 
atmosphere-land-coupled simulations using the 
components in FLOR, which is called Phase-1 (P1) 
initialization scheme. In addition, we used the same 
ocean/ice initial conditions as P1, but generated ini-
tial conditions of atmosphere and land components 
by nudging atmosphere component to the MERRA 
reanalysis with the same SST-forcing as P1, which is 
called Phase-2 (P2) initialization scheme.

To compute the extreme probability for each 
December–February (DJF) between 1990 and 2014, 
we used 12-member ensemble forecasts initialized 
on the first day of December and November from 
FLOR_B01 and FLOR_FA with P1 and P2 schemes, 
thereby yielding 84 samples for each predicted year. 
Note that the hindcasts of FLOR_B01 P2 starting 1 
November were not available.

b. 1860/1990-control simulations. We generated 2000-
year control climate simulations using FLOR by 
prescribing radiative forcing and land-use conditions 
representative of the year 1860. In addition, we gener-
ated 500-year control climate simulations by prescrib-
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ing conditions representative of the year 1990. For 
these experiments, we compute the probability of the 
2013/14-like extreme event P(ETSI of 1314) using all 
simulated years. To elucidate multicentury variability, 
we compute P(ETSI of 1314) for each 100-year chunk. 
The bars in Fig. 6.2 of main text show the standard 
errors in the variability.

c. Large-ensemble historical forcing simulations. We 
conducted 35-member ensemble historical forcing 
simulations using FLOR_FA. Five- (thirty-) member 
ensemble simulations were conducted from 1861 
(1941) to 2040 by prescribing historical anthropo-
genic forcing and aerosols up to 2005, and future 
levels based on the Radiative Concentration Path-
ways scenario 4.5 (RCP4.5) from 2006 to 2040. In 
the simulations, historical volcanic radiative forcing 
was also prescribed up to 2005; however, no volcanic 
forcing was prescribed after 2006. These historical 
simulations were not initialized by the coupled data 
assimilation. They are called ALLFORC in the main 
text. For every 10 years from 1950 to 2030, we col-
lect a centered 20-year data (35 × 20 = 700 samples), 
then split the 700 samples into seven 100-chunk for 
calculating P(ETSI of 1314). The mean and error bars 
of P are computed from the seven chunks.

d. Global warming hiatus simulations. The global warm-
ing hiatus simulations were from Delworth et al. 

Fig. S6.1. Quantile–quantile plots: horizontal axis indicates the probability of exceedance in the predict-
ed CDF for of the observed ETSI that were observed in each year (verification exceedance probability), 
vertical axis shows the order of the verification exceedance probability divided by the total number 
of points. Red symbol highlights the 2013/14 forecast. (a) mid-USA, (b) mid-Canada, and (c) Pacific.

(2015). The simulations are identical to ALLFORC, 
except that the model calculated wind stress anoma-
lies that the ocean feels are replaced over the tropical 
Pacific with stress anomalies derived from reanalysis. 
The replacement of wind stress anomalies occurs 
only over the tropical Pacific, and only affects the 
momentum flux. These simulations are called ALL-
FORC_STRESS, and cover the period 1979–2013. The 
experiments were repeated in two versions of FLOR 
model, namely FLOR_B01 and FLOR_FA, with 35, 
and 5 ensemble members respectively.

3. Reliability of the probability estimates by 
model

To assess the reliability of these probability estimates 
in the retrospective forecasts, we use quantile–quan-
tile plots that compare the probability of exceedance 
in the predicted cumulative distribution function 
(CDF) for the ETSI that were observed in that year 
(verification exceedance probability) with the sorted 
ranking (normalized by total number of forecasts) 
of the verification exceedance probabilities. If the 
forecast CDFs were reliable, for a large enough sample 
size, the points are expected to lie on the diagonal. 
The CDFs of the observed value on the predicted 
probability are generally close to a uniform distri-
bution for all three cases (Fig. S6.1a–c): the forecast 
CDFs appear reliable.
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4. Extreme event definition in uninitialized 
simulations

In the retrospective forecasts, the extreme values 
of ETSI are close to observed values due to the ini-
tialization. However, the extreme values of ETSI in 
uninitialized simulations have biases, so we calibrated 
the extreme values based on the empirical occurrence 
probability of the observed 2013/14 event in observa-
tions. We define the extreme events in these unini-
tialized models using the observed 2013/14 extreme 
occurrence probability values 3%, 95%, and 90% for 
the Pacific, mid-USA, and Canada respectively, dur-
ing 1980–2010 in the 35-member historical forcing 
simulations. Note that Pacific is in the negative ex-
treme category, we compute the extreme occurrence 
probability over Pacific using the following equation:

P(x) =
 Number of years with ETSI≤x      .

Total number of years

5. Response to the tropical Pacific wind stress 
anomalies during global warming hiatus

We computed the mean response of ETS to the tropi-
cal Pacific wind stress anomalies by subtracting the 
ensemble mean ETS of ALLFORC from the ensemble 
mean ETS of ALLFORC_STRESS during the global 
warming hiatus period (2000–12) (Fig. S6.2). The 
spatial patterns of the response are quite similar, but 
the amplitudes of FLOR_B01 are generally larger than 
those of FLOR_FA. For the 35-member FLOR_FA, 
the extreme probabilities P(ETSI of 1314) of the 
three regions were computed for the DJF from five 
7-member chunks (each chunk contains 7 × 13 = 105 
samples) during the global warming hiatus period 
and for ALLFORC_STRESS and ALLFORC experi-
ments respectively, and then we computed the mean 
and standard errors of the estimated probability 
from the five chunks. For the 5-member FLOR_B01 
experiments, only one estimated probability value 
was calculated due to the limited sample size.

To provide a measure of the attributable risk, we 
computed the fraction of attributable risk (FAR) 
between the ALLFORC and ALLFORC_STRESS as

FAR = 
 P(x|ALLFORC_STRESS)−P(x|ALLFORC)   . 

 P(x|ALLFORC_STRESS)

Fig. S6.2. The response of ETS to the tropical Pacific 
wind stress anomalies during the global warming hiatus 
period (2000–12): ensemble-mean ALLFORC_STRESS 
minus ensemble-mean ALLFORC for (top) 35-member 
FLOR_FA and (bottom) 5-member FLOR_B01. 

Fig. S6.3. The observed climatological DJF ETSI (hPa) 
derived from 6-hourly sea level pressure of ERA-
Interim data during 1979–2014 using (a) a 24-hour-
difference filter (scaled with a factor of 0.6 for plot-
ting); (b) 2–6-day bandpass filter. 
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6. Measures for extratropical storms
The extratropical storm index (ETSI) is defined as the 
seasonal standard deviation of filtered 6-hourly sea 
level pressure (SLP) field, and the filter is a 24-hour 
difference filter (Wallace et al. 1988). The ETSI can 
be written as follows: 

where N is the sample size of the December–February 
(DJF) for each year.

To test the sensitivity to the methods of defining 
ETSI, we applied the conventional 2–6-day bandpass 
filter to the observed SLP (Hoskins and Hodges 2002) 
and the filter is a 128-point Lanczos filter. Figure 
S6.3 shows climatogical DJF ETSI estimated from 
the two methods. It is evident that the two methods 
are capable of capturing the well-known intensified 
ETS activities over North Pacific, North Atlantic, 
and the midlatitudes in Southern Hemisphere. The 
global geographic distribution of ETS is almost the 
same between the two methods.

ETSI = [SLP(t + 24hr) − SLP(t)]2    ,
1

N−1
N
t=1∑

We further compare the anomalous ETS of 2013/14 
DJF over North America between the two methods 
(Fig. S6.4). The spatial patterns of the 2013/14 anoma-
lies over North America are similar between the two, 
and the time series of ETS over the three regions of 
interest are highly correlated with each other with 
correlation coefficients of 0.94 for mid-USA, 0.94 for 
mid-Canada, and 0.92 for Pacific. In addition, the two 
methods agree on the extreme events of ETS over the 
three regions. Thus, the 24-hour-difference filter is a 
robust filter for identifying ETS. 

Fig. S6.4. The 2013/14 DJF ETSI anomalies derived from the 6-hourly SLP of ERA-Interim data using 
(a) a 24-hour-difference filter and (b) a 2–6-day bandpass filter. The time series of DJF ETSI anomalies 
using a 24-hour-difference filter (blue) and a 2–6-day bandpass filter (red) for (c) mid-USA, (d) mid-
Canada, and (e) Pacific. Units are hPa. 
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S7. WAS THE EXTREME STORM SEASON IN 
WINTER 2013/14 OVER THE NORTH ATLANTIC 
AND THE UNITED KINGDOM TRIGGERED BY 

CHANGES IN THE WEST PACIFIC WARM POOL?

Simon Wild, daniel J. befoRt, and gRegoR c. lecKebuScH

This document is a supplement to “Was the Extreme 
Storm Season in Winter 2013/14 Over the North At-
lantic and the United Kingdom Triggered by Changes 
in the West Pacific Warm Pool?,” by Simon Wild, 
Daniel J. Befort, and Gregor C. Leckebusch (Bull. 
Amer. Meteor. Soc., 96 (12), S29–S34) • DOI:10.1175 
/BAMS-D-15-00118.1

Data: In our analyses we make use of the following 
data sets: 6-hourly ERA Interim reanalysis (Dee et al. 
2011) in its original T255 spatial resolution is used for 
wind speeds, 2-m temperature, and mean sea level 
pressure (MSLP). Absolute wind speeds are calcu-
lated from the zonal and meridional components 
at 10-m height and used as input for an objective 
wind-tracking algorithm (Leckebusch et al. 2008). 
Two-meter temperature data is normalized by its 

standard deviation with respect to the long-term 
climatology mean of each 6-hourly time step to re-
move daily and seasonal cycles. The seasonal anomaly 
mean is calculated from these normalized values. 
Additionally, we use MSLP data to identify cyclones 
in the North Pacific. 

For the analysis of convective activity over the 
tropical Pacific, NOAA/NCAR gridded monthly 
outgoing longwave radiation (OLR) data is used (Lieb-
mann and Smith 1996). Sea surface temperatures are 
taken from the 4th version of the ERSST data (Huang 
et al. 2014). The seasonal cycle is removed from both 
these data sets. We further use of the winter mean of 
the monthly Pacific–North America pattern index 
(PNA) provided by NOAA Climate Prediction Center 
(e.g., Barnston and Livezey 1997). 

Fig. S7.1. Seasonal normalized anomaly mean of OLR for December 
2013–February 2014 compared to long-term climatology (1979–2014) 
in shadings; interannual standard deviation in contours; black dots 
indicate a minimum in winter 2013/14. Negative OLR values indicate 
high convective activity. Yellow box marks regions used for the cal-
culation of correlation coefficients in Table 7.1 in main text. 
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The role of the PNA: The PNA correlates positively with 
the cyclone track density in the central and eastern 
North Pacific around 40°N (Fig. S7.2, top). The maxi-
mum correlation of about 0.75 is located in the region 
of the climatological Aleutian low, which is slightly 
shifted to the west, compared to the location of the 
2013–14 most negative cyclone track density anomaly 
(main text Fig. 7.1, left). The correlation between PNA 
and OLR shows an El Niño–Southern Oscillation-like 
pattern with highest values at the northern edge of 
the tropical Pacific (Fig. S7.2, bottom). The PNA is 
significantly linked to the OLR and thus convective 
activity over about half of the west Pacific warm pool.

However, the PNA and North Pacific sea surface 
temperatures show only weak and no significant cor-
relation to wind storms in most parts of the considered 
North Atlantic region (Table 7.1 in main text; Fig. S7.3).

Fig. S7.2. Interannual correlation coefficient (Pearson) of season-
al mean (December–February) values from 1979/80 to 2013/14: 
(top, north of 30°N) PNA index and cyclone events; (bottom, 
south of 30°N) PNA index and OLR. Correlations below the 95% 
significance level are omitted.

Fig. S7.3. Interannual correlation coefficient (Pearson) between 
seasonal mean (December–February) values of PNA index and 
wind storm events from 1979/80 to 2013/14. Correlations below 
the 95% significance level are omitted. 
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S8. FACTORS OTHER THAN CLIMATE CHANGE, 
MAIN DRIVERS OF 2014/15 WATER SHORTAGE IN 

SOUTHEAST BRAZIL
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This document is a supplement to “Factors Other 
than Climate Change, Main Drivers of 2014/15 
Water Shortage in Southeast Brazil,” by Friederike 
E. L. Otto, Caio A. S. Coelho, Andrew King, Erin 
Coughlan de Perez, Yoshihide Wada, Geert Jan van 
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-D-15-00120.1

For method (ii) (see main text), because we do not 
know the exact pattern of anthropogenic warming 
to remove from the SSTs, 11 equally likely patterns of 
warming are obtained by calculating the difference 
between nonindustrial and present day simulations 
for available CMIP5 models (Taylor et al. 2012). We 
chose all those models from the CMIP5 archive that 
have at least three ensemble members in the nonin-
dustrial simulations (CanESM2, CCSM4, CNRM-
CM5, CSIRO-Mk3-6-0, GFDL-CM3, GISS-E2-H, 
GISS-E2-R, HadGEM2-ES, IPSL-CM5A-MR, IPSL-
CM5A-LR, and MIROC-ESM). As a result there are 
11 different initial conditions ensembles (“natural”) 
representing the analogous year in the counterfac-
tual experiment. These are forced with preindustrial 
atmospheric gas composition, the SSTs obtained by 
subtracting the CMIP5-estimates of the human in-
fluence on SST from the observed OSTIA SST values 
and the sea ice extent that correspond to the year of 
maximum sea ice extent in each hemisphere of the 
OSTIA record. The natural experiment has 7041 
ensemble members, the climatology of the current 
climate has 3816 members and the current climate 
of 2014/15 has 1045 ensemble members.

For (iii) we chose a subset of the CMIP5 ensemble 
that adequately represented the variability of precipi-
tation seen in the observed record. A Kolmogorov–
Smirnov (KS) test was employed to determine 
whether the model simulations do represented the 
variability seen in the observational record used in 
Fig. 8.1 in the main text. To account for the high lag 
correlations in the observed time series the degrees 
of freedom used to determine the significance of the 
KS-statistic were reduced accordingly. Models were 
deemed to have passed this test if, firstly, at least three 
historical simulations were available for analysis, and, 
secondly, no more than one of the three (or more) 
historical simulations was significantly different (p < 
0.05) from the observational time series. The follow-
ing models passed the test: ACCESS1.3, bcc-csm1.1, 
CCSM4, CNRM-CM5, GFDL-CM3, GISS-E2-H, 
GISS-E2-R, HadGEM2-ES, and MRI-CGCM3.

In Fig. S8.1 we show trends of the factors that influ-
ence evaporation in the CMIP5 ensemble. Tempera-
ture rises, but downward solar radiation at the surface 
stays roughly the same and relative humidity and soil 
moisture decline on average. The latter indicates that 
the lack of moisture availability limits evaporation, so 
that the negative trend in precipitation seen in many 
models also causes a negative trend in evaporation, 
leading to negligible trends in P − E.

Figure S8.2 shows maps of the observed trends up 
to the present and the CMIP5 mean trend up to the 
present and into the future for precipitation and P − E. 
All of these show drying north of the study area and 
wetting to the south. However, the observed trends 
are much larger than the modelled trends, although 
still within the bandwidth of the CMIP5 ensemble 
(around 90%, see van Oldenborgh et al. 2013a). The 

18 DECEMBER 2015|



modelled trends are also small compared to the natu-
ral variability; the shading indicates regions where the 
trend does not exceed one standard deviation of the 
natural variability in the trend. 

In Fig. S8.3 we show that in the precipitation trends 
up to the present, the natural variability dominates 
over the model spread. However, as trends in evapora-
tion tend to cancel trends in precipitation, the P − E 
natural variability is smaller and roughly equal to the 
model spread. For projections up to the end of the 
century the model differences dominate.

Figure S8.4 is similar to Fig. 8.2f in the main text 
but instead of contrasting the present (2006–22) with 
the world that might have been to highlight changes 
in drought hazard risk due to past anthropogenic 
greenhouse gas emissions here we look at changes 
due to past and future emissions. Even with the high 
forcing scenario RCP8.5 there is no clear signal of 
anthropogenic emissions increasing or decreasing 
the hazard analyzed in this study in the ensemble 
mean, although individual models do show increases 
and decreases.
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Fig. S8.1. Factors influencing evaporation. (a) Anomalous surface air temperature (°C) averaged over 
the São Paulo area (15°–20°S; 48°–40°W) simulated by CMIP5 models. The reference period is 1900–30. 
Black: historical runs, 1900–2005; blue: RCP4.5 extensions, 2006–30. (b) As in (a), but for net surface 
solar radiation (W m-2). (c) As in (a) but for relative humidity (%). (d) As in (a) but for soil moisture (%). 
Thin lines represent one ensemble member per model, the thick black line the ensemble mean. The 
box-and-whisker diagram on the right side indicates the 5th, 25th, 50th, 75th, and 95th percentile 
of the distribution of the 2001–30 30-yr mean relative to the 1901–30 mean; this includes both the 
remaining natural variability and the model spread (van Oldenborgh et al. 2013b).
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Fig. S8.2 (a) Observed linear trend in precipitation 1941–2010 in South America, the hatching denotes 
areas where the residuals of the linear trend fit are larger than the trend itself. (b) As in (a), but for 
the CMIP5 ensemble 1941–2013 used in van Oldenborgh et al. 2013b. (c) Projections 2014–2100 in the 
RCP4.5 scenario. (d)–(f) As in (a)–(c), but for P − E. As there are no observations for evaporation in (d) 
we used the ERA-20C reanalysis instead.
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Fig. S8.3. Distribution of CMIP5 trends up to the present in (a) precipitation and 
(b) P − E. (c),(d) As in (a),(b), but for the projections.

Fig. S8.4. Difference in mean P − E (mm day-1) below 
the 10th percentile for RCP8.5 scenario (2080–99 
minus 2006–22).
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S10. EXTREME RAINFALL IN THE UNITED 
KINGDOM DURING WINTER 2013/2014: THE 
ROLE OF ATMOSPHERIC CIRCULATION AND 

CLIMATE CHANGE

niKolaoS cHRiStidiS and peteR a. Stott

This document is a supplement to “Extreme 
Rainfall in the United Kingdom During Winter 
2013/2014: The Role of Atmospheric Circulation and 
Climate Change,” by Nikolaos Christidis and Peter 
A. Stott (Bull. Amer. Meteor. Soc., 96 (12), S46–S50)  
• DOI:10.1175/BAMS-D-15-00094.1

CMIP5 models and experiments. The seven CMIP5 
models used in this study are listed in Table S10.1. 
The models provide data from simulations with all 
historical forcings (ALL) and natural forcings only 
(NAT) that end in year 2012. Each model contrib-
uted several simulations per experiment. In total 
there are 43 and 33 simulations with and without 
anthropogenic forcings, respectively. The effect of 
internal climate variability is minimal in the mean 
of the simulations as illustrated in the first figure of 
our paper (see Fig. 10.1). Monthly rainfall data are 
used to estimate the total December–February (DJF) 

U.K. rainfall over period 1900–2012 and daily data 
were used to compute the R10x index in the U.K. 
region over period 1948–2012. Two of the models 
(GISS-E2-H and GISS-E2-R) do not provide daily 
precipitation data and hence fewer simulations were 
used to compute R10x (33 and 23 with ALL and NAT 
forcings, respectively).

By extracting the last 20 years of the ALL and NAT 
simulations, we create ensembles of U.K. rainfall 
representative of winters in recent years. We further 
partition modelled winters between those that cor-
relate well with the 500-hPa anomaly in 2013/14 (cor-
relation coefficient greater than 0.6) and those with 
lower correlations. The ensemble sizes created by this 
grouping are shown in Table S10.2. The rarity of the 
2014/15 event implies that the likelihood of exceeding 
the observed rainfall amount cannot be accurately 
estimated using our relatively small ensembles. We 
therefore employ the more moderate threshold of a 

1-in-10 year event, which is 
useful for adaptation plan-
ning and commonly used in 
attribution studies.

Simulated patterns of the 
atmospheric circulation. The 
mean 500-hPa geopotential 
height and wind f ields in 
the North Atlantic region 
estimated with NCEP/NCAR 
reanalysis data and aver-
aged over the boreal winter 
months and the climatologi-
cal period of 1961–90 are il-
lustrated in Fig. S10.1a. The 

Table S10.1. CMIP5 models 
used in the study and num-
ber of simulations in ex-
periments with and without 
anthropogenic forcings.

Model ALL NAT

HadGEM2-ES 4 4

CanESM2 5 5

CNRM-CM5 10 6

CSIRO-Mk3.6.0 10 5

GISS-E2-H 5 5

GISS-E2-R 5 5

IPSL-CM5A-LR 4 3

Total 43 33

Table S10.2. Number of estimates 
of DJF rainfall and R10x from 
simulated winters in years 1993–
2012. The table gives the total 
number of winters as well as the 
cases with high and low correlations 
to the 2013/14 circulation.

DJF R10x

ALL (total) 860 660

ALL (high corr.) 175 142

ALL (low corr.) 685 518

NAT (total) 660 460

NAT (high corr.) 166 109

NAT (low corr.) 494 351
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ensemble mean of the 43 simulations with all forcings 
produces very similar f low patterns over the same 
period (Fig. S10.1b). Moreover, as shown in the first 
figure of our paper (Fig. 10.1), the high correlation 
cases from the ALL experiment display flow anoma-
lies relative to the climatological mean that are similar 
to the characteristic pattern of 2013/14.

We next use model simulations to examine 
whether the frequency of the 2013/14 pattern has been 
changing in recent decades. Figure S10.1c shows time-
series of the frequency since 1900 estimated from ALL 
and NAT simulations. Using 5-year running means, 
we compute the frequency as the number of winters in 
each 5-year window that resemble DJF 2013/14 per to-
tal number of winters from all the model simulations 
in the same time window. The timeseries suggest that 
longer records would be required to robustly iden-
tify any long-term change due to high interdecadal 
variability. However, testing the hypothesis that the 
least-square fit has a zero slope indicates that for the 
experiment that includes anthropogenic forcings, the 
trend in the frequency of the characteristic circula-
tion pattern of 2013/14 is significantly different from 
zero. A model study by Hoerling et al. (2012) also 

finds evidence that oceanic warming may favour a 
south-westerly winter flow over the United Kingdom 
similar to the 2013/14 pattern. The peak in year 2000 
in the NAT timeseries is most likely a manifestation 
of internal climate variability, given the absence of 
major volcanic eruptions, or pronounced solar activ-
ity in the early 2000s.

Model evaluation. Model evaluation is an essential 
part of any attribution study, helping to establish 
whether the models used in the analysis are fit for 
purpose. We carry out our evaluation assessment 
using NCEP/NCAR reanalysis data because of the 
better coverage over the U.K. region compared to 
the HadUKP observations. Comparisons between 
rainfall anomaly timeseries from observations and 
reanalysis data show a good agreement between the 
two datasets in the representation of the year-to-year 
variations for both DJF rainfall and R10x (correlation 
coefficients 0.95 and 0.75 respectively). The HadUKP 
timeseries display higher variability, as would be 
expected, given the smaller observational coverage 
compared to the full coverage of the reanalysis.

Fig. S10.1. Modelled circulation patterns. (a) Map of the 500-hPa height (red contours, m) and wind (blue 
vectors, m s-1) in the North Atlantic during 1961–90 based on data from the NCEP/NCAR reanalysis. (b) 
As in (a), but for the mean of the ALL simulations. (c) Timeseries of the frequency of winter circulation 
patterns similar to 2013/14 from experiments with (red) and without (blue) anthropogenic forcings. The 
p-values refer to testing of the hypothesis that the least square fit has a zero trend.
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Rainfall distributions over period 1948–2011 
obtained with data from our multi-model (ALL) en-
semble are found to be in good agreement with the 
distributions from reanalysis data (Figs. S10.2a,b). 
The agreement is better for DJF precipitation and 
remains good when models are tested individually. 

The p-values from Kolmogorov–Smirnov tests that 
compare the reanalysis distribution with the dis-
tribution from the multi-model ensemble and indi-
vidual models are shown in Figs. S10.2c,d. The lower 
p-values for R10x imply a lower level of agreement. 
When the CanESM2 model is tested individually, the 

hypothesis that the modelled R10x dis-
tribution is indistinguishable from the 
reanalysis fails at the 5% significant 
level, whereas the CNRM-CM5 model 
passes the test only marginally. Nev-
ertheless, comparisons with individual 
simulations of these models pass the 
test and larger ensembles would there-
fore be required to establish how well 
they reproduce the R10x distribution.

Looking at the tails of the seasonal 
and R10x distributions we also find 
that the modelled return times of 
more extreme events are consistent 
with the reanalysis (Figs. S10.2ef). We 
examine events with return times of 
up to several decades and find that 
the multimodel ensemble is generally 
in good agreement with the reanalysis. 
For both DJF rainfall and R10x, the 
multimodel ensemble yields moder-
ately higher return times as the return 
level increases, but the overall level of 
agreement is considered to be adequate 
for the purpose of our study.

Probabilities and uncertainties. We esti-
mate the probabilities of U.K. rainfall 
exceeding the amount associated 
with a 1-in-10 years event using the 
generalised Pareto distribution if the 
threshold lies at the tail of the distribu-
tion. Changes in the likelihood are re-
ported as the ratio of the probabilities 
of extreme rainfall 1) for winters with 
high and low correlation f low pat-
terns relative to winter 2013/14, and 2) 
with and without the effect of human 
influence under conditions similar to 
2013/14. We employ a Monte Carlo 
procedure to estimate uncertainties in 
the probability change as in previous 
work (e.g., Christidis et al. 2013). For 
example, in order to investigate the 
effect of human influence, we com-
pute the probabilities of exceeding the 
extreme rainfall threshold based on 

Fig. S10.2. Model evaluation assessment. (a) Normalised distributions 
of the DJF rainfall in the U.K. region during 1948–2011 estimated with 
reanalysis data (red) and the ALL multimodel ensemble (gray). (b) 
As in (a), but for R10x. (c) p-values of Kolmogorov–Smirnov tests that 
assess whether modelled DJF distributions are distinguishable from 
the reanalysis. Values above the dotted line suggest the distributions 
are not distinguishable when tested at the 5% significance level. (d) 
The p-values for distributions of R10x. (e) Return level of DJF rainfall in 
the United Kingdom plotted against the return time. Estimates of the 
return time were obtained with the generalised Pareto distribution 
for levels that lies in the tails of the distributions. Results are shown for 
the NCEP/NCAR reanalysis (red), the multi-model ensemble (green) 
and individual models (gray). (f) As in (e), but for R10x.
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the ALL and NAT high correlation ensembles (PALL 
and PNAT) and obtain the ratio PALL/PNAT. We then 
resample the modelled rainfall estimates of the two 
ensembles, get a new estimate of the probability ratio 
and repeat the procedure 10 000 times. This gives 
10 000 estimates of PALL/PNAT from which we quantify 
the 5%–95% uncertainty range. When assessing the 
anthropogenic effect we find that PNAT may become 
near-zero, which leads to an open ended uncertainty 
range (e.g., main text Fig. 10.2f).

A sensitivity test. We repeated our analysis for R10x 
after removing simulations of the two models 
(CanESM2 and CNRM-CM5) that give the poorest 
agreement with the reanalysis on the climatological 
distribution of R10x (Fig. S10.2d). The change in 
the probability of extreme R10x events under the 
inf luence of the 2013/14 circulation f low and an-
thropogenic forcings is reported in Table S10.3 for 
the different model combinations. The analysis with 
the 3 models gives probability ratios of the same 
order as our original analysis and does not qualita-
tively change the main conclusions of our work. We 
therefore retain all models in our main analysis, as 
larger samples are deemed more suitable for studies 
of rare events.
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Table S10.3. Probability ratios estimated from simulations of 
5 models (as in the main analysis) and 3 models only. The best 
estimate (50th percentile) of the ratio is reported together with 
the 5%–95% uncertainty range (in brackets).

Estimates from 5 models 
(HadGEM2-ES, CanESM2, 

CNRM, CSIRO, IPSL)

Estimates from 3 
models (HadGEM2-ES, 

CSIRO, IPSL)

Prob (High)/
Prob(Low)

3.4 (1.5−6.0) 2.6 (0.7−5.1)

Prob (ALL)/
Prob(NAT)

7.5 (2.3−open ended) 4.8 (0.6−open ended)
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S14. THE CONTRIBUTION OF HUMAN-
INDUCED CLIMATE CHANGE TO THE 

DROUGHT OF 2014 IN THE SOUTHERN 
LEVANT REGION 

K. beRgaoui, d. mitcHell, R. zaaboul, R. mcdonnell, f. otto, and m. allen 

Fig. S14.1. (Top) Box-and-whisker plots of data averaged over the whole domain, comparing 
observations (brown), biased corrected model data (red), and raw model data (blue) for (a) 
‘actual conditions’ scenario and (b) ‘natural conditions’ scenario. The box and whiskers give 
the median, interquartile range, and range of the data. (Bottom) Cumulative distribution 
functions of January averaged observations (black) and model scenarios (colors) for single 
grid points. The observations have been interpolated onto the lower resolution model grid, 
and are comparable. Red and blue colors show the biased corrected data for actual and natu-
ral conditions, respectively. Green and orange colors show the same, but for the unbiased 
model data. (c) and (d) show data for the grid points with the smallest and largest biases, 
respectively. The largest bias grid point is located on the coast.

This document is a supplement to “The 
Contribution of Human-Induced Climate 
Change to the Drought of 2014 in the Southern 

Levant Region,” by K. Bergaoui, D. Mitchell, R. 
Zaaboul, R. McDonnell, F. Otto, and M. Allen 
(Bull. Amer. Meteor. Soc., 96 (12), S66–S70)  
• DOI:10.1175/BAMS-D-15-00129.1
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Fig. S14.2.The FAR during January for each of the individual natural SST patterns. The CMIP-5 
model used to estimate the naturalized SST patterns is given in the title.
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S15. DROUGHT IN THE MIDDLE EAST AND 
CENTRAL-SOUTHWEST ASIA DURING 

WINTER 2013/14

matHeW baRloW and andReW Hoell

This document is a supplement to “Drought in 
the Middle East and Central–Southwest Asia during 
Winter 2013/14,” by Mathew Barlow and Andrew 
Hoell (Bull. Amer. Meteor. Soc., 96 (12), S71–S76)  
• DOI: 10.1175/BAMS-D-15-00127.1.

Fig. S15.1. NAO. Nov–Apr upper-level circulation (200-hPa streamfunction) anomalies a) 
correlated to the NAO for 1950–2013, with contour interval 0.1; and b) during the 2013–14 
drought, with contour interval 2 × 106 m2 s−1. Red and blue lines indicate main axes of NAO 
correlations.

REFERENCES
Barlow, M. A., and M. K. Tippett, 2008: Variabil-

ity and predictability of central Asia river f lows: 
Antecedent winter precipitation and large-scale 
teleconnections. J. Hydrometeor., 9, 1334–1349, 
doi:10.1175/2008JHM976.1.
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Fig. S15.3. Modeling background. a) The idealized warm west Pacific pattern used in the modeling 
experiments and b) the trend pattern used in the modeling experiments.

Fig. S15.2. Central Pacific. a) SST anomalies during the 2013–14 drought, and b) SST anomalies com-
posited for the lowest tercile (12 years) of river flows from 1950–85 based on the data from Barlow 
and Tippett (2008). All anomalies are shown relative to the 1950–2014 period.
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S16. ASSESSING THE CONTRIBUTIONS 
OF EAST AFRICAN AND WEST PACIFIC 

WARMING TO THE 2014 BOREAL SPRING EAST 
AFRICAN DROUGHT

cHRiS funK, SHRaddHanand SHuKla, andY Hoell, and ben livneH

This document is a supplement to “Assess-
ing the Contributions of East African and West 
Pacific Warming to the 2014 Boreal Spring 
East African Drought,” by Chris Funk, Shrad-
dhanand Shukla, Andy Hoell, and Ben Livneh 
(Bull. Amer. Meteor. Soc., 96 (12), S77–S82)  
• DOI:10.1175/BAMS-D-15-00106.1 

See figures and tables in the following pages.

REFERENCES
Funk, C., and A. Hoell, 2015: The leading mode of 

observed and CMIP5 ENSO-residual sea surface 
temperatures and associated changes in Indo-Pacific 
climate. J. Climate, 28, 4309–4329, doi:10.1175/JCLI-
D-14-00334.1.

——, S. Nicholson, M. Landsfeld, D. L. Klotter, M., P. 
Peterson, and L. Harrison 2015: The Centennial 
Trends Greater Horn of Africa precipitation dataset. 
Nat. Scientific Data, 2, Article 150050, doi:10.1038/
sdata.2015.50.
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Table S16.1. The Coupled Model Intercomparison Project Phase 5 (CMIP5) models used in this study 
to assess East African air temperatures and western Pacific sea surface temperatures. These data 
were obtained from http://climexp.knmi.nl/. Two CMIP5 experiments were combined to create the 
1900–2014 time series: the 1850–2005 historic simulations, and the 2006–14 RCP8.5 simulations. In 
these experiments, changes in greenhouse gasses, aerosols, and land cover are prescribed, while the 
ocean and atmosphere simulate weather and climate variations.

Modeling Group & Model Name Model  
Acronym EA # SST #

Commonwealth Scientific and Industrial Research Organisation, Australia and 
Bureau of Meteorology, Australia

ACCESS-1.0
ACCESS-1.3

1
1

1
1

Beijing Climate Center, China Meteorological Administration BCC 1 1

College of Global Change and Earth System Science, Beijing Normal University BNU-ESM 1

Canadian Centre for Climate Modelling and Analysis CanESM2 1 5

National Center for Atmospheric Research CCSM4 1 6

Community Earth System Model Contributors CESM1-BGC
CESM1-CAM5

1
1

1
2

Centro Euro-Mediterraneo per I Cambiamenti Climatici CMCC-CM
CMCC-CMS

1
1

1
1

Centre National de Recherches Météorologiques / Centre Européen de 
Recherche et Formation Avancée en Calcul Scientifique

CNRM-CM5 1 5

Commonwealth Scientific and Industrial Research Organisation in 
collaboration with the Queensland Climate Change Centre of Excellence

CSIRO-
Mk3.6.0

1 10

EC-EARTH consortium EC-EARTH 1 6

LASG, Institute of Atmospheric Physics, Chinese Academy of Sciences FGOALS-G2 1

The First Institute of Oceanography, SOA, China FIO-ESM 1 3

NOAA Geophysical Fluid Dynamics Laboratory GFDL-CM
GFDL-ES

1
2

1
2

NASA Goddard Institute for Space Studies GISS-E2-H
GISS-E2-R

4
3

3
3

Met Office Hadley Centre HadGEM2-AO
HadGEM2-CC
HadGEM2-ES

1
1 1

3

Institute for Numerical Mathematics INM-CM4 1 1

Institut Pierre-Simon Laplace IPSL-CM5A-LR
IPSL-CM5A-
MR
IPSL-CM5B-LR

1
1
1

3
1
1

Atmosphere and Ocean Research Institute (The University of Tokyo), National 
Institute for Environmental Studies, and Japan Agency for Marine-Earth Science 
and Technology

MIROC5
MIROC-ESM
MIROC-ESM_
CHEM

1
1
1

3

Max-Planck-Institut für Meteorologie (Max Planck Institute for Meteorology) MPI-ESM-LR
MPI-ESM-MR

4
1

Meteorological Research Institute MRI-CGCM3 1 1

Norwegian Climate Centre NorESM1-M
NorESM1-ME

1
1

1
1

Total Ensemble 37 73
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 Fig. S16.1. (a) April–June (AMJ) Climate Hazards group Infrared Precipitation with Stations 
(CHIRPS) rainfall anomalies (mm) and East Africa study site. (b) NOAA Climate Prediction Center 
RFE2 AMJ rainfall anomalies (mm) and East Africa study site. (c) Standardized AMJ MODIS land 
surface temperature anomalies. All anomalies relative to a 2000–13 baseline. Maps obtained using 
the Early Warning eXplorer (http://earlywarning.usgs.gov:8080/EWX/index.html). The CHIRPS 
and RFE2 precipitation estimates blend satellite and in situ gauge observations in near real time. 
(For more information: CHIRPS see http://chg.geog.ucsb.edu/data/chirps/index.html; RFE2 see 
www.cpc.ncep.noaa.gov/products/fews/rfe.shtml; MODIS LST see http://modis.gsfc.nasa.gov/data 
/dataprod/nontech/MOD11.php).

 Fig. S16.2. Scatterplot of observed 10-yr averages of observed 
west Pacific index (WPI) values and standardized precipitation 
from a 10-member GFSv2 ensemble. Also shown is the associ-
ated WPI regression estimate for the GFSv2 P, and the same 
regression expanded into the Niño 4 and WP components. 
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 Fig. S16.3. 1982–2014 percentiles for AMJ precipitation, air temperature, evapotranspiration 
(ET), and soil moisture for 2011, 2012, 2013, and 2014. Areas receiving, on average, less than 
75 mm of rainfall have been masked. 
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 Fig. S16.5. (a) 15-yr running averages of standardized west Pacific (10°S–10°N, 
110°–140°E) SSTs from the NOAA Extended Reconstruction observations (red line) 
and a CMIP5 ensemble (yellow line ensemble mean, light blue polygon ±1 standard 
deviation). (b) As in (a) but for Niño 4 SSTs. (c) As in (a) but for standardized dif-
ference between Niño 4 and WP SSTs. (d) 15-yr running averages of standardized 
March–June precipitation (black line) for the Greater Horn of Africa, as in Funk et 
al. (2015). The red line shows a regression estimate based on 15-year averages of 
the March–June WPI. 

 Fig. S16.4. (a) Empirical (1982–2014) probability density function (PDF) of variable infiltra-
tion capacity (VIC) ET anomalies. The vertical lines show observed ET conditions (black), ET 
conditions with cooler air temperatures (green), and ET conditions with more rainfall and 
cooler air temperatures (red). (b) As in (a) but for soil moisture (SM). These PDFs are based 
on normal distributions, based on the ET and SM means and standard deviations.
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 Fig. S16.7. July–August 2014 FEWS NET Food Security Outlook maps for (a) Somalia, (b) 
Ethiopia, and (c) Kenya. The 2014 drought had negative impacts, but was manageable, given 
that many areas had received good rains the year before and/or were also already receiving 
assistance in 2014. In Somalia, Ethiopia, and Kenya pasture conditions and boreal spring 
harvest were below normal in many of the drought affected areas. These pressures may have 
helped produce food security crisis conditions in southwestern Somali, south-central Ethiopia, 
and northwestern Kenya. (Sources: www.fews.net/east-africa/somalia/food-security-outlook 
/july-2014; www.fews.net/east-africa/ethiopia/food-security-outlook/july-2014; www.fews.net 
/east-africa/kenya/food-security-outlook/july-2014) 

 Fig. S16.6. (a)–(c) Estimates of standardized 2014 March–June SST anomalies based on the 
multimodel CMIP5 climate change ensemble used in Funk and Hoell (2015): (a) ensemble 
average 2014 anomaly; (b) 2014 anomaly after the influence of ENSO variability has been 
removed; and (c) multimodel estimate of 2014 ENSO variability. (d)–(f) Same as (a)–(c) but 
for observed NOAA Extended Reconstruction SST. Anomalies based on a 1900–50 baseline. 
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S17. THE 2014 DROUGHT IN THE 
HORN OF AFRICA: ATTRIBUTION OF 

METEOROLOGICAL DRIVERS

t. R. maRtHeWS, f. e. l. otto, d. mitcHell, S. J. dadSon, and R. g. JoneS

This document is a supplement to “The 2014 
Drought in the Horn of Africa: Attribution of Me-
teorological Drivers,” by T. R. Marthews, F. E. L. 
Otto, D. Mitchell, S. J. Dadson, and R. G. Jones (Bull. 
Amer. Meteor. Soc., 96 (12), S83–S88) • DOI:10.1175 
/BAMS-D-15-00115.1

Although the 2014 drought was not particularly se-
vere in terms of precipitation deficit (Fig. S17.1), it was 
very severe in terms of locally displaced population 
and regional aid requirements (FAO 2014; ECHO 
2014). As is well-known, precipitation deficit (i.e., 
climatological drought) is only one aspect of drought 
(other factors inf luence whether a climatological 

drought initiates a hydrological drought or regional 
famine, e.g., antecedent environmental conditions, 
political instability). For example, the 2011 drought 
reported by Lott et al. (2013) is accepted to have 
affected some 10 million people across the region 
which was a similar number to the much more widely-
known 1984 Ethiopian drought, and both affected 
more people than during 1992–93 or 2000 when 
precipitation deficit was greater. In 2014 some 16 
million people are in current need of food aid across 
the Horn of Africa (ECHO 2014), making this a very 
serious, extreme event.

REFERENCES

ECHO, 2014: Humanitarian implementation plan (HIP), 
2015: Horn of Africa. ECHO/-HF/BUD/2015/91000, 
European Commission Humanitarian Aid Depart-
ment, 17 pp. [Available online at http://reliefweb.int/
sites/reliefweb.int/files/resources/hoa_en_4.pdf.]

FAO, 2014: Greater Horn of Africa: Late and erratic 
rains raise serious concern for crop and livestock 
production. GIEWS update, Food and Agricul-
tural Organization, accessed 9 June 2015. [Available 
online at www.fao.org/giews/english/shortnews/
hof03062014.pdf.]

Lott, F. C., N. Christidis, and P. A. Stott, 2013: Can the 
2011 East African drought be attributed to human-
induced climate change? Geophys. Res. Lett., 40, 
1177–1181, doi:10.1002/grl.50235.

 Fig. S17.1. Precipitation in the Centre of Drought 
Impact (CDI) region from TAMSAT. Recent major 
regional drought and famine events are highlighted in 
gray. Broken lines show the long-term mean March–
June rainfall total for the CDI (187.2 mm) and the 33% 
and 67% quantiles.
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S18. THE DEADLY HIMALAYAN SNOWSTORM 
OF OCTOBER 2014: SYNOPTIC CONDITIONS 

AND ASSOCIATED TRENDS

S.-Y. Simon Wang, boniface foSu, RobeRt R. gillieS, and pRatibHa m. SingH

Table S18.1. Names, institutes, resolution, and ensemble size of the CMIP5 models used.

Acronym Model full name Center/Institute, 
Country

Resolution 
(Lon. × Lat.)

Ensemble 
size

CanESM2 Canadian Earth System Model, 
version 2

Canadian Center for Cli-
mate Modeling and Analysis, 
Canada

2.8° × 2.8° 5

CCSM4 Community Climate System 
Model, version 4

National Center for 
Atmospheric Research, 
USA

1.25° × 1.0° 5

CESM1
(CAM5)

Community Earth System 
Model, version 1, with 
Community Atmospheric 
Model, version 5

National Science 
Foundation (NSF) – 
Department of Energy 
(DOE)–NCAR, USA

1.25° × 1.0° 3

GFDL-CM3 Geophysical Fluid Dynamics 
Laboratory Climate Model 
version 3

NOAA Geophysical Fluid 
Dynamics Laboratory, USA

2.5° × 2.0° 5

GISS-E2-H Goddard Institute for Space 
Studies Atmospheric Model 
E, version 2, coupled with the 
Hybrid Coordinate Ocean 
Model (HyCOM)

NASA Goddard Institute 
for Space Studies, USA

2.5° × 2.0° 5

HadGEM2-ES Hadley Centre Global 
Environmental Model 2,  
Earth System

Met Office Hadley Centre, 
UK

1.8° × 1.25° 4

NorESM1-M Norwegian Earth System 
Model, version 1,  
intermediate resolution

Norwegian Climate Center, 
Norway

2.5° × 1.9° 3

This document is a supplement to “The Deadly 
Himalayan Snowstorm of October 2014: Synoptic 
Conditions and Associated Trends,” by S.-Y. Simon 
Wang, Boniface Fosu, Robert R. Gillies, and Pratibha 
M. Singh (Bull. Amer. Meteor. Soc., 96 (12), S89–S94) 
• DOI: 10.1175/BAMS-D-15-00113.1
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 Fig. S18.1. (a) Observed daily wind vectors and eddy geopotential height (ZE, shading) on 13 and 14 Oct 
2014 at 250 hPa (two left columns) and 850 hPa (two right columns). Red box defines the comparison 
domain used in the case identification analysis. (b)–(d) Composites from cases meeting the correlation 
criteria of (b) 0.92, (c) 0.8, and (d) 0.7 for each pressure level, selected from 1948 to 2013 with the total 
number of cases indicated in the lower right corner.
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S19. ANTHROPOGENIC INFLUENCE ON THE 
2014 RECORD-HOT SPRING IN KOREA

Seung-Ki min, Yeon-Hee Kim, SeungmoK paiK, maeng-Ki Kim, and KYung-on boo

This document is a supplement to "Anthropogenic 
Influence on the 2014 Record-Hot Spring in Korea," 
by Seung-Ki Min, Yeon-Hee Kim, Seungmok Paik, 
Maeng-Ki Kim, and Kyung-On Boo (Bull. Amer. 
Meteor. Soc., 96 (12), S95–S99) • DOI:10.1175/BAMS 
-D-15-00079.1.

Table S19.1. List of CMIP5 models used in this study. Values represent the 
number of ensemble members from each model for different experiments. 
Superscripts a and b represent subsets of model group with warm and cold 
biases, respectively, which are used for a sensitivity test of FAR to model skills 
(see Fig. S19.6). See main text for details.

Model ALL_P0 
(1860–1920)

ALL_P1 
(1954–2014)

GHG_P1 
(1952–2012)

NAT_P1 
(1952–2012)

ACCESS1-0b 1 1

ACCESS1-3b 1 1

bcc-csm1-1b 1 1 1 1

bcc-csm1-1-mb 1 1

BNU-ESMb 1 1 5

CanESM2a 5 5 5

CCSM4b 6 6

CESM1-BGCb 1 1

CESM1-CAM5b 3 3

CESM1-CAM5-1-FV2 2

CESM1-FASTCHEM 1

CESM1-WACCM 1

CMCC-CESM 1

CMCC-CMb 1 1

CMCC-CMSb 1 1

CNRM-CM5-2 1

CNRM-CM5b 10 1 6

CSIRO-Mk3-6-0b 8 8 6 1
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Model ALL_P0 
(1860–1920)

ALL_P1 
(1954–2014)

GHG_P1 
(1952–2012)

NAT_P1 
(1952–2012)

EC-EARTHb 7 8 1

FGOALS-g2b 1 1

FGOALS-s2a 2 1

FIO-ESMa 1 1

GFDL-CM2pl 10

GFDL-CM3b 1 1

GFDL-ESM2G 1

GFDL-ESM2M 1

GISS-E2-Ha 16 16 4 10

GISS-E2-H-CCa 1 1

GISS-E2-Rb 17 17 5 10

GISS-E2-R-CCb 1 1

HadCM3b 10 10

HadGEM2-AOa 1 1

HadGEM2-CC 1

HadGEM2-ES 4 4 4

inmcm4b 1 1

IPSL-CM5A-LRb 4 4 3 3

IPSL-CM5A-MRb 3 1 3

IPSL-CM5B-LRb 1 1

MIROC4h 1

MIROC5a 4 1

MIROC-ESMa 3 1

MIROC-ESM-CHEMa 1 1

MPI-ESM-LRa 3 3

MPI-ESM-MRa 3 3

MPI-ESM-P 1

MRI-CGCM3b 5 1

MRI-ESM1 1

NorESM1-Mb 3 1 1 1

NorESM1-MEb 1 1

Sum 143 121 30 44

Table S19.1. Continued.
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 Fig. S19.2. Spatial distribution of (a) anomaly 
and (b) normalized (divided by standard de-
viation) anomaly of 2014 MAM surface air tem-
perature (SAT, °C) from HadCRUT4. Anoma-
lies and standard deviations are with respect 
to 1971–2000 mean. Green dots indicate grid 
points with record high value in 2014.

 Fig. S19.1. Distribution of 2014 March–May (MAM) mean daily maximum 
temperature (Tmax) anomalies (°C) observed at 59 South Korean stations. 
Anomalies are with respect to 1973–2000 mean.
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 Fig. S19.3.Spatial distribution of correlation coefficients between MAM mean daily 
Tmax on the grid box in the Korean Peninsula (green box) and SAT over East Asia 
calculated for 1954–2014. ALL simulation data from 36 available models are used 
(single member of each model). Correlation coefficient is first calculated for individ-
ual model and then multimodel means are obtained by taking arithmetic averages.

 Fig. S19.4. Best estimate of the fraction of attributable risk (FAR) for (a) SAT trends and (b) thresholds in units 
of standard deviation above the 1971–2000 climatology SAT over a range of trend period (all ending in 2014). 
FAR values are calculated using the anthropogenic forced conditions from all forcing (ALL_P1, green curves) 
and greenhouse gas only forcing (GHG_P1, red curves) relative to near pre-industrial conditions (ALL_P0). 
The vertical black line marks the SAT anomaly in 2014. Increases in the likelihood by a factor 2, 3, 5, and 10 
are marked by the horizontal dotted lines. 
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 Fig. S19.5. Multimodel mean SAT anomaly time series (°C) for 1954–
2014 from the ALL_P1, GHG_P1, and NAT_P1 experiments. In addition, 
ANT (anthropogenic forcing response estimated from ALL-NAT) is 
displayed. Dotted straight lines represent linear trend of SAT anomaly 
for the recent 30 years. Note that GHG_P1 and NAT_P1 (and thereby 
ANT) cover the period of 1954–2012 and 1985–2012 period (28 years) is 
used for 30-yr trend estimation.

 Fig. S19.6. (a) Scatter plot between model bias in SAT (x-axis, °C) and SAT difference between all 
forcing (ALL_P1) and near pre-industrial (ALL_P0) conditions (y-axis, °C). (b) Normalized PDF for 
SAT anomaly (°C) from ALL_P1 (green curve) and ALL_P0 (blue curve) in comparison with the 
observed trend (vertical black line). Solid and dashed curves indicate model groups with warm bias 
and cold bias respectively. 
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S20. HUMAN CONTRIBUTION TO THE 2014 
RECORD HIGH SEA SURFACE TEMPERATURES 

OVER THE WESTERN TROPICAL AND 
NORTHEAST PACIFIC OCEAN

evan WelleR, Seung-Ki min, dongHYun lee, WenJu cai, Sang-WooK YeH, and Jong-Seong Kug

This document is a supplement to “Human Contri-
bution to the 2014 Record High Sea Surface Tempera-
tures over the Western Tropical and Northeast Pacific 
Ocean,” by Evan Weller, Seung-Ki Min, Donghyun 
Lee, Wenju Cai, Sang-Wook Yeh, and Jong-Seong 
Kug (Bull. Amer. Meteor. Soc., 96 (12), S100–S104)  
• DOI:10.1175/BAMS-D-15-00055.1 

CMIP5 data processing. We consider 126 realizations 
(from 41 models, see Table S20.1) of the “historical” 
experiment to represent current conditions from 
1953–2005, integrated with observed time-evolving 
changes in all forcings that include anthropogenic 
(due mainly to an increase in greenhouse gases and 
aerosols) and natural forcings (solar irradiance and 
volcanic activity). We extend the historical experi-
ment utilizing the “RCP4.5” (representative concen-
tration pathway with a 4.5 W m-2 long-run radiative 
forcing stabilization level post 2100) from 2006–14, 
resulting in a 62-year long all forcing experiment 
period, referred to as ALL_P1 in the main report. 
Because RCP scenarios do not diverge appreciably 
until the near-term future (Moss et al. 2010), we 
chose RCP4.5 data, which provide the largest number 
of model samples, for this extension. Pre-industrial 
control (referred to as CTL_P0) experiments provide 
a measure of the unforced internal climate variability, 
and represent conditions with a weaker or no major 
human contribution. All period data were used from 
CTL_P0 to analyze the 2014 SST anomalies. Overall, 
we obtained 294 and 126 ensemble members for 
CTL_P0 and ALL_P1, respectively (Table S20.1). We 
also use 30 “historicalGHG” (GHG_P1) runs and 
41 “historicalNat” (NAT_P1) runs for 1953–2012 
(note that we use a slightly different period for these 

experiments since they end in 2012). Individual forc-
ing experiments impose conditions as in the control 
experiment (CTL_P0), in addition to an individual 
forcing. For example, NAT_P1 includes only forcing 
from volcanoes and solar variability, with no varia-
tion of aerosols in association with human anthropo-
genic forcing such as those from fossil fuel burning. 
Similarly, GHG_P1 includes only the forcing contri-
bution of greenhouse gas concentrations, and does 
not include offsetting forcing such as anthropogenic 
aerosols or natural forcing. 

All modeled SST fields, which are internally 
calculated from atmosphere–ocean coupling, are 
interpolated onto 1° × 1° grids. SST anomalies from 
observations are with respect to the 1971–2000 
mean while SST anomalies from all model runs are 
obtained relative to each 1971–2000 mean of ALL_P1 
to account for different climatology responses to dif-
ferent forcing factors. 

Model internal variability. It is important to assess 
whether the CMIP5 models simulate suitable inter-
nal variability in the regions of interest, potentially 
hampering the fraction of attributable risk (FAR) 
analysis. When comparing distributions of observed 
(detrended) and pre-industrial control SST vari-
ability smoothed with a kernel smoothing function 
(Fig. S20.5), the modeled internal variability agrees 
reasonably well with the distribution of observed SST 
annual and boreal summer (JJA) SST anomalies in the 
western tropical Pacific (WTP) and northeast Pacific 
(NEP) regions, except that the modeled WTP (NEP) 
has a larger (smaller) variability. The standard devia-
tion (or interquartile range) of the observed annual 
anomalies for the WTP is 0.12°C (0.15°C), compared 
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Table S20.1. List of CMIP5 models used in this study. Numbers represent the number 
of ensemble members from each model for different experiments. Numbers in CTL_
P0 represent number of 62-year non-overlapping chunks. See text for details.

Model Pre-industrial 
(CTL_P0)

ALL_P1 
(1953–2014)

NAT_P1 
(1953–2012)

GHG_P1 
(1953–2012)

ACCESS1-0 8 1

ACCESS1-3 8 1

bcc-csm1-1-m 6 1

bcc-cms1-1 8 1 1 1

CanESM2 16 5 5 5

CCSM4 16 6

CESM1-BGC 8 1

CESM1-CAM5 4 3

CESM1-CAM5-1-FV2 1

CMCC-CM 4 1

CMCC-CMS 8 1

CNRM-CM5 14 1 1 1

CSIRO-Mk3-6-0 8 10 5 5

EC-EARTH 1

FGOALS-g2 10 1

FIO-ESM 12 3

GFDL-CM2.1 10

GFDL-CM3 1

GFDL-ESM2G 1

GFDL-ESM2M 1

GISS-E2-H 12 16 10 5

GISS-E2-H-CC 4 1

GISS-E2-R 14 17 10 5

GISS-E2-R-CC 4 1

HadCM3 10

HadGEM2-AO 10 1

HadGEM2-CC 4 1

HadGEM2-ES 8 4 4 4

inmcm4 8 1

IPSL-CM5A-LR 16 4 3 3

IPSL-CM5A-MR 4 1 1

IPSL-CM5B-LR 4 1

MIROC-ESM 10 1

MIROC-ESM-CHEM 4 1

MIROC4h 3

MIROC5 10 3

MPI-ESM-LR 16 3

MPI-ESM-MR 16 3

MRI-CGCM3 8 1

NorESM1-M 8 1 1 1

NorESM1-ME 4 1

Sum Total 294 126 41 30
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with 0.14°C (0.16°C) for CTL_P0 (Fig. S20.5a), there-
fore internal variability is slightly over-estimated 
(+17%). The standard deviation (interquartile range) 
of the observed annual anomalies for the NEP is 
0.39°C (0.61°C), compared with 0.36°C (0.48°C) for 
CTL_P0 (Fig. S20.5b), therefore internal variability 
is underestimated (−8%). In addition, comparing 
observed and ALL_P1 simulated (detrended) SST 
variability, the ALL_P1 simulations over 1953–2014 
from the 41 models for the WTP also has larger vari-
ability, and the NEP smaller variability, compared to 
observations (Fig. S20.5). We test the sensitivity of the 
FAR for SST anomalies that occurred during 2014 
by scaling the modeled variability to better match 
observed variability (Fig. S20.6). The FAR is found to 
be robust in the WTP to scaling factors, and the bias 
of modeled internal variability makes little difference 
to anomaly distributions (Fig. S20.6a). For the NEP, 
scaling modeled simulations up by 10% (slightly more 
than the internal variability bias) reduces the annual 
FAR by 0.04 (0.82 compared to 0.78), and reduces the 
JJA FAR by 0.1 (0.94 compared to 0.84) (Fig. S20.6b). 

Observation sensitivity. We use monthly SST data 
from the Hadley Centre sea ice and SST version 1 
(HadISST; Rayner et al. 2003) to assess uncertainty 
in observational data set and the 2014 anomaly. We 
repeat the FAR approach as conducted in the main 
report, except using new values obtained from Had-
ISST (see Table S20.2). Results for the WTP can 
be considered insensitive to the observational data 
used. However, the likelihoods of 2014 annual and 
summer SST anomalies in the NEP are found to 
be approximately three times as likely with human 
influences using HadISST, compared to at least five 
times as likely using ERSST. Overall, the conclusions 
of the study do not change, where in the WTP, a 
strong long-term warming in SST can be explained 
only when greenhouse gas forcing is included. The 
record extreme 2014 annual and summer mean SST 

anomalies in this region were also 100% attributable 
to anthropogenic forcing. For the NEP, the probabil-
ity of SST anomalies such as those observed during 
2014 has increased with human influences (range of 
three-to-ten times as likely), suggesting the likely role 
of natural internal variability. 

A sensitivity test of the observed trend and its 
uncertainty is also carried out to assess robustness of 
the FAR for long-term trends in the WTP and NEP 
regions. We recalculated the FAR using the lower 
bound in the observed ERSST trend uncertainty 
(Figs. 20.2a,b of main text and Fig. S20.3) and find 
that the results of the main text do not change for the 
WTP, and the FAR reduces by no more than 0.1 (0.8 
compared to 0.7) for the NEP.

This study focuses on the latter half of the 
twentieth century (since 1953) as it is when human 
influences were more significant, but also when ob-
servational coverage improved substantially. Prior 
to this, observations were sparse in many regions 
of the global oceans, which raises the issue of large 
uncertainty arising from the observations (Deser et 
al. 2010; Yasunaka and Hanawa 2010). Moreover, SST 
anomalies in the early twentieth century of ALL_P1 
are close to CTL_P0 due to little anthropogenic forc-
ing, therefore including such data in the ALL_P1 
SST anomaly distributions would not be relevant in 
order for ALL_P1 to represent a hypothetical world 
of the year 2014 with human influences. Using the 
period 1953–2014 produces a mean of ALL_P1 close 
to zero and comparable with observations. Despite 
this, repeating our analysis considering the entire 
twentieth century, from 1901–2014, makes a stronger 
statistical case for SST trends in the WTP and NEP 
(Table S20.3 and Fig. S20.8), more so for the NEP. 
There are no long-term trends in CTL_P0 for either 
region that are comparable to observed trends over 
such a long period. Further, impact of multidecadal 
variability is evident in the NEP during the earlier 
twentieth century, as was detailed in the main report. 

Table S20.2. Same as Table 20.1 of the main text but using HadISST data as SST 
observations. See Supplemental text for details.

Observations ALL_P0 ALL_P1 GHG_P1

Trend in WTP 
Ann/JJA SST

0.58/0.58°C 62 yr-1 0/0%
63.49/65.08%  

FAR = 1
100/100%  
FAR = 1

Trend in NEP  
Ann/JJA SST

0.27/0.19°C 62 yr-1 11.56/20.41%
80.16/85.71%  

FAR = 0.86/0.76
90/100%  

FAR = 0.87/0.80

2014 WTP Ann/JJA 
SST anomaly

0.41/0.46°C 0/0%
7.83/6.69%  
FAR = 1

39.33/32.78% 
FAR = 1

2014 NEP Ann/JJA 
SST anomaly

1.12/1.45°C 0.33/0.31%
1.02/1.04%  

FAR = 0.68/0.70
19.44/14.89%  

FAR = 0.98/0.98
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Fig. S20.1. Ratio of record breaking high (a) annual and (b) boreal summer (JJA) SST anomaly area 
over the global oceans, with the record 2014 value indicated by red circles. The ratio is calculated 
each year as the fraction of global ocean with the highest annual or JJA SST from the start of the time 
series (i.e., 1880, however we only present the ratios for the twentieth century) until the target year. 
(c),(d) Same as (a),(b) but only considering the western tropical Pacific region (see dashed box in Fig. 
20.1a in the main text). (e),(f) Same as (a),(b) but only considering the northeast Pacific region (see 
dashed box in Fig. 20.1a in the main text).

Table S20.3. Probability of occurrence exceeding the observed annual 
mean SST long-term trend ending in 2014 in the western tropical Pacific 
(WTP) and northeast Pacific (NEP) Ocean regions. The fraction of 
attributable risk is calculated as FARALL_P1=1–PCTL_P0/PALL_P1 and 
FARGHG_P1=1–PCTL_P0/PGHG_P1. 

Observations CTL_P0 ALL_P1 GHG_P1

Trend in WTP Annual 
1953–2014

0.62°C 62 yr-1 0%
50.79%  
FAR = 1

100%  
FAR = 1

Trend in WTP Annual 
1901–2014

0.71°C 100 yr-1 0%
27.64%  
FAR = 1

93.33%  
FAR = 1

Trend in NEP Annual 
1953–2014

0.23°C 62 yr-1 16.67%
84.92%  

FAR = 0.80
96.67%  

FAR = 0.83

Trend in NEP Annual 
1901–2014

0.60°C 100 yr-1 0%
29.27%  
FAR = 1

63.33%  
FAR = 1
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Fig. S20.2. Observed seasonal mean SST anomalies (°C) during 2014 averaged 
over the (a) western tropical Pacific Ocean and (b) northeast Pacific Ocean, 
relative to the 1971–2000 climatology. Note: December–February (DJF) is cal-
culated using December of 2013. The figure highlights that June–August (JJA) 
exhibited the highest seasonal SST anomalies in both regions. 

Fig. S20.3. Same as Figs. 20.2a,b in the main report but histogram of the boreal summer (JJA) SST 
trends in the (a) western tropical Pacific Ocean and (b) northeast Pacific Ocean from pre-industrial 
(CTL_P0, gray), historical (NAT_P1, blue), all (ALL_P1, green) and greenhouse-gas only (GHG_P1, 
red) forcing experiments compared with the observed trend (vertical solid black line).
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Fig. S20.4. Best estimate of the FAR for annual SST trends over a range of trend periods (all ending in 2014) in 
the (a) western tropical Pacific Ocean and (b) northeast Pacific Ocean, using the all (ALL_P1, green curves) and 
greenhouse-gas only (GHG_P1, red curves) forcing relative to pre-industrial conditions (CTL_P0). Increases 
in likelihood by factors of 2, 3, 4, and 10 are indicated. Trends ending in 2013 are also shown for sensitivity test 
of end year (dashed green lines). (c),(d) Same as (a),(b) but for boreal summer (JJA). (e),(f) Same as (a),(b) but 
for best estimate of the FAR over a range of thresholds in units of standard deviations above the 1971–2000 
climatology annual SST (Tclim). The 2014 threshold and a more conservative threshold (previous record) are 
indicated by vertical solid and dashed lines, respectively. (g),(h) Same as (e),(f) but for JJA.
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Fig. S20.5. Smoothed distributions of the (a) western tropical Pacific Ocean and (b) northeast Pacific 
Ocean annual SST anomalies for observations (ERSST v3, black) and all forcing (ALL_P1, green) for 
1953–2014, and pre-industrial conditions (CTL_P0, gray). For each distribution, the standard deviation 
and interquartile range are shown. (c),(d) Same as (a),(b) but for boreal summer (JJA) SST anomalies. 

Fig. S20.6. Best estimate of the FAR for annual (solid green line) and boreal summer (JJA, 
dashed green line) SST anomalies over a range of internal variability scaling factors in the 
(a) western tropical Pacific Ocean and (b) northeast Pacific Ocean. The FAR values are 
calculated using the anthropogenic forced conditions from all forcing (ALL_P1) relative 
to pre-industrial conditions (CTL_P0). Increases in likelihood by factors of 2, 3, 4, and 10 
are indicated. Vertical black lines highlight the sensitivity of the FAR given the modeled 
internal variability (a scaling of 1, solid) and after scaling (dashed) has been applied so 
modeled internal variability better match observations.
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Fig. S20.7. Same as Fig. 20.2 in the main text but using only models (9 in total) that have all simulations 
of pre-industrial (CTL_P0, gray), historical (NAT_P1, blue), all (ALL_P1, green) and greenhouse-gas 
only (GHG_P1, red) forcing experiments. The interquartile range for each distribution is shown, which 
highlights potential variability (spread) arising due to intermodel spread of climate-sensitivity to the 
different forcing experiments (NAT_P1, ALL_P1, and GHG_P1) compared to unforced experiments 
(CTL_P0).
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Fig. S20.8. (a),(b) Extended time series (starting in 1901) of annual SST anomalies (°C), averaged over 
the (a) western tropical Pacific Ocean and (b) northeast Pacific Ocean, relative to the 1971–2000 cli-
matology. Green lines and shading indicates the all forcing (historical and RCP4.5, ALL_P1) ensemble 
mean and 10%–90% range across ensemble members, blue indicates the natural forcing (historicalNat, 
NAT_P1) ensemble means, and the dashed black indicates the observed (ERSST v3), with the 2014 
record-breaking value represented by black circles. (c),(d) Best estimate of the FAR for annual SST 
trends over a range of trend periods (all ending in 2014) in the (c) western tropical Pacific Ocean and 
(d) northeast Pacific Ocean, using the all (ALL_P1, green curves) and greenhouse-gas only (GHG_P1, 
red curves) forcing relative to pre-industrial conditions (CTL_P0). Trends longer than 62 years (pre-
sented in the main results) highlight the impact of multidecadal variability on trends in the NEP over 
the entire twentieth century. Trends ending in 2013 are also shown for sensitivity test of end year 
(dashed cyan lines).
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Fig. S20.9. SST anomalies (°C) associated with the (a) first and (b) second principal variability pattern 
of North Pacific Ocean SST anomalies for the period 1953–2014, depicting the structure of anomalies 
associated with a warm phase of the Pacific decadal oscillation (PDO) and a negative phase of the North 
Pacific Gyre Oscillation (NPGO), respectively. The patterns are obtained through linear regression 
of monthly SST anomalies onto the principal component time series of EOF1 and EOF2. (c),(d) Time 
series of the (c) PDO and (d) NPGO index, with monthly values indicated by red and blue shading, and 
12-month running mean filtered values indicated by black lines. 
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S21. THE 2014 HOT, DRY SUMMER IN 
NORTHEAST ASIA

l. J. WilcoX, b. dong, R. t. Sutton, and e. J. HigHWood

This document is a supplement to “The 2014 Hot, 
Dry Summer in Northeast Asia,” by L. J. Wilcox, B. 
Dong, R. T. Sutton, and E. J. Highwood (Bull. Amer. 
Meteor. Soc., 96 (12), S105–S110)  
• DOI:10.1175/BAMS-D-15-00123.1

Fig. S21.1. Climatological variables for 2014 relative to the 1997–2014 mean for (a) near-surface tem-
perature anomalies (°C) from CRUTEM4; (b) precipitation (mm day-1) from GPCC; (c) SST anomalies 
(°C) from HadISST; (d) near-surface temperature anomalies (°C) from the NCEP/NCAR reanalysis; 
(e) precipitation anomalies (mm day-1) from the NCEP/NCAR reanalysis; and (f) 850-hPa wind speed 
anomalies (m s-1) from the NCEP/NCAR reanalysis. The northeast Asia region is indicated by the 
black boxes.
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Fig. S21.2. (a) Northeast Asia precipitation (mm day-1; bold colors are the CMIP5 multi-model mean, 
faded colors are the individual realizations); (b) northeast Asia near-surface temperature anomaly (°C); 
(c) northeast Asia precipitation (mm day-1) from GHG only and AA only experiments; (d) northeast 
Asia near-surface temperature anomaly (°C) from GHG and AA only experiments. All time series are 
adjusted to 1860. Spatial pattern of precipitation (mm day-1) from (e) CMIP5 and (f) the NCEP/NCAR 
reanalysis for 1995–2004 mean relative to the 1950–59 mean. Note that data coverage was sparse in 
the earlier part of the HadCRUT4 record, as reflected in discontinuities in panel (b).
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Fig. S21.3. Individual realizations of 2014 precipitation anomalies (mm day-1) relative to 1964–93 from 
the all-forced HadGEM3-A simulation.
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Fig. S21.4. The 1964–93 climatologies of (left column) near-surface temperature (°C), (center column) 
precipitation (mm day-1), and (right column) 850-hPa winds (m s-1) from (top row) the NCEP/NCAR 
reanalysis, (middle row) HadGEM3-A, and (bottom row) the difference between them (shown on the 
same scale as the anomalies from the HadGEM3-A simulations, Fig. 21.2 in main document).
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S23. INVESTIGATING THE INFLUENCE OF 
ANTHROPOGENIC FORCING AND NATURAL 

VARIABLILITY ON THE 2014 HAWAIIAN 
HURRICANE SEASON

H. muRaKami, g. a. veccHi, t. l. delWoRtH, K. paffendoRf, R. gudgel, l. Jia, and f. zeng

This document is a supplement to “Investigat-
ing the Inf luence of Anthropogenic Forcing and 
Natural Variability on the 2014 Hawaiian Hurricane 
Season,” by H. Murakami, G. A. Vecchi, T. Delworth, 
K. Paffendorf, R. Gudgel, L. Jia, and F. Zeng (Bull. 
Amer. Meteor. Soc., 96 (12), S115–S119) • DOI:10.1175 
/BAMS-D-15-00119.1

Model description
We used the Geophysical Fluid Dynamics Laboratory 
(GFDL) Forecast-oriented Low Ocean Resolution 
model (FLOR; Vecchi et al. 2014). FLOR comprises 
50-km mesh atmosphere and land components 
and 100-km mesh sea ice and ocean components. 
The atmosphere and land components of FLOR are 
taken from the Coupled Model version 2.5 (CM2.5; 
Delworth et al. 2012) developed at GFDL, whereas 
the ocean and sea ice components are based on the 
GFDL Coupled Model version 2.1 (CM2.1; Delworth 
et al. 2006; Wittenberg et al. 2006; Gnanadesikan et 
al. 2006).

A suite of simulations (see the following section for 
experimental design) were conducted using the “flux 
adjustments” approach (Magnusson et al. 2013; Vec-
chi et al. 2014), which adjusts the model’s momentum, 
enthalpy, and freshwater fluxes from atmosphere to 
ocean and so brings the long-term climatology of sea 
surface temperature (SST) and surface wind stress 
closer to the observations.

Detection algorithm for tropical cyclones
Model generated tropical cyclones (TCs) were de-
tected following Murakami et al. (2015), and the de-
scription below is taken from Section 2c in Murakami 
et al. (2015). 

Model-generated TCs were detected directly 
from 6-hourly output using the following tracking 
scheme relying primarily on sea level pressure (SLP) 
and temperature anomaly (ta) averaged between 300 
and 500 hPa.

1. Local minima in a smoothed SLP field are 
detected. The location of the center is fine-
tuned by fitting a biquadratic to the SLP field 
and placing the center at its minimum.

2. Closed contours of some specified interval dp 
(here 2 hPa) are found about each center. The 
Nth contour is identified as the contiguous 
region surrounding a low of central pressure 
P, with pressures less than dp × N + P, as 
found by a “flood fill” algorithm. Hence, the 
contours need not be circular; however, there 
is a maximum distance of 3000 km that the 
algorithm will search away from the candi-
date low center.

3. If the above closed contours are found, the low 
is counted as a storm center at that time. The 
tracker then tries to find as many closed con-
tours about that low that it can find without 
going too far from the low center or running 
into contours claimed by another low. The 
maximum 10-m wind inside the set of closed 
contours is considered to be the maximum 
wind speed for the storm at that time.

4. Warm cores are found through a similar pro-
cess as above: closed 1-K contours about the 
maximum ta are sought out within a storm’s 
identified contours, which are not more than 
1° apart from the low center. This contour 
must have a radius less than 3° in distance. 
If no such core is found, the center is not 
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rejected, but is simply marked as not being a 
warm-core low.

5. Storm centers are connected into a track by 
taking a low center at time T – dt, extrapolat-
ing its motion forward dt, and then looking 
for storms within 750 km. Deeper lows get 
first choice of track.

6. Final TCs are selected by considering satisfac-
tions of duration conditions as follows.

(i) At least 72 hours of total detection life-
time.
(ii) At least 48 cumulative (not necessarily 
consecutive) hours of having a warm core.
(iii) At least 36 consecutive hours of a warm 
core plus winds greater than 15.5 m s–1.
(iv) The start (last) time of 24 consecutive 
hours of a warm core plus winds is assigned 
to genesis (cyclolysis) time. Location of TC 
genesis should be equatorward of 40°N.

TC positions are counted for each 2.5° × 2.5° grid 
box within the global domain at 6-hour intervals. 
The total count for each grid box is defined as the 
TC density. The density fields are smoothed using a 
9-point moving average weighted by distance from 
the center of the grid box. TC density is used in the 
following regression analysis (see Supplemental Figs. 
S23.2–S23.5).

Experimental settings
We conducted a suite of simulations using FLOR. A 
large number of samples are required 
to compute the probability of occur-
rence of a year with TC frequency 
more than or equal to a specific 
number [P(x)]. A detailed description 
of how we calculated the probability 
for each simulation is given below.

Retrospective seasonal forecasts. For 
each year in the period 1980–2014, 
we used the results of 12-member 
ensemble retrospective seasonal fore-
casts by FLOR (Vecchi et al. 2014; Jia 
et al. 2015). For each ensemble mem-
ber, 12-month duration predictions 
were performed after initializing the 
model to observationally constrained 
conditions. The 12-member initial 
conditions for ocean and sea ice com-
ponents were built through a coupled 
ensemble Kalman filter (EnKF) data 
assimilation system developed for 
CM2.1, whereas those for atmosphere 

and land components were built from a suite of SST-
forced atmosphere–land-only simulations using the 
components in FLOR. Therefore, the predictability 
in these experiments comes entirely from the ocean 
and sea ice, and may be thought of as a lower bound 
on the potential prediction skill of a model, because 
predictability could also arise from atmospheric 
(particularly stratospheric) and land initialization.

We used 12-member ensemble forecasts initial-
ized on 1 July to evaluate model skill in predicting 
TC frequency near Hawaii during the subsequent TC 
season (July–November).

1860/1990-control simulations. We generated 2000-
year control climate simulations using FLOR by 
prescribing radiative forcing and land-use condi-
tions representative of the year 1860. In addition, 
we generated 500-year control climate simulations 
by prescribing conditions representative of the year 
1990. For these experiments, we compute P(x) using 
all simulated years. Results are shown in Fig. 23.2b in 
the main text. To elucidate multicentury variability, 
we compute P(x) for each 100-year period. The error 
bars in Fig. 23.2b show the range of minimum and 
maximum in the variability.

Multidecadal simulations. We conducted 35-member 
ensemble multidecadal simulations using FLOR 
(Supplemental Fig. S23.1). Five- (thirty-) member 
ensemble simulations were conducted from 1861 

Fig S23.1 Interannual variation of global mean SST (°C) simulated by 
the multidecadal experiment from the period 1941–2040. Black line 
shows simulated global mean SST for each ensemble member. Red line 
shows ensemble mean value. Blue arrows denote historical volcanic 
events. The simulated internal variability is out of phase among the 
ensemble members, whereas the ensemble mean shows a significant 
positive trend due to the response of anthropogenic forcing along 
with a few abrupt decreases due to volcanic forcing. For each 20-year 
period, 700 (20 years × 35 ensemble members) samples are obtained 
to compute P(x). 
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(1941) to 2040 by prescribing historical anthropogenic 
forcing and aerosols up to 2005, and future levels 
based on the RCP4.5 scenario from 2006 to 2040. In 
the simulations, historical volcanic radiative forcing 
was also prescribed up to 2005; however, no volcanic 
forcing was prescribed after 2006. These multidecadal 
simulations were not initialized experiments, that is, 
simulated internal variability, such as ENSO, was out 
of phase among the ensemble members and observa-
tions. For each 20-year period from 1941, 700 (= 20 × 
35) samples were available to calculate P(x).

Indices for natural variability
To elucidate the potential influence of natural vari-
ability on the frequency of TCs near Hawaii, we fo-
cused on the El Niño–Southern Oscillation (ENSO), 
Pacific decadal oscillation (PDO; Mantua et al. 1997), 
interdecadal Pacific oscillation (IPO; 
Power et al. 1999; Folland et al. 2002), 
and Atlantic multidecadal oscillation 
(AMO; Delworth and Mann 2000). 
We focused on these indices during 
the boreal summer of July–November 
to compare them with TC frequency 
near Hawaii. In this section, we de-
scribe how to calculate those climate 
indices. Note that we focused mainly 
on decadal time scales for PDO, IPO, 
and AMO, whereas we focused on in-
terannual time scales for ENSO.

ENSO (Niño-3.4 index). We used Niño-
3.4 index to represent ENSO. The 
Niño-3.4 index is obtained from 
the mean SST anomaly in the re-
gion bounded by 5°N and 5°S, and 
between 170°W to 120°W. The SST 
anomaly is calculated by subtracting 
the climatological mean value. For 
the 1860- (1990-) control simulation, 
we used the 2000-yr (500-yr) mean 
for the climatological mean. For the 
multidecadal simulations, we defined 
the climatological mean value for 
each year using a 21-yr moving aver-
age to smooth the nonlinear trend of 
global warming. The Niño-3.4 index 
is standardized after calculating the 
anomaly (i.e., its mean value is zero 
and its standard deviation is one). We 
defined a positive phase of ENSO (i.e., 
El Niño) as years in which the Niño-3.4 
index exceeds one standard deviation. 

Likewise, we defined a negative phase of ENSO (i.e., 
La Niña) years in which the Niño-3.4 index falls below 
minus one standard deviation.

Supplemental Fig. S23.2 shows the observed Niño-
3.4 index as well as the regression of SST and TC 
density onto the Niño-3.4 index. When the Niño-3.4 
index is positive (i.e., an El Niño year), the tropical 
eastern Pacific is warmer than normal. Moreover, 
TC density increases in the eastern Pacific when the 
Niño-3.4 index is positive, leading to an increased TC 
frequency near Hawaii. The Niño-3.4 index during 
the 2014 TC season was 0.5.

Pacific decadal oscillation (PDO index). We calculated 
the PDO index following Mantua et al. (1997). The 
PDO is the leading empirical orthogonal function 
(EOF) of SST anomalies over the North Pacific 

Fig. S23.2. Observed mean Niño-3.4 index for July–November 
(1949–2014). (a) Time series of Niño-3.4 index for the period 1949–
2014 [units: 1σ (one standard deviation)]. (b) Seasonal mean SST 
regressed onto the Niño-3.4 index (units: K σ–1). (c) Seasonal mean 
TC density regressed onto the Niño-3.4 index (units: number σ–1). 
The HadISST1.1 was used for SST, whereas the IBTrACS plus Unisys 
best-track data were used for TC density.
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(20°–70°N, 110°E–100°W) after the global mean SST 
has been removed. The PDO index is the standard-
ized principal component time series. To focus on 
the decadal variation of the PDO, we used a 10-yr 
low-pass filtered index throughout this study. We 
defined a positive (negative) phase of the PDO as 
years in which the filtered PDO index falls below one 
(minus one) standard deviation.

Supplemental Fig. S23.3 shows the observed PDO 
index as well as the regression of SST and TC density 
onto the PDO index. When the PDO index is posi-
tive, the subtropical eastern Pacific (north Pacific) is 
warmer (cooler) than normal. Moreover, TC density 
increases in the eastern Pacific when the PDO index 
is positive, leading to an increase in TC frequency 
near Hawaii. The PDO index during the 2014 TC 
season was –0.7.

Interdecadal Pacif ic oscillation (IPO index). We calcu-
lated the IPO index following Folland et al. (1999, 
2002) and Power et al. (1999). The IPO index is the 
standardized 3rd principal component of the EOF 
for the 13-yr low-pass filtered global SST. The IPO 

manifests as a low-frequency El Niño-like pattern of 
climate variability, whose spatial pattern is similar 
to that of the global warming hiatus seen in recent 
decades as (England et al. 2014). We defined a positive 
(negative) phase of the IPO as years in which the IPO 
index falls below one (minus one) standard deviation.

Supplemental Fig. S23.4 shows the observed IPO 
index as well as the regression of SST and TC density 
onto the IPO index. When the IPO index is positive, 
the subtropical eastern Pacific (north Pacific) is 
warmer (cooler) than normal, which is similar to the 
PDO (Supplemental Fig. S23.3). Moreover, TC density 
increases in the eastern Pacific when the IPO index 
is positive, leading to an increase in TC frequency 
near Hawaii. The IPO index during the 2014 TC 
season was –2.0.

Atlantic multidecadal oscillation (AMO index). We cal-
culated the AMO index following Deser et al. (2010). 
The AMO index is defined as the area-average SST 
anomaly over the North Atlantic (0°–70°N, 90°W–0°) 
minus the global mean SST anomaly. The AMO index 
was standardized after calculating the anomalies. 

To focus on the decadal variation 
of the AMO, we used a 10-yr low-
pass filtered index throughout this 
study. We defined a positive (nega-
tive) phase of the AMO as years in 
which the AMO index falls below 
one (minus one) standard devia-
tion.

Supplemental Fig. S23.5 shows 
the observed AMO index as well as 
the regression of SST and TC den-
sity onto the AMO index. When the 
AMO index is positive, the North 
Atlantic is warmer than normal. 
Unlike other indices, TC den-
sity decreases in the eastern Pacific 
when the AMO index is positive, 
indicating that TC frequency near 
Hawaii should increase when the 
AMO index is negative. The AMO 
index during the 2014 TC season 
was +0.7.

Fig. S23.3. As in Fig. S23.2, but for the PDO index.
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Fig. S23.4. As in Fig. S23.2, but for the IPO index.
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Fig. S23.5. As in Fig. S23.2, but for the AMO index.
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S24. ANOMALOUS TROPICAL CYCLONE 
ACTIVITY IN THE WESTERN NORTH PACIFIC 

IN AUGUST 2014

Lei Yang, Xin Wang, Ke Huang, and Dongxiao Wang

This document is a supplement to “Anomalous 
tropical cyclone activity in the western North Pacific 
in August 2014,” by Lei Yang, Xin Wang, Ke Huang, 
and Dongxiao Wang (Bull. Amer. Meteor. Soc., 96 
(12), S120–S125) • DOI: 10.1175/BAMS-D-15-00125.1

Fig. S24.1. (a) July TC genesis location in July during 1949–2014 (red dots 
indicate those formed in 2014, black dots represent other years). Filled 
dots represent the genesis location of super typhoons. (b) Time series of 
TC frequency in the WNP during July 1949–2014. 
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Fig. S24.2. (a) Monthly rain rate anomaly (mm month-1) in August 2014 derived 
from CMAP. (b) Convective precipitation anomaly (mm month-1) in August 2014 
derived from TRMM. Rectangle area highlights the low rainfall during August 
of 2014 due to low tropical cyclone activity. 

Fig. S24.3. Time series of 12-month moving average of PDO index.
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Fig. S24.4. Vertical windshear of horizontal wind anomaly (m s-1) in August 2014: 
(a) U-component. (b) V-component.

Fig. S24.5. 850-hPa wind anomaly (m s-1) in August of (a) 1988 and (b) 1998.
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Fig. S24.6. Time evolution of SST anomaly (°C) for TIO (green line) and WNP (pink line) 
for (a) 1997–98 and (b) 2013–14. (c) Evolution of SLP anomaly (hPa) for WNP: 1997–98 (blue 
line), 2013–14 (red line).
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Fig. S24.7. Time evolution of 20–100-day filtered OLR (W m-2) and 850-hPa wind (m s-1) during July and 
August of 2014. Convection associated with the ISO is based on the interpolated OLR from NOAA, 
which is daily data on a 2.5° × 2.5° grid from 1979 to 2014 (Liebmann and Smith 1996).
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Fig. S24.8. Scatter plot between TC numbers and filtered 850-hPa wind anomaly (m s-1) in (left) area 
A, (center) area B, and (right) OLR anomaly (W m-2) for WNP for (upper row) positive PDO phase 
1977–99 and (lower row) negative PDO phase 1950–76. Note that positive trend in the plot in the right 
column represents a further negative OLR value and means increasing convection inhibition.

Fig. S24.9. 850-hPa wind (U-component) anomaly (m s-1) by historical run (GFDL-CM2p1).
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S27. EXTREME RAINFALL IN EARLY JULY 2014 IN 
NORTHLAND NEW ZEALAND—WAS THERE 

AN ANTHROPOGENIC INFLUENCE?

Suzanne RoSieR, Sam dean, StepHen StuaRt, tRevoR caReY-SmitH, mitcHell t. blacK,  
and neil maSSeY

This document is a supplement to “Ex-
treme Rainfall in Early July 2014 in North-
land, New Zealand—Was There an Anthro-
pogenic Influence?,” by Suzanne Rosier, Sam 
Dean, Stephen Stuart, Trevor Carey-Smith, 
Mitchell T. Black, and Neil Massey (Bull. 
Amer. Meteor. Soc., 96 (12), S136–S140)  
• DOI:10.1175/BAMS-D-15-00105.1

This study investigates whether there was an 
anthropogenic influence on the extreme five-
day rainfall observed in Northland, New Zea-
land, in early July 2014. The study is limited 
to an investigation of possible anthropogenic 
influence only on July rainfall amounts of 
the order of those observed. It does not make 
any definitive statement about anthropogenic 
influence on the drivers of such extreme rain-
fall, although this is the subject of ongoing 
research using the same datasets.

Important in the delivery of the observed 
extreme rainfall was the combination of the 
synoptic situation and the availability of 
extremely moist air of subtropical origin in a 
long incursion from the northeast. Given that 
other extreme rainfall events in New Zealand 
appear to have involved such ‘atmospheric 
rivers’ making landfall, it seems reasonable 
to speculate that such a mechanism was also 
at work here.

Figure S27.1 illustrates the synoptic situ-
ation throughout the event by showing the 
five-day mean (8–12 July 2014) total column 
water and 850-hPa geopotential height in the 
region from NZLAM (New Zealand Limited 

Fig. S27.1. Total column water (mm; color) and 850-hPa geo-
potential height (m; contours, 25-m interval) averaged over 
five days from 8 to 12 July 2014 from NZLAM, a 12-km data-
assimilating implementation of the Met Office Unified Model. 
Total column water was calculated by taking the vertical inte-
gral of specific humidity. 

71DECEMBER 2015AMERICAN METEOROLOGICAL SOCIETY |



Area Model), a 12-km data-assimilating implemen-
tation of the Met Office Unified Model. Clearly vis-
ible is the incursion of very moist air (values up to 
approximately 25 mm) from subtropical regions to 
the northeast of New Zealand, and the northeasterly 
flow that helped transport large amounts of moisture 
to Northland. Column moisture amounts such as 
these in an incursion on the order of a few hundred 
kilometers in width are broadly comparable to the 
‘atmospheric rivers’ discussed by Ralph et al. (2004) in 
the eastern North Pacific region. The corresponding 
one-day fields throughout this event (not shown), in 
particular for 8 July, the first day of the event, reveal 
these ‘atmospheric rivers’ even more clearly, with even 
wetter air being entrained from the northeast in even 
narrower plumes.

The fact that this study finds a likely anthropo-
genic influence on July rainfall amounts such as dur-
ing this event (albeit of rather uncertain magnitude) 
appears consistent with theory and observations of a 
warmer climate holding more moisture in the atmo-
sphere. It is possible that atmospheric rivers might be 
both more ubiquitous and more moist in the environs 
of New Zealand under scenarios of anthropogenically 
altered climate. It is also possible that the circulation 
in the region might be stronger, although, in relation 
to extreme rainfall, this could well be of secondary 
importance to the exact direction of flow forcing the 
moist air to make landfall in New Zealand.

Further research with the datasets of this study 
aims to elucidate the role of anthropogenic influ-
ence on the drivers of extreme precipitation events 

such as these. Crucial to this is the establish-
ment of the weather@home model’s ability 
to reproduce similar synoptic structures in 
pressure and moisture fields to those observed. 
We examined the 14 wettest members of the 
2014 ‘ALL’ ensemble, these being all those 
above the 150-mm precipitation threshold 
that corresponds to the bias-corrected July 
2014 event. These simulations (as diagnosed 
in surface pressure) fell in equal proportion 
into two distinct camps, one of which bears 
particularly close resemblance to the observed 
event (the other being a low pressure system 
situated directly over Northland). Composite 
maps of precipitation and surface pressure 
from the seven model simulations matching 
the July 2014 event are shown in Fig. S27.2. The 
weather@home model appears to be capable of 
capturing the combination of strong north-
easterly flow over Northland and very moist 
air to the northeast (in this case as revealed in 
the precipitation field).

Since New Zealand is subject to strong 
maritime inf luence, its climate will most 
likely be sensitive to different SST patterns. 
In the weather@home ‘natural forcings only’ 
(NAT) experiments, ‘natural’ SSTs were esti-
mated using observations together with model 
SST pattern differences (‘Historical’ minus 
‘HistoricalNat’) from a number of different 
GCMs. We deemed it appropriate to remove 
three ‘NAT’ subsets from the 2013 results ac-
cording to our beliefs in their dependability; 
we did not remove any from the 2014 results. 
The analysis reported here was performed on 
each individual subset of NAT runs, subsetted 
according to the model pattern of SST dif-

Fig. S27.2. Precipitation total (mm; color) and mean sea level 
pressure (hPa; contours, 2-hPa interval) from the weather@
home ANZ model over a five-day period in July. Fields are a 
composite of seven of the fourteen wettest members of the 
2014 ‘all forcings’ (ALL) ensemble, where the period included 
in each case is the wettest consecutive five days in that en-
semble member.
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ference used. This was done for both the 2013 and 
2014 results. While inevitably there are differences 
among the different ‘NAT’ subsets which continue to 
be investigated, the basic result found here appears 
to be robust. In this study, therefore, the figures ag-
gregating all ‘NAT’ subsets (Fig. 27.2 of the main 
text) represent a good way of compressing the very 
large amount of data analysed; a further benefit is 
the better estimation of the long return period tail 
of the distribution provided by the larger aggregate 
ensemble as against the smaller individual ‘NAT’ 
subset ensembles.
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S28. INCREASED LIKELIHOOD OF BRISBANE, 
AUSTRALIA, G20 HEAT EVENT DUE TO 
ANTHROPOGENIC CLIMATE CHANGE 

andReW d. King, mitcHell t. blacK, david J. KaRolY, and maRKuS g. donat

This document is a supplement to “Increased Like-
lihood of Brisbane, Australia, G20 Heat Event Due 
to Anthropogenic Climate Change,” by Andrew D. 
King, Mitchell T. Black, David J. Karoly, and Markus 
G. Donat (Bull. Amer. Meteor. Soc., 96 (12), S141–S144)  
• DOI:10.1175/BAMS-D-15-00098.1

The weather@home natural and all forcings simula-
tions over the Brisbane gridbox have more spread 
than the 1911–40 AWAP gridbox observations (main 
text Fig. 28.1). The lower spread in the AWAP observa-
tions, which are calculated using available station data 
in the vicinity of the gridbox (see Jones et al. 2009 for 
details), is partially caused by the influence of more 
coastal station observations moderating the tempera-
tures in the AWAP gridbox. When a station slightly 
further inland (Amberley), although still in the same 
weather@home gridbox, is plotted with the weather@
home simulations, there is better agreement in the 
spread of the distributions (Fig. S28.1). This confirms 
that the weather@home model is simulating realistic 
distributions of daily maximum temperatures over 
the Brisbane area.

Unfortunately the Amberley station observations 
only begin in 1941 so no direct comparison with the 
natural-forcings ensemble is possible. 

Amberley was hotter than Brisbane and the AWAP 
gridbox temperature values over 14–16 November 
with maximum temperatures of 35.8°C, 43°C, and 
41.7°C. Therefore, higher thresholds for the FAR cal-
culations could have been used. The use of 34°C and 
38°C FAR thresholds was tested in the paper, however, 
and the differences in the results were not very large.
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Fig. S28.1. Probability density functions of November 
maximum temperatures for Amberley station (27.6°S, 
152.7°E,) near Brisbane for the 1985–2014 period 
(black), and the weather@home model run for 2014 
with natural forcings only (blue) and all forcings (red). 
The weather@home distributions have not been bias 
corrected in this figure. The mean and standard devi-
ations of each distribution are shown.
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S29. THE CONTRIBUTION OF 
ANTHROPOGENIC FORCING TO THE 

ADELAIDE AND MELBOURNE, AUSTRALIA 
HEATWAVES OF JANUARY 2014

mitcHell t. blacK, david J. KaRolY, and andReW d. King

Table S29.1. CMIP5 models used for estimating 
patterns of SST warming due to anthropogenic 
emissions. The average increase in January SST from 
the "natural" to "all forcing" scenarios is also identified 
for both the global domain and the Australian region 
(10°–45°S, 110°–160°E).

Model Ensemble members
Increase in SST 

(°C)

Global AUS

CCSM4
r1i1p1, r2i1p1, r4i1p1, 

r6i1p1
0.84 0.95

CNRM-
CM5

r1i1p1, r2i1p1, r3i1p1, 
r4i1p1, r5i1p1, r8i1p1

0.49 0.62

CanESM2
r1i1p1, r2i1p1, r3i1p1, 

r4i1p1, r5i1p1
0.69 0.85

GFDL-CM3 r1i1p1, r3i1p1, r5i1p1 0.20 0.36

GISS-E2-H
r1i1p1, r2i1p1, r3i1p1, 

r4i1p1, r5i1p1
0.55 0.54

GISS-E2-R
r1i1p1, r2i1p1, r3i1p1, 

r4i1p1, r5i1p1
0.42 0.59

HadGEM2-
ES

r1i1p1, r2i1p1, r3i1p1, 
r4i1p1

0.34 0.33

IPSL-
CM5A-LR

r1i1p1, r2i1p1, r3i1p1 0.81 0.90

IPSL-
CM5A-MR

r1i1p1, r2i1p1, r3i1p1 0.75 1.05

MIROC-
ESM

r1i1p1, r2i1p1, r3i1p1 0.45 0.53

This document is a supplement to “The Contribu-
tion of Anthropogenic Forcing to the Adelaide and 
Melbourne, Australia Heatwaves of January 2014,” 
by Mitchell T. Black, David J. Karoly, and Andrew D. 
King (Bull. Amer. Meteor. Soc., 96 (12), S145–S148)  
• DOI:10.1175/BAMS-D-15-00097.1

1 “Natural” climate scenarios
This study constructs ten possible represen-
tations of hypothetical “natural” climates 
without the effect of human influences. To 
achieve this, estimates of the anthropogenic 
changes in the sea surface temperatures 
(SSTs) are subtracted from the prescribed 
observations. Patterns of SST warming 
due to anthropogenic emissions are de-
rived from ten available Coupled Model 
Intercomparison Project Phase 5 (CMIP5) 
models (Taylor et al. 2012) by subtracting 
the decadal-average (1996–2005) SSTs of 
“natural” simulations from the correspond-
ing “all forcing” simulations. The models 
and ensemble members used for this pro-
cess are outlined in Table S29.1 while spatial 
patterns for the estimates of anthropogenic 
changes in January sea surface tempera-
tures are shown in Fig. S29.1. 

Single grid-box daily temperatures for 
Adelaide and Melbourne are shown in Fig. 
S29.2 for each of the “natural” climate sce-
narios. At each location the distributions 
are very similar, but offset with slightly 
different mean values. 
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Fig. S29.1. Estimated January sea surface temperature response pattern (°C) to anthropogenic forcing.

Fig. S29.2. Distributions of January daily maximum temperatures for (a) Adelaide and (b) Melbourne 
as represented by the ten “natural” climate scenarios.
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Table S29.3. Frequency of January heat events (expressed as events per model 
simulation) identified at Melbourne within the different climate model ensembles. 
The temperature threshold used here to define Melbourne heat events was 41°C.

Ensemble
Duration of heat event

1-day 2-day 3-day 4-day

All Forcing 0.428 0.076 0.021 0.006

Aggregated Natural 0.324 0.054 0.012 0.003

Natural: CanESM2 0.285 0.049 0.011 0.003

Natural: CCSM4 0.241 0.038 0.014 0.002

Natural: CNRM-CM5 0.337 0.052 0.009 0.005

Natural: GFDL-CM3 0.424 0.075 0.024 0.009

Natural: GISS-E2-H 0.379 0.063 0.012 0.003

Natural: GISS-E2-R 0.318 0.054 0.013 0.004

Natural: HadGEM2-ES 0.324 0.048 0.006 0.002

Natural: IPSL-CM5A-LR 0.229 0.030 0.009 0.001

Natural: IPSL-CM5A-MR 0.239 0.036 0.008 0.000

Natural: MIROC-ESM 0.470 0.094 0.015 0.004

2 Frequency of heatwaves in model scenarios

Table S29.2. Frequency of January heat events (expressed as events per model 
simulation) identified at Adelaide within the different climate model ensembles. 
The temperature threshold used here to define Adelaide heat events was 42°C.

Ensemble
Duration of heat event

1-day 2-day 3-day 4-day 5-day

All Forcing 0.535 0.131 0.046 0.018 0.008

Natural (aggregated) 0.289 0.059 0.020 0.007 0.003

Natural: CanESM2 0.271 0.059 0.018 0.008 0.001

Natural: CCSM4 0.218 0.043 0.019 0.007 0.002

Natural: CNRM-CM5 0.260 0.047 0.012 0.005 0.003

Natural: GFDL-CM3 0.328 0.062 0.026 0.011 0.005

Natural: GISS-E2-H 0.316 0.063 0.024 0.009 0.005

Natural: GISS-E2-R 0.265 0.055 0.017 0.008 0.002

Natural: HadGEM2-ES 0.350 0.075 0.027 0.009 0.007

Natural: IPSL-CM5A-LR 0.258 0.053 0.015 0.006 0.001

Natural: IPSL-CM5A-MR 0.175 0.031 0.006 0.001 0.001

Natural: MIROC-ESM 0.451 0.100 0.033 0.008 0.001
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3 Testing the temperature threshold used for 
defining heatwaves

In order to test the sensitivity of the results we reduce 
the temperature thresholds used to define heatwaves 
to be 40°C for Adelaide and 39°C for Melbourne. The 
resulting FAR values are presented in Fig. S29.3. The 
best estimate FAR values are slightly smaller for these 
lower temperature thresholds when compared against 
the original thresholds (see Fig. 29.2 in main text).
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Fig. S29.3. Fraction of attributable risk (FAR) calculated for Adelaide (blue) and 
Melbourne (black) heatwaves of different durations. The temperature threshold used 
here to define heatwaves was 40°C for Adelaide and 39°C for Melbourne.
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S31. INCREASED RISK OF THE 2014 
AUSTRALIAN MAY HEATWAVE DUE TO 

ANTHROPOGENIC ACTIVITY

SaRaH e. peRKinS and peteR b. gibSon

This document is a supplement to “Increased 
Risk of the 2014 Australian May Heatwave Due to 
Anthropogenic Activity,” by Sarah E. Perkins and 
Peter B. Gibson (Bull. Amer. Meteor. Soc., 96 (12), 
S154–S157) • DOI:10.1175/BAMS-D-15-00074.1 

An evaluation on the ability of the Community 
Earth System Model (CESM) model to simulate 
heatwave-relevant synoptic patterns over Australia 
was performed. The method of self-organizing maps 
was used (Kohonen 2001), which has been shown to 
be a powerful tool for evaluating model simulated 
synoptic variability in other studies (Cassano et al. 
2006; Uotila et al. 2007; Gibson et al. 2015, manuscript 
submitted to Climate Dyn.). Each historical realiza-
tion of the CESM ensemble was compared to ERA-
interim over 1979–2004 in terms of the frequency of 
each synoptic pattern (node). A total of 20 nodes were 
computed, as shown in Fig. S31.1. Many of the nodes 
resemble the development of the observed synoptic 
system associated with the 19-day 2014 May heatwave 
(see Fig. S31.2 for snapshots of the observed system). 
In particular, node c4 was most relevant to the event 
occurring for 8 of the heatwave days, including 6 
consecutive days (Fig. S31.2). Other similar nodes, 
also characterized by anticyclonic conditions over the 
Tasman Sea, occurred during the heat wave including 
nodes b4, c3, d3, d4. 

Overall, all realizations of CESM produced similar 
frequencies of each self-organizing map (SOM) node.  
Encouragingly, the frequency of node c4 (that most 
relevant to the heatwave in this study) in CESM was 
very similar to that of ERA-interim, while some of the 
other less relevant nodes were either slightly under-
estimated (nodes c3, d3, d4) or overestimated (b4) by 

the model (Fig. S31.3). The biggest deficiency in the 
model is its tendency to overstimulate the frequency 
of zonally elongated patterns (i.e., nodes a2 and b2), 
however, this is less of a concern as these patterns are 
not relevant to the heat event.

Fig. S31.1. The 20 SOM nodes used to evaluate CESM 
over 1979–2004 (hPa), calculated from ERA-interim.
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In comparison to the CMIP5 ensemble, CESM is 
well within the mid-range ranks in the top half of a 
combined 24-model ensemble (see Table S31.1), in 
terms of SOM node frequency, thus holding compa-
rable (or better) skill in simulating synoptic systems 
over Australia to multiple other state-of-the-art global 
climate models.

A sensitivity analysis was also conducted on 
the relationship between the magnitude of a May 
heatwave, and the length that the heatwaves lasted. 
May heatwaves in the CESM ensemble lasting from 
14–21 days with continentally-averaged anomalies 

Fig. S31.2. Daily mean sea level pressure (hPa) from ERA-Interim 
over 12–17 May 2014.

Fig. S31.3. Contour plots of node frequency for ERA-Interim and CESM 
(r10i1pi) over the period 1979–2004. Specific nodes refer to those shown 
in Fig. S31.1.

from 2°–2.5°C for the period 1955–2014 
were analyzed using the FAR procedure 
as described in the main text. The 10th 
percentile of the FAR values from 10 000 
bootstrapped samples and the associated 
risk value are presented in Table S31.2. 
For all events considered in this sensitiv-
ity analysis, there is a clear attributable 
signal in the increase of their likelihood 
between 5 to 18 times.

FAR and associated risk values in-
crease along with the magnitude and 
length of the May heatwave. This is in 
line with previous literature that finds 
shorter-term and more intense events 
have higher variability (Fischer and 
Knutti 2015). In terms of temperature 
extremes however, there is a clear intra-
model relationship between short-term 
less intense events and longer-term more 
intense events, in that the attributable 
signal from one type of event can be in-
ferred from another (Angélil et al. 2014). 
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Table S31.2. The 10th percentile FAR and risk values (in parentheses) 
of May heatwaves with anomalies of 2°–2.5°C and lengths of 14–21 days 
from 10 000 bootstrapped samples, as described in the main text.

2°C 2.1°C 2.2°C 2.3°C 2.4°C 2.5°C

14 days
0.81 

(5.17)
0.82 

(5.42)
0.83 

(5.92)
0.83 

(5.95)
0.85 

(6.49)
0.85 
(6.81)

15 days
0.82 

(5.53)
0.83 

(5.77)
0.83 

(6.05)
0.85 

(6.49)
0.85 

(6.87)
0.86 

(7.23)

16 days
0.83 

(5.84)
0.83 

(5.95)
0.85 

(6.47)
0.86 
(7.16)

0.86 
(7.39)

0.87 
(7.95)

17 days
0.84 
(6.17)

0.84 
(6.32)

0.86 
(6.97)

0.87 
(7.52)

0.87 
(7.97)

0.88 
(8.69)

18 days
0.85 
(6.51)

0.86 
(6.91)

0.86 
(7.26)

0.88 
(8.12)

0.88 
(8.58)

0.90 
(9.86)

19 days
0.86 

(6.99)
0.86 

(7.39)
0.88 

(8.07)
0.88 

(8.59)
0.90 

(9.99)
0.91 

(11.53)

20 days
0.86 

(7.27)
0.87 

(7.98)
0.88 

(8.58)
0.91 

(10.67)
0.91 

(11.31)
0.93 

(14.59)

21 days
0.87 
(7.96)

0.88 
(8.61)

0.91 
(10.54)

0.92 
(12.11)

0.93 
(14.54)

0.94 
(17.85)

Model
Correlation of node 

frequency with 
ERA-INT

CNRM-CM5 0.94

ACCESS1-0 0.86

MRI-CGCM3 0.82

CCSM4 0.81

CanESM2 0.79

MIROC5 0.79

ACCESS1-3 0.75

GFDL-ESM2M 0.74

bcc-csm1-1-m 0.68

CESM ( ensemble max) 0.66

NorESM1-M 0.66

CESM1-CAM5 0.65

HadGEM2-ES 0.65

GFDL-ESM2G 0.64

Model
Correlation of node 

frequency with 
ERA-INT

CESM (ensemble mean) 0.63

CESM ( ensemble min) 0.59

BNU-ESM 0.51

MPI-ESM-LR 0.47

bcc-csm1-1 0.39

FGOALS-g2 0.36

MPI-ESM-MR 0.3

GFDL-CM3 0.28

MIROC-ESM-CHEM 0.21

CSIRO-Mk3-6-0 0.19

MIROC-ESM 0.18

IPSL-CM5A-MR 0.13

IPSL-CM5A-LR 0.1

Table S31.1. Overall frequency correlations of the CMIP5 ensemble respective to 
ERA-interim for 1979–2004. The CESM model ensemble max, min, and mean are also 
highlighted. The CESM ensemble max is the r10i1p1 run shown in Fig. S31.3.
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S32. ATTRIBUTION OF EXCEPTIONAL MEAN 
SEA LEVEL PRESSURE ANOMALIES SOUTH OF 

AUSTRALIA IN AUGUST 2014

micHael R. gRoSe, mitcHell blacK, JameS RiSbeY, and, david J. KaRolY

Fig. S32.1. Difference in the 90th percentile MSLP of ‘all forcings’ and ‘natural (MMM)’ simulations.

This document is a supplement to “Attribution 
of Exceptional Mean Sea Level Pressure Anomalies 
South of Australia in August 2014,” by Michael R. 
Grose, Mitchell Black, James Risbey, and David J. 
Karoly (Bull. Amer. Meteor. Soc., 96 (12), S158–S162)  
• DOI:10.1175/BAMS-D-15-00116.1
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Fig. S32.2. Difference in August MSLP (hPa) between ‘all forcing’ and ‘natural’ simulations using the 
SST signal from individual CMIP5 models, as marked (analysis box shown in green),
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S33. THE 2014 HIGH RECORD OF ANTARCTIC 
SEA ICE EXTENT

F. Massonnet, V. GueMas, n. s. Fučkar, and F. J. doblas-reyes

This document is a supplement to “The 
2014 High Record of Antarctic Sea Ice Ex-
tent,” by F. Massonnet, V. Guemas, N. S. 
Fučkar, and F. J. Doblas-Reyes (Bull. Amer. 
Meteor. Soc., 96 (12), S163–S167) • DOI:10.1175 
/BAMS-D-15-00093.1

Sea ice model and sea ice init ial 
conditions

The Louvain-la-Neuve sea ice model (LIM3) 
is a dynamic–thermodynamic model widely 
used for climate studies. The model has been 
run in a one-category configuration. The sea 
ice reconstruction used for initializing the 
hindcasts was created following the meth-
odology described and validated extensively 
in Guemas et al. (2013), that is, running the 
ocean–sea ice model with nudging of oceanic tem-
perature and salinities towards the ORAS4 reanaly-
ses, the whole system being forced by ERA-Interim 
reanalyses as described in the text.

Response of the model to atmospheric forcing
The present study covers the case of 2014, with vali-
dation of the seasonal runs over the past decade. A 
comprehensive study of the respective roles of initial 
conditions and atmospheric forcing on the skill of the 
model during the whole modern satellite era could 
be interesting to identify the sources of model per-
formance, but this is the subject of a different study. 
Still, earlier results of the model forced by the Drak-
kar Forcing Set 4 (Brodeau et al. 2010) are displayed 
in Fig. S33.1. This forcing dataset is based on ERA40 
and therefore shares similarities with the one used 
in our study. Sea ice extent variability is reproduced 

with a satisfactory degree of realism (positive trend 
and interannual variations). For comparison, the 
same model forced by the NCEP/NCAR reanalyses 
simulates variability that is more questionable in the 
Southern Ocean (Massonnet et al. 2011).

Treatment of uncertainty
Figure 33.2 of the main text displays error bars that 
represent two main sources of uncertainty in seasonal 
sea ice hindcasts: uncertainty related to initial condi-
tions and uncertainty related to the atmospheric con-
ditions. Uncertainty related to resolution and model 
physics/parameterizations was not investigated, since 
we aim in this study at examining the role of initial 
conditions and atmospheric forcing only on the 2014 
maximum.

Fig. S33.1. Antarctic sea ice area anomalies (raw time series 
minus seasonal cycle) in observations (Comiso and Nishio 2008) 
and in the uninitialized ORCA1-LIM3 model, driven by the 
DFS4 (Brodeau et al. 2010) ERA-based atmospheric forcing.
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a. Uncertainty in initial conditions

For each seasonal hindcast between 2005 and 2014, 
five members (labelled 1, 2, … 5 hereafter) are ini-
tialized from five distinct pairs of ocean and sea ice 
initial conditions. The oceanic initial conditions are 
those from the five members of the NEMOVAR-
ORAS4 oceanic reanalysis while the sea ice initial 
conditions are those from the five members of the 
sea ice reconstruction described above.

b. Uncertainty in atmospheric forcing
Atmospheric reanalyses used to drive ocean–sea ice 
models can be subject to large errors or systematic 
biases in the polar regions. To account for possible 
errors in the atmospheric forcing that drives the 
ocean–sea ice model, we perturb the 10-m u- and 
v- components of the ERA-Interim wind as follows:

The wind forcing for month m of year y for mem-
ber 1 is the ERA-Interim wind field itself:

  u1(m, y) = uERA−Interim(m, y)   (m = 3,…9; y = 2005,…2014)

The wind forcings for members 2 to 5 are obtained 
as the ERA-Interim wind plus a perturbation:

ui(m, y) = uERA-Interim(m, y)+(uDFS4(
~m,~ y) − uERA−Interim(~m,~ y))

where i = 2, …5; y =2005, …2014; ~m is a random 
month between March and September, and ~ y is a 
random year between 1979 and 2006. The perturba-
tion is constructed as the difference between another 
reanalysis product (Drakkar Forcing Set 4/DFS4; 
Brodeau et al. 2010) and ERA-Interim for a random 
year between 1979 and 2006.
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Fig. S33.2. Correlation of observed (Eastwood 
et al. 2014) and simulated (CTRL run, mean of 
five members) September sea ice concentration 
over 2005–14.

Fig. S33.3. Mean sea level pressure anomalies for 
winter (JAS) 2014 relative to 1979–2013, from the 
ERA-Interim reanalyses. Overlaid are the JAS 
2014 10-m wind anomalies from ERA-Interim 
relative to 1979–2013.
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