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Front: ©Photo by Joe Raedle/Getty Images—A vehicle drives through flooded streets The flood was 
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the rising sea levels due to climate change. (on September 30, 2015, in Fort Lauderdale, Florida) South 
Florida is projected to continue to feel the effects of climate change, and many of the cities have begun 

programs such as installing pumps or building up sea walls to combat the rising oceans.
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S2. MULTIMODEL ASSESSMENT OF 
ANTHROPOGENIC INFLUENCE ON RECORD 

WARMTH DURING 2015

 Jonghun Kam, Thomas R. KnuTson, FanRong Zeng, and andRew T. wiTTenbeRg

This document is a supplement to “Multimodel 
Assessment of Anthropogenic Influence on Record 
Warmth During 2015” by Jonghun Kam, Thomas R. 
Knutson, Fanrong Zeng, and Andrew T. Wittenberg 
(Bull. Amer. Meteor. Soc., 97 (12), S4–S8) • ©2016 
American Meteorological Society • DOI:10.1175 
/BAMS-D-16-0138.2

1. Uncertainties in observational data for the 
Niño-4 region. 

The surface temperature anomalies for the Niño-
4 region are widely available since the 1950s from 
the HadCRUT4v3, considering time periods with at 
least 33% regional coverage (Fig. S2.1a). To extend 
our study period, we use two gridded sea surface 
temperature datasets, the ERSSTv4 and HadIS-
STv1.1, which are SST reconstructions back to 1856 
and 1861, respectively. These datasets are generated 
using statistical methods and ocean models to fill 
missing observational data, particularly before the 
1950s, which still includes critical uncertainties for 
the Niño-4 region.

2. Histogram of the control run decadal 
variances from the 23 CMIP5 models with 
observed decadal variances. 

For the Niño-4 region, we construct the histo-
gram of the control run decadal variances from 
the 8 GCMs (bcc-csm1-1, CanESM2, CNRM-CM5, 
CSIRO-Mk-3-6-0, HadGEM2-ES, IPSL-CM5A-LR, 
IPSL-CM5A-MR, and NorESM1-M) in main text. 
Here, we use 23 CMIP5 models for the histogram and 
compute the observed decadal variances from three 
different surface temperature datasets (Fig. S2.1b). 
For the observed decadal variances, the series are 

pre-filtered by subtracting the CMIP5-ALL ensemble 
mean anomalies from the observed anomalies. The 
range of the control run decadal variances is from 
0.016° through 0.078°C2. The decadal variances of 
the observed residuals derived from the ERSSTv4, 
HadCRUT4v3, and HadISSTv1.1 are 0.032°, 0.037°, 

Fig. S2.1. (a) Annual time series (°C) of the Niño-4 re-
gion from the HadCRUT4v3 (black thick line), ERSSTv4 
(red line), HadISSTv1.1 (blue line) datasets. Gray bars 
represent annual time series of fractional area with 
available data over the Niño-4 region. (b) Histogram 
of the control run decadal variances (°C2) from the 
23 CMIP5 climate models. The dotted lines depict the 
observed decadal variances from the HadCRUT4v4 
(black), ERSSTv4 (red), and HadISSTv1.1 (blue).
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Fig. S2.2. Histograms of the control run decadal variances (°C2) from the 8 CMIP5 climate 
models. The dotted lines depict the observed decadal variances from HadCRUT4v4 (black) 
and NOAA NCDC (red in (a)).

Fig. S2.3. Annual time series of the number of months with available observed data in Sep–Nov 2015 
over Southern India/Sri Lanka from (a) CRUTEMP, (b) HadSST. (c) Annual time series of the total 
numbers of grid cells with all three monthly available observations over Southern India/Sri Lanka.
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and 0.054°C2, respectively, which were overestimated 
by roughly half of the models. The decadal variances 
of the observed residuals and the control run decadal 
variances from the eight GCMs over the globe and 
Southern India/Sri Lanka are represented in Fig. S2.2.

3. Uncertainties in observed temperatures 
over Southern India/Sri Lanka. 

To address the HadCRUT4v4 temperature data 
uncertainties over Southern India/Sri Lanka, we plot-
ted the number of months with available observed 
data in 2015 (September–November; the maximum 
number is 3) over Southern India/Sri Lanka from 
the CRUTEMP4.4.0 and HadSST3.1.1. datasets (Fig. 
S2.3). Also, we plotted the annual time series of the 
total numbers of grid cells with all three monthly 
available observations over the study region from 
CRUTEMP4.4.0 (maximum number of grid cells: 7) 
and from HadCRUT3.1.1 (maximum number of grid 
cells: 5), respectively. 

4. Commentary on the FAR estimates for 
global mean temperature anomalies

The FAR estimates for global mean temperature, 
as shown in main text Fig. 2.2d, have been made using 
some conservative assumptions that reduce the FAR 
estimates relative to those obtained with more con-
ventional assumptions. The FAR estimates shown use 
a value for the observed global temperature anomaly 
threshold (2nd ranked in observed series) of 0.83°C, 
which is based on a commonly used method of com-
puting global averages—the mean of the  anomalies 
averaged over the Northern Hemisphere and the 
Southern Hemisphere, computed separately and with 
each hemispheric mean receiving equal weight. An 
alternative 2nd-ranked threshold value, obtained 
as the global average over all available regions, 
without equal weighting of Northern and Southern 
Hemispheres, is notably higher (1.02°C). The model 
data used for the FAR calculations in main text Fig. 
2.2d, from the historical and historical-Nat runs, is 

based on the latter calculation method, that is, using 
a global average over areas with observed cover-
age, and without equal weighting of Northern and 
Southern Hemispheres. Using the higher observed 
global mean threshold of 1.02°C, which is also more 
consistent with the modeled values, results in higher 
FAR estimates, with all eight individual models then 
having FAR estimates greater than 0.98. 

The single individual model with the relatively low 
global FAR estimate of 0.68 in main text Fig. 2.2(d) 
is the CNRM-CM model, for which we had only a 
single ensemble member available for the historical-
Nat scenario. [The eight GCMs that we analyzed, 
and their number of historical and historical-Nat 
ensemble members were: bcc-csm1-1 (3,1); CanESM2 
(5,5); CNRM-CM5 (1,1); CSIRO-Mk-3-6-0 (9,4); 
HadGEM2-ES (4,1); IPSL-CM5A-LR (6,3); IPSL-
CM5A-MR (3,3); and NorESM1-M (3,1).] Thus, the 
estimation of the underlying natural forced signal for 
2015 is quite uncertain for the CNRM-CM5 model, 
as we did not have several ensemble members, or 
climate models, to average over to reduce the internal 
variability noise. As it happens, the single historical-
Nat ensemble member from CNRM-CM5 has a high 
anomaly value for 2012 (highest in the entire record 
of the historical-Nat global time series), and this last 
available year (2012) was used as the natural forced 
signal estimate for 2015. It is highly likely that if a 
larger ensemble were available, the mean modeled 
anomaly for 2012 would be lower than the one we 
used, that is, a revised (lower) estimated forced 
historical-Nat signal for this model. This would again 
increase the FAR estimate for this outlier model 
compared to the 0.68 estimate shown in the figure. 
In short, the global mean FAR estimates in Fig. in 
main text 2.2d are very conservative in terms of as-
sumptions used, and particularly for the case of the 
outlier CNRM-CM model, are very likely substantial 
underestimates of the actual FAR derivable from 
these models. 
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S3. WHAT HISTORY TELLS US ABOUT 2015 U.S. 
DAILY RAINFALL EXTREMES

Klaus wolTeR, maRTin hoeRling, Jon K. eischeid, and linyin cheng 

This document is a supplement to “What History 
Tells Us About 2015 U.S. Daily Rainfall Extremes” 
by Klaus Wolter, Martin Hoerling, Jon K. Eischeid, 
and Linyin Cheng (Bull. Amer. Meteor. Soc., 97 (12), 
S9–S13) • ©2016 American Meteorological Society • 
DOI:10.1175/ BAMS-D-16-0166.2

The GEV distribution is f lexible for modeling 
different behavior of extremes with three distribu-
tion parameters: the location parameter (μ) specifies 
the center of the distribution, the scale parameter (σ) 
determines the size of deviations around the location 
parameter, and the shape parameter (ξ) governs the 
tail behavior of the GEV distribution. In order to 

quantify the uncertainty associated with the GEV 
parameters, a Bayesian-based Markov chain approach 
is integrated into the GEV distribution (Cheng et 
al. 2014). This approach combines the knowledge 
brought by a prior distribution and the observation 
vector x⃗   = (xt)t = 1 : N of N annual/seasonal maxima 
into the posterior distribution of parameters θ = (μ, 
σ, ξ). Assuming independence between observations, 
the Bayes theorem for estimation of GEV parameters 
can be expressed as:
 
   p(θ│x⃗   ) ∝ p(x⃗  │θ) p(θ)=∏

Nt

i  =1
p(xi|θ) p(θ)         (1)

 
 where p(θ│x⃗   ) is the posterior distribution which 

Fig. S3.1. (a) Annual precipitation trends (% decade-1) from 1901–2014 for all 987 stations 
with 100-yr+ records, circles filled in if linear trend is statistically significant; (b) Linear 
trend (% decade-1) of annual fraction of extremely wet days (R99p; Sillmann et al. 2013), 
for same stations and over same period.
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Fig. S3.2. (a) Time series of South Carolina (SC) annual 20-yr event counts (% of available stations in any 
given year) since 1901, with an average percentage of 9.1% for 1901–80 (solid red line) and a standard 
deviation (sigma) of 10.0% (stippled red line for upper limit); (b) SC seasonal Sep/Oct count of 20-yr 
events (percentages of available stations), with an average of 9.8% and a sigma of 12.6%; (c) similar to (a) 
for Texas/Louisiana (TXLA), with an average of 9.4% and a sigma of 4.9%; (d) similar to (b) for TXLA, 
with an average of 9.3% and a sigma of 6.9%. A red dot marks 2015 in all four time series, denoting a 
record count in (d), and a runner-up outcome in (c).

provides information on the distribution param-
eters (μ, σ, ξ). To estimate the parameters inferred 
by Bayes, the Differential Evolution Markov Chain 
(DE-MC) is integrated to generate a large number 
of realizations from the parameters’ posterior dis-
tributions. By combining DE-MC with Bayesian 
inference, the uncertainty bounds of estimated 
return levels based on the sampled parameters can 
be obtained simultaneously. The inferred distri-
bution parameters, that is, θ = (μ, σ, ξ) will then 
be used to estimate the return levels as follows: 

                                                                                ( 2 )  
where Ty is the T − year precipitation return level,  
T=1/(1-p) and p is the non-exceedance probability of 
occurrence.

REFERENCES
Cheng, L., A. AghaKouchak, E. Gilleland, and R. W. 

Katz, 2014: Non-stationary extreme value analysis in 
a changing climate. Climatic Change, 127, 353–369, 
doi:10.1007/s10584-014-1254-5.

Sillmann, J., V. V. Kharin, X. Zhang, F. W. Zwiers, and 
D. Bronaugh, 2013: Climate extreme indices in the 
CMIP5 multimodel ensemble: Part 1. Model evalua-
tion in the present climate. J. Geophys. Res. Atmos., 
118, 1716–1733, doi:10.1002/jgrd.50203.
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 −1)� ×  
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 + μ,      (𝜉 ≠ 0)
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ξ
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S4. AN ASSESSMENT OF THE ROLE OF 
ANTHROPOGENIC CLIMATE CHANGE  
IN THE ALASKA FIRE SEASON OF 2015

James l. PaRTain JR., shaRon alden, uma s. bhaTT, PeTeR a. bienieK, bRian R. bReTTschneideR, RicK 
ladeR, PeTeR Q. olsson, T. scoTT RuPP, heidi sTRadeR, RichaRd l. Thoman JR., John e. walsh, 

alison d. yoRK, and RobeRT h. Ziel 

This document is a supplement to “An Assessment 
of the Role of Anthropogenic Climate Change in the 
Alaska Fire Season of 2015” by James L. Partain Jr., 
Sharon Alden, Uma S. Bhatt, Peter A. Bieniek, Brian 
R. Brettschneider, Rick Lader, Peter Q. Olsson, T. 
Scott Rupp, Heidi Strader, Richard L. Thoman Jr., 
John E. Walsh, Alison D. York, and Robert H. Ziel 
(Bull. Amer. Meteor. Soc., 97 (12), S14–S18) • ©2016 
American Meteorological Society • DOI:10.1175/
BAMS-D-16-0149.2

Discrepancies between modeled and observed 
precipitation trends in Alaska  

There are at least two reasons for the apparent 
discrepancy in trends of Alaska precipitation derived 
from the model and observations. First, Alaska has 
only a sparse network of observing stations, preclud-
ing the construction of meaningful year–month 
gridded products such as PRISM. Nearly all the 
observing stations are in valleys or coastal locations, 
limiting their representativeness. The region of the 
2015 fires were centralized in the interior part of the 
state. Gauge measurements of snow are notorious 
for their undercatch, introducing large uncertain-
ties into the precipitation data that do exist.  Second, 
Alaskan climate variables show large multidecadal 
variations (Bieniek et al. 2014), which can contami-
nate trends over periods of several decades. Perhaps 
more importantly, pan-Arctic evaluations (AMAP 
2011; Kattsov and Walsh 2000) point to an increase of 
Arctic precipitation on the pan-Arctic scale, support-
ing the argument that an underlying positive trend 
of precipitation over Alaska may be obscured by the 
problems summarized above.
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S5. THE 2014/15 SNOWPACK DROUGHT 
IN WASHINGTON STATE AND ITS 

CLIMATE FORCING

boniFace o. Fosu, s.-y. simon wang, and Jin-ho yoon

This document is a supplement to “The 2014/15 
Snowpack Drought in Washington State and Its 
Climate Forcing” by Boniface O. Fosu, S.-Y. Simon 
Wang, and Jin-Ho Yoon (Bull. Amer. Meteor. Soc., 
97 (12), S19–S24) • ©2016 American Meteorological 
Society • DOI:10.1175/BAMS-D-16-0154.2

Table S5.1. Climate indices (obtained from www.esrl.noaa.gov/psd/data 
/climiteindices/list/) correlation with SCORR.

Climate Index Acronym Correlation

Artic Oscillation AO 0.181

Atlantic Multidecadal Oscillation AMO −0.473

Central Pacific Teleconnection Index CP 0.199

Central Tropical Pacific SST Niño-4 0.125

East Atlantic Teleconnection Index EA 0.347

East Pacific Teleconnection Index EP 0.013

Eastern Tropical Pacific SST Niño-3 0.138

East Central Tropical Pacific SST Niño-3+4 0.101

Extreme Eastern Tropical Pacific SST Niño-1+2 0.128

North Atlantic Oscillation NAO 0.405

North Pacific Oscillation NPO 0.119

North Pacific Index NPI −0.512

Pacific North American Index PNA 0.351

Pacific Meridonal Mode SST PMM 0.139

Pacific Decadal Oscillation PDO 0.532

Tropical/Northern Hemisphere TNH 0.161

Western Pacific Teleconnection Index WP 0.174
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Fig. S5.1. Correlation between Cascades temperature and global SST.

Fig. S5.2. (a) CESM1 LENS temperature (°C) 5-yr running mean applied to the ensemble average (red) 
for 30 ensemble members relative to 1950–2005, for both historical (1920–2005) and future RCP8.5 
(2006–80) runs. The two epochs have been adjoined. Gray shading represents the standard deviation 
(std) range of the individual ensemble values corresponding to each time step relative to the mean. 
Trend lines for corresponding epochs are superimposed in red. Observed temperature is superim-
posed in black. (b) As in (a) but for snow to precipitation ratio (S/P) estimated from monthly data of 
precipitation and temperature.
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S6. IN TIDE’S WAY: SOUTHEAST FLORIDA’S 
SEPTEMBER 2015 SUNNY-DAY FLOOD

william V. sweeT, melisa menendeZ, ayesha genZ, JayanTha obeyseKeRa, JosePh PaRK, 
and John J. maRRa 

This document is a supplement to “In Tide’s Way: 
Southeast Florida’s September 2015 Sunny-day Flood” 
by William V. Sweet, Melisa Menendez, Ayesha Genz, 
Jayantha Obeysekera, Joseph Park, and John J. Marra 
(Bull. Amer. Meteor. Soc., 97 (12), S25–S30) • ©2016 
American Meteorological Society • DOI:10.1175 
/BAMS-D-16-0117.2

Time-dependent probabilities are quantified 
using a generalized extreme value (GEV) distribu-
tion whose cumulative distribution for a level (z) is 
described by a location (μ), a scale (ψ), and a shape 
(ξ) parameter:

 

1.            F(z) = exp {−[1 + ξ(z − 
μ(t))]

−1

 }
where ξ ≠ 0 (per our results). We use a time-

dependent model following Mendez et al. (2007) and 
Menendez and Woodworth (2010) of monthly highest 
water levels to assess location–parameter changes in 
the statistical distribution that can occur, for instance, 
with the seasons, El Niño, or a long-term trend. The 
scale and shape parameters are time invariant. After 
testing the role of different physical factors, we in-
clude the following location parameter components 
(significant at 95% level) within the model: 

2.     μ(t) = β0+ μS(t) + μN(t) + βLT(t) + βFC(t)

• μS(t) = β0 + β1  cos(ωt) + β2 sin(ωt) +  
β3 cos(2ωt) + β4 sin(2ωt)

• μN(t) = βN1
 cos(ωNt) + βN2

 sin(ωNt)

where angular frequency, ω = 2π/Τ, period, T=1 
year, and ωΝ = 2π/ΤΝ with ΤΝ =  18.61 years. The GEV 
model parameters (μ, ψ, ξ) were estimated using 
the maximum likelihood method (Coles 2001). The 
subindex, S in equation 2, is for seasonal cycles (an-
nual and semi-annual periodicities), N is for nodal 
tide cycle, LT is for long-term trend, and FC is a co-
varying response to monthly minimum FC transport 
(www.aoml.noaa.gov/phod/f loridacurrent). From 
1994–2015, there were some gaps in FC transport with 
missing data reconstructed using random sampling 
from month-specific Gaussian kernel fits (Park and 
Sweet 2015). Each component response is independent 
and uncorrelated with the others. 

REFERENCES
Coles, S., 2001: An Introduction to Statistical Modeling 

of Extreme Values. Springer, 208 pp. 
Mendez, F. J., M. Menéndez, A. Luceno, and I. J. Losada, 

2007: Analyzing monthly extreme sea levels with a 
time-dependent GEV model. J. Atmos. Oceanic Tech., 
24, 894–911, doi:10.1175/JTECH2009.1.

Menéndez, M., and P. L. Woodworth, 2010: Changes in 
extreme high water levels based on a quasi-global 
tide-gauge data set. J. Geophys. Res., 115, C10011, 
doi:10.1175/2011JCLI3932.1.

Park, J., and W. Sweet, 2015: Accelerated sea level 
rise and Florida current transport. Ocean Sci. 11, 
607–615, doi:10.5194/os-11-607-2015.
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S8. THE ROLE OF ARCTIC SEA ICE AND SEA 
SURFACE TEMPERATURES ON THE COLD 2015 

FEBRUARY OVER NORTH AMERICA

omaR bellPRaT, FRançois massonneT, JaVieR gaRcía-seRRano, neVen s. FučKaR, ViRginie guemas, 
and FRancisco J. doblas-Reyes 

This document is a supplement to “The Role of Sea 
Ice Concentration and Sea Surface Temperatures on 
the Cold February in 2015 over North America” by 
Omar Bellprat, François Massonnet, Javier García-
Serrano, Neven S. Fučkar, Virginie Guemas, and 
Francisco J. Doblas-Reyes (Bull. Amer. Meteor. Soc., 
97 (12), S36–S41) • ©2016 American Meteorological 
Society • DOI:10.1175/BAMS-D-16-0159.1

Reforecasting the cold February 2015 
Attribution to surface boundary conditions 
forcings

Calibration of the model ensembles and bias correc-
tion. Changes in event probabilities derived from model 
ensembles are sensitive to the accuracy of absolute prob-
abilities (a property termed “reliability” in forecasting) as 
discussed in Bellprat and Doblas-Reyes (2016). To ensure 
reliable simulated event probabilities, the model en-
semble therefore needs to be calibrated using retrospec-
tive predictions (carried out for this study for the period 
1981–2010). The calibration applied relies on ensemble 
inflation (Doblas-Reyes et al. 2005), a standard technique 
used in seasonal prediction. The calibration corrects both 

the variability of the ensemble mean and the spread of 
the predictions, such that the probabilities of observed 
anomalies are reliably simulated. An illustration of the 
calibration is provided in the supplemental information 
of Bellprat and Doblas-Reyes (2016). For the tempera-
ture predictions, the calibration results in a decrease of 
total variability by 10% for the predictions starting on 
1 January and an increase by 20% when starting on 1 
February. This is consistent with the notion that predic-
tions starting on 1 February are more constrained and 
thus more likely to be overconfident. For the jet index, 
the prediction spread is too large in the model for both 
starting dates which leads to a reduction of the ensemble 
variability by 15% and 10%, for January and February 
start dates, respectively. Note that the calibration affects 
only the quantitative changes in probabilities but not 
the qualitative ones (sign of change). The hindcast (i.e., 
retrospective forecast) is further used to compute the 
model climatology and subsequently forecast anomalies 
and hence corrects the model bias in the mean state. 
Note that bias correction (of any type) alone is not able 
to ensure reliable probabilities and hence the calibration 
is complementary to it.

Fig. S8.1. Observed February temperatures (°C) over eastern North America (ENA) in Had-
CRU T4 (Morice et al. 2012) and jet index [anomaly in v (m s-1) at 500 hPa averaged over the 
central North America (CAN) region] in ERA-Interim. The jet index describes how strongly 
the jet stream meanders southward. Data prior 1900 for temperature is not shown due 
to poor data coverage. The red dot denotes the anomaly studied in the main manuscript.
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Fig. S8.2. Geopotential height anomalies of monthly mean (a)–(c) Jan 2015 
and (d)–(f) Feb 2015 with respect to climatology (1981–2010) in ERA-Inter-
im. The anomalies are shown at the levels of 500 mb, 200 mb, and 50 mb.

Fig. S8.3. Leading three EOFs of the North Pacific derived following the same pro-
cedure as described in Hartman (2015). The three maps show the leading modes 
while the time series below show their principal components. The North Pacific 
Mode (NPM) is the third EOF.
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Fig. S8.4. Global SST anomaly (°C) during February 2015.

Fig. S8.5. Evaluation of the role of the stratosphere in January 2015 as a possible 
precursor of the event. The panels show the spatial anomaly correlation coef-
ficient (ACC) of the geopotential height at 50 hPa (Z50) between each ensemble 
member and the observations with respect to the (a) cold temperature (°C) and 
(b) jet index anomaly m s–1 in February 2015. The missing relationship in both 
cases shows that the stratospheric anomaly (shown in Fig. S8.2c) is unrelated to 
the event in the model under consideration. 
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Fig. S8.6. Peak over threshold analysis (a),(b),(e), and (f) as presented in Fig. 8.2 in the main 
text but for the predictions starting in January instead of February and additional analysis 
using a Gaussian estimate for the temperature anomaly in January (c),(d).
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S9. THE 2015 EXTREME DROUGHT IN 
WESTERN CANADA

KiT sZeTo, Xuebin Zhang, RobeRT edwaRd whiTe, and Julian bRimelow

This document is a supplement to “The 2015 
Extreme Drought in Western Canada” by Kit Szeto, 
Xuebin Zhang, Robert Edward White, and Julian 
Brimelow (Bull. Amer. Meteor. Soc., 97 (12), S42–
S46) • ©2016 American Meteorological Society • 
DOI:10.1175/BAMS-D-16-0147.2

Formulation of the H-Index
In principle, any formulation of the H-index that gives 

a measure of the intensity of the upper high which exerts 
strong impacts on the P in southern British Columbia (B. 
C.) could be used for the analysis. The current formula-
tion quantifies the intensity of the high by accounting 
for the mean radial gradients of the height field near 
the upper high center at a location that would exert the 
strongest impacts on P over southern B.C., that is, near 
the region D as suggested by the point correlations in 
main text Fig. 9.1e. Different formulations are then tested 
to arrive at the one given in main text Eq. 1 that gives the 
best correlations between H and P and T over southern 
B.C. as well as being simple enough to be easily computed 
from model outputs. 

CMIP5 models and runs
Nineteen models are used in the H-index attribution 

analysis and only the control runs (r1i1p1) are used to 
form the ALL and NAT ensembles in the analysis: 

BCC-CSM1-1; BNU-ESM; CanESM2; CCSM4; 
CESM1-CAM5-1-FV2; CESM-WACCM; CMCC-CESM; 
FIO-ESM; GFDL-ESM2G; GFDL-ESM2M; MIROC4h; 
MIROC5; MIROC-ESM; MIROC-ESM-CHEM; MPI-
ESM-LR; MPI-ESM-MR; MPI-ESM-P; MRI-ESM1; and 
NorESM1-M.

A slightly different list of 19 models is used in the 
T34 analysis:

 BCC-CSM-1; BNU-ESM; CanESM2; CCSM4; 
CESM1-CAM5; CNRM-CM5; CSIRO-Mk3-6-0; 

FGOALS-g2; GFDL-CM3; GISS-E2-H; GISS-E2-R; Had-
GEM2-ES; IPSL-CM5A-LR; IPSL-CM5A-MR; MIROC-
ESM; MIROC-ESM-CHEM; MRI-CGCM3; MRI-ESM1; 
and NorESM1-M.

There are a total of 57 different runs in each of the 
ensembles and 36 runs have the simulations ended at 
2012 instead of 2005. 

The FAR analysis 
The change in likelihood of extreme droughts in 

southern B.C. from GHG forcing is assessed by evaluat-
ing how the exceedance probabilities differ between the 
ALL and NAT ensembles. This is done by calculating the 
fraction of attributable risk (FAR; Allen 2003), defined 
as 1 − PNAT/PALL, where PNAT and PALL are probabilities of 
a given threshold C is being exceeded in the NAT and 
ALL ensembles, respectively. To avoid difficulties that 
might arise due to biases in the different models, the 
FAR is calculated between pairs of ALL and NAT runs 
from the same model. Instead of using fixed thresholds 
determined from observations, C is chosen to be the 96th 
percentile of the variable in the ALL runs, a selection that 
was based on the percentiles of the 2015 T34 and H in the 
observations. The exceedance probability is calculated by 
assuming normal distributions for the model T34 and 
H-indexes, an assumption that is verified by applying 
the Kolmogorov–Smirnov test to the model outputs. The 
best estimate FAR and associated uncertainty is assessed 
from the ensemble FAR distribution formed by pooling 
together results from bootstrapping each pair of model 
run data 1200 times. 
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S10. HUMAN CONTRIBUTION TO THE 
RECORD SUNSHINE OF WINTER 2014/15 IN 

THE UNITED KINGDOM

niKolaos chRisTidis, maRK mccaRThy, andRew ciaVaRella, and PeTeR a. sToTT 

Table S10.1. Partitioning of the simulated NAT winters according to their correlations with the 2014/15 flow. 
Estimates of the increase in the likelihood of extreme winter flux in the United Kingdom in low correlation relative to 
high correlation seasons are given in the last column.

Correlation 
coefficient

Number of high 
correlation winters

Number of low 
correlation winters

Increase in the likelihood of extremes  
(and 5%–95% uncertainty range)

0.6 197 613 14.2 (3.4 to >103)

0.5 238 572 13.2 (3.7 to >103)

0.7 155 655 8.6 (2.3 to >103)

This document is a supplement to “Human Con-
tribution to the Record Sunshine of Winter 2014/15 
in the United Kingdom” by Nikolaos Christidis, Mark 
McCarthy, Andrew Ciavarella, and Peter A. Stott 
(Bull. Amer. Meteor. Soc., 97 (12), S47–S50) • ©2016 
American Meteorological Society • DOI:10.1175 
/BAMS-D-16-0143.2

The effect of the atmospheric circulation
We partition the 810 winters from the NAT experi-

ment between those that have high and low correla-
tions with the atmospheric flow in 2014/15 over the 
region bounded by 40°–65°N, 25°E–25°W. The flow is 
described by spatial fields of the winter mean 500-hPa 
geopotential height anomaly relative to 1961–90. A 
correlation coefficient of 0.6 is employed to determine 
high and low correlation seasons, but values of 0.5 and 
0.7 are also used to test the sensitivity of the results 
to the coefficient choice (Table S10.1). The flow pat-
terns corresponding to the mean of all seasons with 
high and low correlations are shown in Figs. S10.1a 
and S10.1b, respectively. Low correlation seasons are 
estimated to increase the chance of extreme solar flux 
in the United Kingdom relative to high correlation 
seasons by a factor given in Table S10.1.

We next investigate whether the likelihood of the 
atmospheric flow in winter 2014/15 has changed in 
recent years. We look at winters in the ALL simula-
tions with flow patterns highly correlated with the 
observed one and use 5-year running means to 
compute the frequency as the fraction of winters in 
each 5-year window that resemble 2014/15. We find a 
positive trend in the frequency since the 1960s that is 
significantly different than zero (p-value < 10-5). We 
conclude that despite the increase in the likelihood 
of winters with a westerly flow, winter sunshine has 
been increasing, at least partly because of the effect 
of anthropogenic forcings.
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Fig. S10.1. Winter mean geopotential height (red lines, m) and wind (blue arrows; 
m s-1) anomalies relative to 1961–90 at 500 hPa constructed with model data from 
the NAT simulations. The mean circulation of simulated winters which have high 
and low correlations with the 2014–15 reanalysis pattern (correlation coefficients 
above or below 0.6) are shown in (a) and (b), respectively.
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S11. THE ROLE OF ANTHROPOGENIC 
WARMING IN 2015 CENTRAL EUROPEAN 

HEAT WAVES

sebasTian siPPel, FRiedeRiKe e. l. oTTo, milan Flach, and geeRT Jan Van oldenboRgh

This document is a supplement to “The Role of 
Anthropogenic Warming in 2015 Central European 
Heat Waves” by Sebastian Sippel, Friederike E. L. 
Otto, Milan Flach, and Geert Jan van Oldenborgh 
(Bull. Amer. Meteor. Soc., 97 (12), S51–S56) • ©2016 
American Meteorological Society • DOI:10.1175 
/BAMS-D-16-0150.2

See figures on following pages.
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Fig. S11.1. (a), (c) Anomalies in European summer 2015 seasonal mean temperature (°C) and precipitation (%), 
respectively. (b),(d) Differences to previous Jul/Aug records in mean temperature (°C) and low rainfall (mm), 
respectively, relative to 1950–2014 as in the main text. (e) Seasonal temperature (°C) versus seasonal rainfall 
(mm) in Vienna, Austria. The ellipse denotes a quantile of 5% multivariate extremes computed by Hotelling’s 
T^2 control chart (Santos-Fernández 2012) using robust mean and covariance estimates (Rousseeuw and Hu-
bert 2011). (f) 500-hPa geopotential heights over Europe on 1 Jul 2015.
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Fig. S11.2. (a) Return time plots for Gaussian distributed random variables that differ only in their 
standard deviation. A mean shift of 0.5 std dev results in an equal change in return levels, but leads to 
substantially different changes in return times across the three sets. (b) Probability ratio for different 
levels of mean warming and biases in std dev. Cumulative distribution function of Tair3d,max in (c) 
Vienna and (d) Jena in the “original,” “resampled,” and “resampled+mean-adjustment” simulations; 
temperature in °C.

REFERENCES
Rousseeuw, P. J., and M. Hubert, 2011: Robust statistics 

for outlier detection. Wiley Interdiscip. Rev.: Data 
Mining Knowl. Discov., 1, 73–79, doi:10.1002/widm.2.

Santos-Fernández, E., 2012: Multivariate Statisti-
cal Quality Control Using R. Springer, 134 pp., 
doi:10.1007/978-1-4614-5453-3.

S21DECEMBER 2016AMERICAN METEOROLOGICAL SOCIETY |



S12. THE 2015 EUROPEAN HEAT WAVE

buwen dong, Rowan suTTon, len shaFFRey, and lauRa wilcoX

This document is a supplement to “The 2015 European Heatwave” by Buwen Dong, Rowan Sutton, Len 
Shaffrey, and Laura Wilcox (Bull. Amer. Meteor. Soc., 97 (12), S57 –S62) • ©2016 American Meteorological 
Society • DOI:10.1175/BAMS-D-16-0140.2

Fig. S12.1. (a)–(e) Observed and simulated area averaged indices over Central Europe (land only) for 
SAT, precipitation, Tmax, Tmin, and DTR, respectively. Black diamonds are observations for 1964–93 
and the 25 realizations in model simulations, with red diamonds for 2015. Red + and lines are mean 
and ± standard error. (f) Observed and simulated changes in area averaged indices for the driest year 
in 2015ALL experiment relative to CONTROL mean. (g) Spatial pattern of changes in 2015 summer 
mean precipitation observations relative to 1964–93 mean. (h),(i) Spatial patterns of changes in sum-
mer mean SAT and precipitation for the driest year in 2015ALL experiment relative to CONTROL 
mean. Units are °C for temperature and mm day–1 for precipitation.
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Fig. S12.2. (a)–(f) Spatial patterns of changes of SAT, TXx, TNx, Tmax, Tmin, and DTR, in response 
to changes in SST and SIE (2015SST-CONTROL). (g)–(l) As in (a)–(f), but for responses to changes in 
GHG and AA (2015ALL-2015SST). Only changes that are statistically significant at the 90% confidence 
level using a two-tailed student t-test are plotted. Variables TXx and TNx are for annual data and all 
other variables are for summer (JJA) mean. Units are °C for temperatures.
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S13. THE LATE ONSET OF THE 2015 WET 
SEASON IN NIGERIA

KamoRu a. lawal, abayomi a. abaTan, oliVeR angélil, eniola olaniyan, VicToRia h. olusoJi, 
PhiliP g. ogunTunde, benJamin lamPTey, babaTunde J. abiodun, hideo shiogama,  

michael F. wehneR, and dáiThí a. sTone

This document is a supplement to “The Late Onset 
of the 2015 Wet Season in Nigeria” by Kamoru A. 
Lawal, Abayomi A. Abatan, Oliver Angélil, Eniola 
Olaniyan, Victoria H. Olusoji, Philip G. Oguntunde, 
Benjamin Lamptey, Babatunde J. Abiodun, Hideo 
Shiogama, Michael F. Wehner, and Dáithí A. Stone 
(Bull. Amer. Meteor. Soc., 97 (12), S63–S69) • ©2016 
American Meteorological Society • DOI:10.1175 
/BAMS-D-16-0131.2

Rainfall deficits observed over Nigeria during 
April–May 2015 onset period may be as a result of 
tropical atmospheric internal variability. In March, a 
deepening low (Lavaysse et al. 2009) spanning across 
the Sahel from Sudan (Fig. S13.1a) and intertropical 
discontinuity (ITD) advancement to about 1° north 
of its normal latitudinal positions (Fig. 13.1a in the 
main document) were observed. These made south-
westerly trade winds penetrate deeply inland to about 
12°N (Fig. S13.1a), aiding massive moisture influx 
(Omotosho 2008; Omotosho and Abiodun 2007) 
which resulted in the above-normal rainfall observed 
over large parts of Nigeria (Fig. S13.1b). Hence, false 
onset of wet season was observed in March (Figs. 
S13.1c,d). In April, northern midlatitude pressure 
strengthened (Fig. S13.1e) and this affected the usual 
latitudinal position of the ITD (Fig. 13.1a of the main 
document). Dry northeasterly trade winds strength-
ened and blew up to the coast of Gulf of Guinea (Fig. 
S13.1e). Pronounced dry spells of more than 20 days 
were observed over Nigerian cities (Figs. S13.1c,d). 
In May, southern midlatitude pressure strengthened; 
moisture-laden maritime southwesterly trade winds 
pushed back the continental northeasterly to the far 
north of the country (Fig. S13.1f). The number of days 

with positive rainfall anomalies increased in the south 
(Fig. S13.1c). Even though regional SST anomalies in 
April–May were mostly positive (Figs. S13.1g,h), rain-
fall was still below normal over Nigeria, implying that 
above-normal SST contributed little or no effect to the 
rainfall distribution during these periods in question, 
while the tropical atmospheric fluid dynamics did.
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Fig. S13.1. (a) Observed anomalies of mean sea level pressure (shaded; hPa) and wind (vectors) [obtained 
from the ERA-Interim reanalysis (Simmons et al. 2007)] over Africa in March 2015. (b) Rainfall anoma-
lies (shaded; %) over Nigeria in March 2015. Average of daily rainfall anomalies (%) over (c) southern 28 
(cities south of 9°N; March–May 2015) and (d) northern 24 (cities north of 9°N; March–June 2015). As 
in (a) but for (e) April and (f) May 2015. Observed interannual anomalies of SST (°C) over the eastern 
parts of Atlantic Ocean (9°S–5°N, 5°W–10°E) from 1981–2015 in (g) April and (h) May.
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S14. HUMAN INFLUENCES ON HEAT-RELATED 
HEALTH INDICTORS DURING THE 2015 

EGYPTIAN HEAT WAVE

daniel miTchell 

Fig. S14.1. The observed (left) temperature (°C), (middle) relative humidity (%), and (right) wet-bulb 
temperature (°C) cycle over Egypt through the months Jun–Oct. The black line shows 2015; the light 
blue region is the 5%–95% range covering 1984–2014; and the dark blue line is the climatology. The top 
row is for Egypt; the bottom row for Cairo. 

This document is a supplement to “Human In-
fluences on Heat Related Health Indictors During 
the 2015 Egyptian Heatwave” by Daniel Mitchell 
(Bull. Amer. Meteor. Soc., 97 (12), S70–S74) • ©2016 
American Meteorological Society • DOI:10.1175/
BAMS-D-16-0132.2
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S15. ASSESSING THE CONTRIBUTIONS OF 
LOCAL AND EAST PACIFIC WARMING TO 
THE 2015 DROUGHTS IN ETHIOPIA AND 

SOUTHERN AFRICA

chRis FunK, lauRa haRRison, shRaddhanand shuKla, andRew hoell, diRiba KoRecha, TamuKa 
magadZiRe, gRegoRy husaK, and gideon galu 

This document is a supplement to “Assessing the 
Contributions of Local and East Pacific Warming 
to the 2015 Droughts in Ethiopia and Southern Af-
rica” by Chris Funk, Laura Harrison, Shraddhanand 
Shukla, Andrew Hoell, Diriba Korecha, Tamuka 
Magadzire, Gregory Husak, and Gideon Galu (Bull. 
Amer. Meteor. Soc., 97 (12), S75–S80) • ©2016 Ameri-
can Meteorological Society • DOI:10.1175/BAMS 
-D-16-0167.2

The Coupled Model Intercomparison Project ver-
sion 5 (CMIP5) SST simulations (Taylor et al. 2011) 
were obtained from https://climexp.knmi.nl. Forty-
five simulations from nineteen model combinations 
were analyzed.

Niño-3.4 extended reconstruction SSTs were 
cross-checked with data from the COBE2 (Hirahara 
et al. 2014), Kaplan (Kaplan et al. 1998), and Hurrell 
(Hurrell et al., 2008) datasets (Figs. S15.1a,b). The 
1920–2015 correlations of these time series with the 
NOAA extended reconstruction version 4 (ERv4) 
Niño-3.4 time series were very high (0.94 or greater). 
The ERv4 2015/16 anomalies shown in Figs. S15.1c,d 
are conservative in comparison with the Hurrell and 
COBE2 values shown in Figs. S15.1a,b.

For air temperatures, the anthropogenic contri-
bution was assumed to contain two components: a 
"trend" based on the multimodel ensemble average 
local air temperatures1, and a dynamic El Niño 
component derived from the empirical relationship with 

1Eighty-one simulations from 39 climate change simulations 
were used to determine the ensemble average local air 
temperature changes. See https://climexp.knmi.nl for details. 
The 2006–15 simulation values were based on the RCP8.5 
experiment.

Niño-3.4 sea surface temperatures. Data from 1960/61 
to 2015/16 was used to fit regression models for north-
ern Ethopia (NE) (T’est = 0.05 + 0.6Ttrend + 0.3 * Niño-
3.4; R2 = 0.53; p = 0.001) and southern Africa (SA) 
(T’est = 0.05 + 0.4Ttrend + 0.4 * Niño-3.4; R2 = 0.73; 
p = 0.001). Ethiopia air temperatures exhibited strong 
secular trends, and a weak El Niño teleconnection, 
while the converse held for southern Africa (Fig. 
S15.2c,d). The 2000–29 minus 1946–75 change in 
the trend components (+1.0°C/+1.1°C, NE/SA) and 
the anthropogenic Niño-3.4 estimates (+1.1°C/+1.2°C) 
were used with the regressions above to estimate 
anthropogenic changes: +0.9°C/+0.9°C NE/SA. 

REFERENCES
Hirahara, S., M. Ishii, and Y. Fukuda, 2014: Centen-

nial-scale sea surface temperature analysis and its 
uncertainty. J. Climate, 27, 57–75, doi:10.1175/JCLI-
D-12-00837.1.

Hurrell, J. W., J. J. Hack, D. Shea, J. M. Caron, and 
J. Rosinski, 2008: A new sea surface temperature 
and sea ice boundary dataset for the Commu-
nity Atmosphere Model. J. Climate, 21, 5145–5153, 
doi:10.1175/2008JCLI2292.1.

Kaplan, A., M. A. Cane, Y. Kushnir, A. C. Clement, M. 
B. Blumenthal, and B. Rajagopalan, 1998: Analyses of 
global sea surface temperature 1856-1991. J. Geophys. 
Res., 103 (C9), 18567–18589, doi:10.1029/97JC01736.

Taylor, K. E., R. J. Stouffer, and G. A. Meehl, 2012: An 
overview of CMIP5 and the experimental design. 
Bull. Amer. Meteor. Soc., 93, 485–498, doi:10.1175/
BAMS-D-00094.1.

S27DECEMBER 2016AMERICAN METEOROLOGICAL SOCIETY |



Fig. S15.1. (a),(b) Standardized June–September (JJAS) and December–February (DJF) Niño-3.4 SST anoma-
lies (°C) from several data sources. (c),(d) Northern Ethiopia JJAS and Southern Africa DJF air temperature 
anomalies (°C) based on GISS data. (e),(f) Gridded regressions between rainfall (mm) and Niño-3.4 air tem-
perature anomalies (°C).

S28 DECEMBER 2016|



Fig. S15.2. Atmospheric global climate model simulation precipitation anomalies (%) and temperature anoma-
lies (°C). Individual panels were generated using the NOAA Earth Systems Research Laboratory’s Facility for 
Climate Assessments (www.esrl.noaa.gov/psd/repository/alias/facts) on 13 April 2016.
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S16. THE DEADLY COMBINATION OF HEAT 
AND HUMIDITY IN INDIA AND PAKISTAN IN 

SUMMER 2015

michael wehneR, dáiThí sTone, haRi KRishnan, KRishna achuTaRao, and FedeRico casTillo

This document is a supplement to “The Deadly 
Combination of Heat and Humidity in India and 
Pakistan in Summer 2015” by Michael Wehner, Dáithí 
Stone, Hari Krishnan, Krishna AchutaRao, and 
Federico Castillo (Bull. Amer. Meteor. Soc., 97 (12), 
S81–S86) • ©2016 American Meteorological Society 
• DOI:10.1175/BAMS-D-16-0145.2

The heat index is defined as a function of tempera-
ture (T) in degrees Fahrenheit and relative humidity 
(R) in percent by the following formula if T > 80° F 
and R > 40%:

HI = −42.379 + 2.04901523T + 10.14333127R 
−0.22475541TR − 0.006.83783T2 − 0.05481717 R2 + 
0.00122874T2 R + 0.0008.5282TR2 – 0.000001.99T2 R2                                                  
             (1)

If 70°F <T <80°F, or R <40%, the following formula 
can be used but is only valid to ±3°F.

HI = 0.363445176 + 0.988622465T + 4.777114035R 
− 0.114037667TR − 0.000850208T2 − 0.020716198R2 

+ 0.000687678T2 R + 0.000274954TR2                      (2)

The Jeon et al. (2016) quantile bias correction 
procedure consists of the following steps:

1. Estimate the return period of the observed 
event.

2. Calculate the return value associated with this 
return period from a climate model ensemble 
simulation of a factual (f) world.

3. Calculate the return period on this value from 
a climate model ensemble simulation of a 
counterfactual (cf ) world to calculate a risk 
ratio as R = RPcf  /RPf .

4. Calculate the return value of the counterfac-
tual simulation associated with the observed 
return period to obtain an estimate of the 
human-induced change in magnitude of the 
event.

REFERENCE
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Fig. S16.1. Time series of the annual maxima of daily maximum heat index and associated tempera-
ture and their pentadal averages over the period 1974–2014 for (a) Hyderabad and (b) Karachi. Linear 
regression fits are also shown. Return time (years) of the daily and pentadal maximum heat index and 
associated temperature based on the HadISD station data at (c) Hyderabad and (d) Karachi. Error 
bars represent the 90% confidence interval due to sampling uncertainty. All units are °C.
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Fig. S16.2. Histograms portraying uncorrected counterfactual (blue) and actual (red) simulations. Left 
column: Hyderabad May 2015. Right column: Karachi June 2015. (a),(b) Daily maximum heat index 
(°C). (c),(d) Temperature at the time of daily maximum heat index (°C). (e),(f) pentadal average of 
that temperature. 
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S18. ATTRIBUTION OF EXTREME RAINFALL IN 
SOUTH EAST CHINA DURING MAY 2015

claiRe buRKe, PeTeR sToTT, ying sun, and andRew ciaVaRella

This document is a supplement to “Attribution 
of extreme rainfall in South East China during May 
2015” by Claire Burke, Peter Stott, Ying Sun, and 
Andrew Ciavarella (Bull. Amer. Meteor. Soc., 97 (12), 
S92–S96) • ©2016 American Meteorological Society 
• DOI:10.1175/ BAMS-D-16-0144.2

Least-squares linear fits to the observed monthly 
rainfall total timeseries for each of the 12 regions 
show weak, generally declining trends (0.1 to −1.21 
mm year-1), however these fits explain very little of 
the interannual variance (R2 = 0.001–0.17). The all- 
and natural-forcings model–means show similar 
trends (−0.3 to −1.3 mm year-1) but also have low fit 
coefficients (R2 = 0.05–0.17), the observed trends 

are within the range of values found from fitting 
individual ensemble members for both the all- and 
natural-forcings models.

Table S18.1 shows the fit results for PDFs of rainfall 
intensity. We calculate a ‘histogram FAR’ in a similar 
manner to FAR which would be calculated using a 
fitted PDF, but instead using the histogram of raw 
data. The histogram FARs produced are very similar 
to the FAR calculated from the fitted PDFs, indicating 
that the gamma fit used is appropriate to represent 
the measured rainfall intensities. We find the same 
similarity when fitting the n_days histogram (not 
shown). Figure S18.1 also shows that the number of 
points used to fit in each histogram to produce the 
PDFs is reasonable.

Table S18.1. Fitting results for PDFs of rainfall intensity and bootstrapping to calculate uncertainty 
on FAR. “# Points fit” indicates how many points are contained within each histogram that was fit 
for the PDFs shown in main text Fig. 18.2.

Region FAR Error on 
FAR ±

2σ confidence
Histogram 

FAR

# Points fit
2.5th 

percentile
97.5th  

percentile All Nat

1 −0.467 0.520 −1.771 0.168 −0.334 292 320

2 −0.338 0.640 −1.957 0.431 −0.115 256 245

3 −0.318 0.590 −1.967 0.379 −0.311 240 238

4 −0.648 0.790 −2.539 0.278 −0.305 232 237

5 −0.054 0.080 −0.218 0.073 0.008 232 272

6 −0.034 0.120 −0.296 0.165 0.109 323 354

7 0.388 0.150 0.020 0.634 0.370 227 263

8 0.001 0.070 −0.155 0.128 −0.072 183 213

9 −0.175 0.170 −0.564 0.087 −0.127 97 121

10 0.003 0.060 −0.105 0.111 0.003 248 292

11 0.188 0.120 −0.067 0.380 0.240 121 154

12 0.400 0.160 0.001 0.645 0.391 90 137
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Fig. S18.2. Observed intensity (intens; mm day-1) against duration (n_days) of rainfall events for regions 7–12 for 
all events between 1960 and 2015 (black crosses). Red crosses: events which fall in the top 10% of n_day_tot; large 
green crosses: events which occurred in 2015; and black lines: constant n_day_tot in intervals of 100 mm (from 
100 mm to 600 mm). The 90% value for n_day_tot for each region is indicated in the top corner of each plot.

Fig. S18.1: For regions 7–12: (a) Time series of total month-
ly days of rain (%); (b) time series of maximum intensity 
(intens) of rain per month (%). Black lines: observed to-
tals; thick red lines: HadGEM3-A model mean; dark red 
shading: model ensemble 5th–95th percentile; and light 
red shading: total model ensemble range. Observed and 
model anomalies are w.r.t 1961–90 mean observed cli-
matology. (c) Precipitation intensity distribution (%) for 
Mays 1960–2013 illustrating how the total monthly rainfall 
is distributed among different daily totals of rainfall. Low 
k-value and high k-prob indicate that model and observa-
tions are likely to be drawn from the same population. 
Black: observations; red: HadGEM3-A model mean.
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S19. RECORD-BREAKING HEAT IN NORTHWEST 
CHINA IN JULY 2015: ANALYSIS OF THE 
SEVERITY AND UNDERLYING CAUSES

chiyuan miao, Qiaohong sun, dongXian Kong, and Qingyun duan 

This document is a supplement to “Record-
breaking Heat in Northwest China in July 2015: 
Analysis of the Severity and Underlying Causes” by 
Chiyuan Miao, Qiaohong Sun, Dongxian Kong, and 
Qingyun Duan (Bull. Amer. Meteor. Soc., 97 (12), 
S97–S101) • ©2016 American Meteorological Society 
• DOI:10.1175/BAMS-D-16-0142.1

Table S19.1. List of CMIP5 models used in this study. These are the 10 models with extended Historical and 
Natural simulations available to 2012, compared with the usual 2005. For each CMIP5 model, only one member 
run (‘r1i1p1’) was employed in this research.

Model Source

BCC-CSM 1.1 Beijing Climate Center, China Meteorological Administration, China

CanESM2 Canadian Centre for Climate Modelling and Analysis, Canada

CNRM-CM5 Centre National de Recherches Meteorologiques, Meteo-France, France

CSIRO-Mk3.6.0 Australian Commonwealth Scientific and Industrial Research Organization, Australia

GISS-E2-H NASA Goddard Institute for Space Studies, USA

GISS-E2-R NASA Goddard Institute for Space Studies, USA

HadGEM2-ES Met Office Hadley Centre, UK

IPSL-CM5A-LR Institut Pierre-Simon Laplace, France

IPSL-CM5A-MR Institut Pierre-Simon Laplace, France

NorESM1-M Norwegian Climate Centre, Norway

Table S19.2. Copula selection and the corresponding values for the Akaike 
information criterion (AIC).

Copula Clayton Frank t Gaussian Gumbel

AIC −332.022 −429.563 −436.865 −422.992 −447.348
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Fig. S19.1. (a) The relationship between ENSO index (Niño-3.4) and area-averaged July mean TMX. (b) 
GCA results for the monthly mean TMX and ENSO index (Niño-3.4).
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S20. HUMAN INFLUENCE ON THE 2015 
EXTREME HIGH TEMPERATURE EVENTS IN 

WESTERN CHINA

ying sun, lianchun song, hong yin, Xuebin Zhang, PeTeR sToTT, boTao Zhou, and Ting hu 

This document is a supplement to “Human influ-
ence on the 2015 extreme high temperature events 
in Western China” by Ying Sun, Lianchun Song, 
Hong Yin, Xuebin Zhang, Peter Stott, Botao Zhou, 
and Ting Hu (Bull. Amer. Meteor. Soc., 97 (12), S102–
S106) • ©2016 American Meteorological Society • 
DOI:10.1175/ BAMS-D-16-0158.2

Observational and model data 
The anomalies of hottest day and night tem-

peratures in the summer season, TXx and TNx, were 
calculated from their respective 1961–90 averages at 
each station and then aggregated to 5° × 5° grid boxes 
by averaging all available station observations within 
the grid box. 

Using the results from Coupled Model Intercom-
parison Project Phase 5, the 49 and 26 simulations 
forced with the observed anthropogenic and natural 
external forcings (ALL) and with natural forcing 
only (NAT) were used to represent climate response 
to ALL (1961–2005) and NAT forcing (1961–2012), 
respectively. The RCP4.5 simulations for 2006–12 
were used to extend the ALL simulations to 2012. A 
total of 104 blocks, each 55 years long, were obtained 
from preindustrial control (CTL) simulations to 
estimate internal variability. Model data are of dif-
ferent resolutions and they are re-gridded onto the 
common 5° × 5°  grid cells used for the observations 
(Table S20.1). 

Evaluation of model variability
The standard deviation is 0.60°C for both the ob-

served TXx and TNx. It reduces to 0.50°C and 0.33°C 
for TXx and TNx, respectively, after the removal of 
reconstructed response to ALL forcing. The median 
value of the standard deviations computed from 
CTL simulations is 0.65°C (0.50°–0.81°C) for TXx 
and 0.41°C (0.34°–0.49°C) for TNx. The median 
value of standard deviations of the ALL reconstruc-
tions are 0.65°C (0.50°–0.81°C) for TXx and 0.68°C 
(0.57°–0.78°C) for TNx. These suggest that observed 
variability is consistent (within the 90% range) but 
perhaps slightly smaller than model simulated vari-
ability. 
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Table S20.1. List of multimodel simulations used in this study. 
Numbers represent the ALL, NAT simulation ensemble sizes or the 
number of 55-year chunks for the CTL simulations.

Model Name ALL(10) NAT (6) CTL(11)

BCC-CSM1-1 3 8

BCC-CSM1-1-m 3

CanESM2 5 5 19

CCSM4 2

CMCC-CM5 6

CSIRO-Mk3-6-0 10 5 8

EC-EARTH 3

FGOALS-g2 3

GFDL-ESM2M 8

HADCM3 10

HadGEM2-ES 4 10

IPSL-CM5A-LR 4 18

IPSL-CM5A-MR 3

IPSL-CM5B-LR

MIROC5-ESM-CHEM 4

MIROC5-ESM 11

MIROC5 5

MPI-ESM-LR 3

MPI-ESM-MR 3

MRI-CGCM3 8

NorESM1-M 8

SUM(models) 49(10) 26(6) 104(11)
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S21. A PERSISTENT JAPANESE HEAT WAVE IN 
EARLY AUGUST 2015: ROLES OF NATURAL 

VARIABILITY AND  
HUMAN-INDUCED WARMING

chihaRu TaKahashi, masahiRo waTanabe, hideo siogama, yuKiKo imada, and masaTo moRi

This document is a supplement to “A Persistent 
Japanese Heat Wave in Early August 2015: Roles of 
Natural Variability and Human-Induced Warming” 
by Chiharu Takahashi, Masahiro Watanabe, Hideo 
Siogama, Yukiko Imada, and Masato Mori (Bull. 
Amer. Meteor. Soc., 97 (12), S107–S112) • ©2016 
American Meteorological Society • DOI:10.1175 
/BAMS-D-16-0157.2
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Fig. S21.1. Observed impact of El Niño on Japan. (a) Composite of surface air temperature (SAT) 
anomaly (°C, shading) and 400-hPa stream function (contours; 5 × 105 m2 s-1 interval) for the warm 
phase of Niño-3.4 SST in Jul–Aug for 1958–2014. The warm phases are defined as the years when the 
normalized Niño-3.4 SST anomalies are greater than + 0.7σ. (b) Interannual variability of SAT (°C; 
black line: land and surrounding sea area; red line: land area) on Japan in Jul–Aug (square area in Fig. 
S21.2a) and Niño-3.4 SST anomalies (bars) in Jun–Jul. Dashed line denotes SAT trend for 1958–2015 
(+ 0.17°C decade-1).

Fig. S21.2. Time series of SAT anomaly (°C) averaged over Japan (30°–42°N, 130°–145°E) from 31 July to 
9 August for 1981–2014, relative to the 1981–2010 climatology. Black line indicates JRA55 observation. 
Red line and shading denote the ALL-LNG ensemble mean and the ensemble spread (± 90% range), 
respectively. The correlation coefficient (r) of SAT anomalies between ALL-LNG ensemble mean and 
observation is 0.76, indicating that the observed interannual variability of regional SAT anomaly are 
well reproduced by the model ensemble. Yet, the model underestimates the variance of SAT anomaly, 
so that the simulated SAT variances in all experiments are corrected with a ratio of it between the 
ALL-LNG and observation.
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Fig. S21.3. Regression of intraseasonal precipitation (mm day-1; shading), 850-hPa stream function 
(contours; 0.4 × 106 m2 s-1 with negative contours dashed), and SAT anomalies (orange and green dots 
indicate anomalies > 0.01°C and < −0.01°C, respectively) against Pacific–Japan (PJ) indices from (a) 
observation and (b) ALL 100-ensemble members. Only values exceeding 95% confidence are shown in 
precipitation and SAT anomalies. (c) Time–longitude diagram of observed intraseasonal precipitation 
anomaly over the areas in 10°S–5°N (shading) and 0°–20°N (contours). (d)–(f) As in main text Fig.21.1b–
d except for the average of simulated extreme cases in the ALL. (g),(h) As in main text Fig.21.1b, but 
for 200-hPa geopotential height (30-m interval) and 200-hPa wave activity fluxes (vectors) from (g) 
observation and (h) ALL extreme cases.
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Fig. S21.4. Difference of intraseasonal SAT (°C; shading) and precipitation (con-
tours; mm day-1 with negative contours dashed) anomalies averaged in the top 
5 members of PJ indices between ALL and ALLnoENSO for July–August 2015. 
ALL exhibits the increase of precipitation anomaly in a range of 5°–20°N over 
the WNP and SAT anomaly in Japan by comparison with ALLnoENSO.
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S22. CLIMATE CHANGE AND EL NIÑO 
INCREASE LIKELIHOOD OF INDONESIAN HEAT 

AND DROUGHT

andRew d. King, geeRT Jan Van oldenboRgh, and daVid J. KaRoly 

This document is a supplement to “Climate Change 
and El Niño Increase Likelihood of Indonesian Heat 
and Drought” by Andrew D. King, Geert Jan van 
Oldenborgh, and David J. Karoly (Bull. Amer. Meteor. 
Soc., 97 (12), S113–S117) • ©2016 American Meteo-
rological Society • DOI:10.1175/BAMS-D-16-0164.2

Model evaluation
A number of evaluation tests were conducted to 

select models for analysis. Due to the short period 
of reliable reanalyses (leading to the use of ERA-
Interim) additional evaluation steps were conducted.

Models with at least three historical simulations 
(listed in Table S22.1) were tested for similarity to 
observational data in terms of reproducing observed:

1. Indonesian interannual precipitation vari-
ability;

2. Indonesian interannual temperature vari-
ability;

3. Niño-3.4 region sea surface temperature (SST) 
variability;

4. Relationships between ENSO and Indonesian 
precipitation; and

5. Relationships between ENSO and Indonesian 
temperature.

To compare the observed and simulated pre-
cipitation and temperature variability a Kolmogorov-
Smirnov test was employed. Models that failed to 
capture observed variability (p < 0.05) in at least 
two-thirds of available historical simulations for 
1979–2005 were removed from our analysis.

Models were subsequently tested on ability to 
capture Niño-3.4 SST variability. Models with simu-
lations where the standard deviation over 1951–2005 
was more than 0.4oC (approximately half the observed 
standard deviation) different from observed were 
removed.

Given the very strong ENSO–Indonesian pre-
cipitation relationship, models were removed if their 
runs did not simulate a significant (5% level) negative 
correlation between Niño-3.4 and Indonesian area-
average precipitation.

The ENSO–Indonesian temperature relationship 
is weaker but still significant. Models that failed to 
simulate positive Niño-3.4 correlation coefficients 
with Indonesian area-average land temperature were 
removed from analysis.

The ten models that passed these tests (shown 
in bold in Table S22.2) were used in the subsequent 
analysis.

tAble S22.1. Change in magnitude of dry (10th 
percentile) and hot events (90th percentile) in July–
October in Indonesia due to ENSO (El Niño relative 
to La Niña and neutral seasons) and anthropogenic 
climate change (all-forced relative to natural-forced) 
respectively. 

ENSO 
(EN relative to 

LN/Neutral)

Climate 
Change  

(All vs Natural)

Precipitation Down > 40% Down > 10%

Temperature > +0.2°C > +1.2°C
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Further details on observational analysis
The data were analyzed both with regression 

analysis for the means and extreme value analysis to 
investigate the dry and warm extremes. The methods 
for the latter are described in van Oldenborgh et al. 
(2015) for seasonal mean temperature: a Gaussian 
or generalized Pareto distribution that changes with 

time is fitted to the observations. The only difference 
is that for precipitation we scale rather than shift the 
probability distribution with the external factor, in 
this case smoothed global mean temperature or the 
Niño-3.4 index, requiring zero probability for nega-
tive rainfall values.

tAble S22.2. Climate models and simulations used in this analysis. Models 
in bold passed the evaluation step and corresponding simulations in bold 
were used in the model-based attribution step.

Model Historical Historical 
Nat RCP8.5

ACCESS1.3 1,2,3 1 1

Bcc-csm1.1 1,2,3 1 1

CanESM2 1,2,3,4,5 1,2,3,4,5 1,2,3,4,5

CCSM4 1,2,3,4,5,6 1,2,4,6 1,2,4,6

CESM1-CAM5 1,2,3 1,2,3 1,2,3

CNRM-CM5 1,2,3,4,5,6,7,8,9,10 1,2,4 1,2,4

CSIRO-Mk3.6.0 1,2,3,4,5,6,7,8,9,10 1,2,3,4,5 1,2,3,4,5

GFDL-CM3 1,2,3,4,5 1 1

GISS-E2-H 1,2,3,4,5 1,2 1,2

GISS-E2-R 1,2,3 1,2 1,2

HadGEM2-ES 1,2,3,4,5 1,2,3,4 1,2,3,4

IPSL-CM5A-LR 1,2,3,4,5,6 1,2,3 1,2,3

IPSL-CM5A-MR 1,2,3 1 1

MIROC-ESM 1,2,3 1,2,3 1

MRI-CGCM3 1,2,3 1 1

NorESM1-M 1,2,3 1 1

Fig. S22.1. Time series of July–October area-averaged (using box shown in main text Fig.22.1a) 
land-only ERA-Interim anomalies for (a) precipitation (%) and (b) temperature (°C) from a 
1979–2005 climatology. Red crosses mark 2015 anomalies.
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Measuring model led uncer tainty and 
determining significance

To estimate uncertainty due to sampling, the mod-
el simulations were bootstrapped 10 000 times, using 
50% subsamples of complete pairs of simulations (e.g., 
ACCESS1.3 run 1 under all-forcings is selected with 
ACCESS1.3 run 1 under natural-forcings), to provide 
estimates of sampling uncertainty in our attribution 
statements. The results reported here are conserva-
tive 10th percentile estimates of the change in likeli-
hood with best estimates (median values) shown in 
parentheses. If 10th percentile change in likelihood 
estimates are greater than zero, we say this represents 
a significant increase in likelihood.

Estimating the relative influences of the El 
Niño and anthropogenic climate change on 
the magnitude of the 2015 precipitation and 
temperature anomalies

By extracting the 10th percentile precipitation 
and the 90th percentile temperatures in the different 
model ensembles (all-forcings, natural-forcings, El 
Niño-only, and La Niña and neutral) and calculating 
the differences we estimated the relative influences 
of ENSO and anthropogenic climate change on the 
magnitude of the hot temperatures and precipitation 
deficits in 2015 (Table S22.1). Overall, the results are 
similar to the main findings of the model analysis 
focused on changes in likelihood of these extremes. 
The precipitation deficit was more strongly related 
to the El Niño event while the temperature anomaly 
was primarily associated with the anthropogenic 
influence on the climate.

Fig. S22.2. (a) July–October linear trend in time in the ERA-interim 2-m temperature (°C) 1979–2014. 
(b) As in (a) for all GHCN-M v3 stations with at least 30 years of data in this period. Note the absence 
of stations in Indonesia.
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S23. SOUTHERN AUSTRALIA’S WARMEST 
OCTOBER ON RECORD: THE ROLE OF ENSO 

AND CLIMATE CHANGE

miTchell T. blacK and daVid J. KaRoly 

This document is a supplement to “Southern 
Australia’s Warmest October on Record: The Role 
of ENSO and Climate Change” by Mitchell T. Black 
and David J. Karoly (Bull. Amer. Meteor. Soc., 97 (12), 
S118–S121) • ©2016 American Meteorological Society 
• DOI:10.1175/BAMS-D-16-0124.2

"Natural" climate scenarios
This study constructs eight possible representa-

tions of hypothetical "natural" climates without 
the effect of human inf luences. 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 derived from 
eight available CMIP5 models (Taylor et al. 2012) by 
subtracting the decadal-average (1996–2005) SSTs 
of "natural" simulations from the corresponding 
"all forcing" simulations. The models and ensemble 
members used for this process are outlined in Table 
S23.1. See Black et al. (2016) for details.

ENSO composite conditions
In order to assess the relative roles of El Niño–South-

ern Oscillation (ENSO) and anthropogenic climate 
change on extreme temperature, we create three time-
evolving SST composites representing the phases of 
ENSO: El Niño, neutral, and La Niña. These compos-
ites were created by averaging daily SSTs for a full year 
across different years: El Niño (averaging 1994, 1997, 
2002, 2009), neutral (1992, 1993, 2003, 2012), and La 
Niña (1988, 1998, 2007, 2010). La Niña (El Niño) years 
were defined as when the average Niño-3.4 index was at 
or below (above) −0.8°C (+0.8°C) anomaly in October. 
This criterion allowed the selected years to be relatively 
evenly spread across the period of available OSTIA SSTs 
(1985–2015). Each of these resulting ENSO composites 
was modeled under both the "all forcing" and "natural" 
climate realizations for a 12-month period (January–
December). Figure S23.1 shows the average October 
SST anomalies for each of the composite ENSO phases, 
accompanied by the corresponding observed anomalies 
for 2015.

Table S23.1. CMIP5 models and ensemble members 
used for estimating patterns of SST warming due to 
anthropogenic emissions. 

Model Ensemble members 

CCSM4 r1i1p1, r2i1p1, r4i1p1, r6i1p1

CNRM-CM5 r1i1p1, r2i1p1, r3i1p1, r4i1p1, r5i1p1, r8i1p1 

CanESM2 r1i1p1, r2i1p1, r3i1p1, r4i1p1, r5i1p1 

GFDL-CM3 r1i1p1, r3i1p1, r5i1p1 

GISS-E2-H r1i1p1, r2i1p1, r3i1p1, r4i1p1, r5i1p1 

HadGEM2-ES r1i1p1, r2i1p1, r3i1p1, r4i1p1 

IPSL-CM5A-MR r1i1p1, r2i1p1, r3i1p1 

MIROC-ESM r1i1p1, r2i1p1, r3i1p1 
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Fig. S23.1. Average October SST anomalies (°C) for 2015 and the various composite ENSO scenarios 
(as labeled). Anomalies are calculated relative to the 1985–2015 base period.
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S24. WHAT CAUSED THE RECORD BREAKING 
HEAT ACROSS AUSTRALIA IN OCTOBER 2015? 

PandoRa hoPe, guomin wang, eun-Pa lim, haRRy h. hendon, and Julie m. aRblasTeR

This document is a supplement to “What Caused 
the Record Breaking Heat across Australia in October 
2015?” by Pandora Hope, Guomin Wang, Eun-Pa 
Lim, Harry H. Hendon, and Julie M. Arblaster (Bull. 
Amer. Meteor. Soc., 97 (12), S122–S126) • ©2016 
American Meteorological Society • DOI:10.1175 
/BAMS-D-16-0141.2

The forecasts of October 2015 were rerun with 
scrambled initial conditions for the atmosphere, 
ocean, or land component, effectively removing any 
predictability coming from each component [follow-
ing Arblaster et al. (2014) and Wang et al. (2016)]. For 
example, in order to scramble the inf luence from 
the atmosphere, ensemble forecasts were run from 
24 and 27 September and 1 October 2015 with the 
atmospheric initial conditions randomly picked from 
the previous 15 years (2000–14). The same method 
was applied to the ocean initial conditions and also 
the soil moisture and soil temperature (land). 

Figure S24.1 shows the observed October 2015 
Tmax1, global sea surface temperature2, and mean 
sea level pressure3 anomalies from 2000–14 and the 
corresponding forecasts. The sea surface temperature 
pattern associated with El Niño and IOD is clearly 
visible in the observed October anomalies. In the 
MSLP anomalies, the low pressure anomalies to the 
south of Australia and the high over the southeast 
of the continent are also clear. Removing the ocean 
or land information from the initial conditions re-
sulted in little change in the forecast heat. Removing 
1  AWAP, (Jones et al. 2009)
2  SST; NOAA Optimum Interpolation (OI) SST V2, (Reynolds 

et al. 2002)
3  MSLP; ERA-Interim, (Dee et al. 2011)

atmospheric information from the initial conditions 
resulted in a warm forecast, but far cooler than the 
full forecast. Thus the majority of the forecast heat is 
shown here to be mostly driven by the atmospheric 
state, explaining almost all of the forecast skill across 
these experiments.

As it takes about two weeks for the atmosphere to 
adjust to the lower boundary forcing (Lim and Hen-
don 2015), the experimental design of the scrambled 
experiments might artificially favor the atmosphere 
as a driver due to the short lead time of the forecasts. 
To investigate whether this potential bias influenced 
our experiments, forecasts for October 2015 with 
lead times longer than two weeks were examined. As 
the lead time lengthened, the forecast heat reduced 
significantly, suggesting that the key forcing (in this 
case the short-lived atmospheric conditions) was re-
ducing, and there was little underlying forcing from 
the oceans. 
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Fig. S24.1. (Top row, left) Australian October 2015 Tmax anomalies (°C) from 2000–14 climatology in 
the observations (AWAP) on the POAMA grid, and seasonal forecasts with varying initial conditions; 
(middle) corresponding SST anomalies (°C); (right) corresponding MSLP anomalies (hPa). The full 
forecasts are shown in the second row, with the forecasts after removing information about the ocean, 
atmosphere, or land in the initial conditions in the three rows below, as labeled.
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Arblaster, 2016: Three methods for the attribution 
of extreme weather and climate events. Bureau Re-
search Report 018, 32 pp. [Available online at http://
www.bom.gov.au/research/publications/research/
researchpublications.shtml] 
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S25. THE ROLES OF CLIMATE CHANGE AND 
EL NIÑO IN THE RECORD LOW RAINFALL IN 

OCTOBER 2015 IN TASMANIA, AUSTRALIA

daVid J. KaRoly, miTchell T. blacK, michael R. gRose, and andRew d. King

This document is a supplement to “The Roles 
of Climate Change and El Niño in the Record Low 
Rainfall in October 2015 in Tasmania, Australia” by 
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and Andrew D. King (Bull. Amer. Meteor. Soc., 97 
(12), S127–S130) • ©2016 American Meteorological 
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"Natural" climate scenarios for w@h ANZ
The weather@home (w@h) ANZ simulations 

use eight representations of hypothetical "natural" 
climates without the effect of human inf luences. 
Estimates of the anthropogenic changes in the sea 
surface temperatures (SSTs) are subtracted from the 
prescribed observed SSTs. Patterns of SST warm-
ing due to anthropogenic forcing are derived from 
eight available CMIP5 models (Taylor et al. 2012) by 
subtracting the ensemble-average decadal-average 
(1996–2005) SSTs of "natural" simulations from the 
corresponding "all forcing" simulations. The models 

and ensemble members used are listed in Table S25.1. 
See Black et al. (2016) for details.

El Niño composite conditions
To assess the role of El Niño on low rainfall in Tas-

mania, three time-evolving composite SST patterns 
representing El Niño, neutral, and La Niña phases 
were created. The approach and years used for de-
veloping these composite SST patterns is described in 
the supplemental material of Black and Karoly (2016).

CMIP5 model selection
Two evaluation tests were conducted to select 

CMIP5 model simulations (Taylor et al. 2012) for 
the attribution analysis. Models with at least three 
historical simulations (listed in Table S25.2) were 
tested for similarity to observational data in terms 
of reproducing observed:

1. Interannual variability of Tasmanian October 
rainfall; and

2. Niño-3.4 region sea surface temperature (SST) 
variability.

Table S25.1. CMIP5 models used for estimating patterns of SST 
warming due to anthropogenic forcing.

Model Ensemble members 

CCSM4 r1i1p1, r2i1p1, r4i1p1, r6i1p1

CNRM-CM5 r1i1p1, r2i1p1, r3i1p1, r4i1p1, r5i1p1, r8i1p1 

CanESM2 r1i1p1, r2i1p1, r3i1p1, r4i1p1, r5i1p1 

GFDL-CM3 r1i1p1, r3i1p1, r5i1p1 

GISS-E2-H r1i1p1, r2i1p1, r3i1p1, r4i1p1, r5i1p1 

HadGEM2-ES r1i1p1, r2i1p1, r3i1p1, r4i1p1 

IPSL-CM5A-MR r1i1p1, r2i1p1, r3i1p1 

MIROC-ESM r1i1p1, r2i1p1, r3i1p1 
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To compare the observed and simulated pre-
cipitation variability, a Kolmogorov–Smirnov test 
was applied to the distribution of October rainfall. 
Models with significantly different distributions  
(p < 0.05) than observed in at least two-thirds of 
available historical simulations for 1979–2005 were 
excluded from our analysis.

Models were subsequently tested on ability to 
capture Niño-3.4 SST variability. Models with simula-
tions in which the standard deviation over 1951–2005 
was more than 0.4°C (approximately half the observed 
standard deviation) different from observed were 
excluded also.

The 12 models that passed these tests (shown in 
bold in Table S25.2) were used.

Table S25.2. CMIP5 climate models and simulations used in this analysis. 
Models in bold passed the evaluation step and corresponding simulations in 
bold were used in the CMIP5 model-based attribution step.

Model Historical
Historical 

Nat
RCP8.5

ACCESS1.3 1,2,3 1 1

Bcc-csm1.1 1,2,3 1 1

CanESM2 1,2,3,4,5 1,2,3,4,5 1,2,3,4,5

CCSM4 1,2,3,4,5,6 1,2,4,6 1,2,4,6

CESM1-CAM5 1,2,3 1,2,3 1,2,3

CNRM-CM5 1,2,3,4,5,6,7,8,9,10 1,2,4 1,2,4

CSIRO-Mk3.6.0 1,2,3,4,5,6,7,8,9,10 1,2,3,4,5 1,2,3,4,5

GFDL-CM3 1,2,3,4,5 1 1

GISS-E2-H 1,2,3,4,5 1,2 1,2

GISS-E2-R 1,2,3 1,2 1,2

HadGEM2-ES 1,2,3,4,5 1,2,3,4 1,2,3,4

IPSL-CM5A-LR 1,2,3,4,5,6 1,2,3 1,2,3

IPSL-CM5A-MR 1,2,3 1 1

MIROC-ESM 1,2,3 1,2,3 1

MRI-CGCM3 1,2,3 1 1

NorESM1-M 1,2,3 1 1
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Tracking algorithm
The tracker algorithm is used to track tropical 

cyclones (TCs) from 6-hour climate simulations with 
FLOR and HiFLOR. This tracker was also employed 
in Zhang et al. (2016). The tracking processes are 
based on key variables such as temperature, sea level 
pressure (SLP), and 10-m wind.

Large-ensemble multidecadal simulations
We have the 35-member all_forcing experiments 

with FLOR (flux adjusted) in which historical an-
thropogenic forcing and aerosols are prescribed for 
1941–2005, and future levels are prescribed under 
RCP4.5 scenario for 2006–50 (Vecchi et al. 2014; 
Murakami et al. 2015). Additionally, we have the 
30-member “nat_forcing” experiments that use the 
same experimental settings as “all_forcing” except 
that anthropogenic forcing and aerosols are pre-
scribed using 1941 levels.

Observations

TC observations are obtained from the Interna-
tional Best Track Archive for Climate Stewardship 
(IBTrACS; Knapp et al. 2010) for the period 1965–
2014. TC data for 2015 are obtained from JMA, STI, 
and Unisys (http://weather.unisys.com /hurricane/). 
Sea surface temperature (SST) anomalies in 2015 
are calculated from the Met Office Hadley Centre 
Global Sea Ice and SST dataset using the base period 
1970–2000 (Rayner et al. 2003).

Climate indices
In addition to Niño-3.4, which is strongly associ-

ated with WNP ACE (e.g., Camargo and Sobel 2005), 
we also employ three other indices: the Pacific meridi-
onal mode index (PMM; Chiang and Vimont 2004), 
Pacific decadal oscillation index (PDO; Mantua et 
al. 1997), and the Atlantic meridional mode index 
(AMM; Kossin and Vimont 2007; Vimont and Kossin 
2007) that influence TC frequency or intensity (Chan 
2007; Zhang et al. 2016). The regression of TC density 
onto those indices is displayed in Fig. S26.1.
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Fig. S26.1. Regression of TC track density (shading; occurrences yr-1) onto (a)Niño-3.4, (b)PMM, (c)
PDO, and (d)AMM indices. 
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Aspects of the NH March 2015 anomalous 
surface conditions

The positive SAT anomaly, as well as detrended 
anomaly patterns in the Barents Sea in Fig. S27.1—as-
sociated with negative SIC anomalies there in main 
text Figs. 27.1d, f—are related to regional SLP anomaly 
patterns and south-westerly anomalous surface wind 
over the Norwegian Sea. In the Pacific sector we have 
strong positive SLP anomalies over the western Aleu-
tians that induce southerly anomalous surface winds 
over the Sea of Okhotsk leading to positive SAT and 
negative SIC anomalies there. In contrast, over the 
SIC anomalous region in the Bering Sea (in main text 
Fig. 27.1) there is an absence of anomalous southerly 
surface wind in Fig. S27.1, and SAT anomaly pattern 
closely matches SST anomaly pattern so it appears 
that these SIC anomalies likely arise from the upper-
ocean anomalous properties.

On the need for the trend bias correction

Our OGCM has a weaker Atlantic overturning 
circulation than estimates from various ocean re-
analyses which leads to a weaker Atlantic meridional 
ocean heat transport (OHT) into the Arctic basin (not 
shown). A weaker OHT into the Barents and Kara 
Seas biases regional sea ice cover to have a slower 
long-term decline. Furthermore, using LIM3 sea ice 
model with single sea-ice-thickness category makes 
Arctic sea ice cover more inert to climate change 
than in observations. A combination of such factors 
likely contributes to the difference between model 
and observed long-term trends requiring the use of 
trend bias correction method to adequately reduce 
forecast error.
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Fig. S27.1. Left, center, and right columns show mean sea level pressure (SLP; hPa); 2-m surface air temperature 
(SAT; °C); and sea surface temperature (SST; °C) from the ECMWF’s ERA-Interim reanalysis, respectively. 
Top, middle, and bottom rows show the anomaly in March 2015 with respect to the 1980–2015 average; linear 
change (linear trend times 36 years); and March 2015 anomaly with respect to the linear fit over this period, 
respectively. The most of shown SLP values are between −15 hPa and 15 hPa, while most SAT values are be-
tween −8°C and 8°C, and most SST values are between −2.4°C and 2.4°C.

S56 DECEMBER 2016|



Fig. S27.2. (a),(b), and (c) show the March NH, NHAtl and NHPac SIE values (×106 km2) from OSI-SAF (black 
points) and raw ensemble-mean CTL outputs (gray squares with the 95% confidence interval bars). Black and 
gray lines show the associated linear fits over the 1980–2015 period of interest. Their linear trends are shown 
on the top of the panels in the associated colors.
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