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ABSTRACT—Stephanie C. Herring, Andrew Hoell, Martin P. Hoerling, James P. Kossin, Carl J. Schreck III, and Peter A. Stott

This fifth edition of explaining extreme events of the 
previous year (2015) from a climate perspective contin-
ues to provide evidence that climate change is altering 
some extreme event risk. Without exception, all the 
heat-related events studied in this year’s report were 
found to have been made more intense or likely due to 
human-induced climate change, and this was discernible 
even for those events strongly influenced by the 2015 El 
Niño. Furthermore, many papers in this year’s report 
demonstrate that attribution science is capable of separat-
ing the effects of natural drivers including the strong 2015 
El Niño from the influences of long-term human-induced 
climate change.  

Other event types investigated include cold winters, 
tropical cyclone activity, extreme sunshine in the United 
Kingdom, tidal flooding, precipitation, drought, reduced 
snowpack in the U.S. mountain west, arctic sea ice ex-
tent, and wildfires in Alaska. Two studies investigated 
extreme cold waves and monthly-mean cold conditions 
over eastern North America during 2015, and find these 
not to have been symptomatic of human-induced climate 
change. Instead, they find the cold conditions were caused 
primarily by internally generated natural variability. One 
of these studies shows winters are becoming warmer, less 
variable, with no increase in daily temperature extremes 
over the eastern United States. Tropical cyclone activity 
was extreme in 2015 in the western North Pacific (WNP) 
as measured by accumulated cyclone energy (ACE). In this 

report, a study finds that human-caused climate change 
largely increased the odds of this extreme cyclone activity 
season. The 2015 Alaska fire season burned the second 
largest number of acres since records began in 1940. 
Investigators find that human-induced climate change has 
increased the likelihood of a fire season of this severity.

Confidence in results and ability to quickly do an 
attribution analysis depend on the “three pillars” of 
event attribution: the quality of the observational record, 
the ability of models to simulate the event, and our 
understanding of the physical processes that drive the 
event and how they are being impacted by climate change. 
A result that does not find a role for climate change 
may be because one or more of these three elements is 
insufficient to draw a clear conclusion. As these pillars 
are strengthened for different event types, confidence in 
the presence and absence of a climate change influence 
will increase.

This year researchers also link how changes in extreme 
event risk impact human health and discomfort during 
heat waves, specifically by looking at the role of climate 
change on the wet bulb globe temperature during a 
deadly heat wave in Egypt. This report reflects a growing 
interest within the attribution community to connect 
attribution science to societal impacts to inform risk 
management through “impact attribution.” Many will 
watch with great interest as this area of research evolves 
in the coming years. 
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27. RECORD LOW NORTHERN HEMISPHERE SEA ICE 
EXTENT IN MARCH 2015

Neven S. Fučkar, François Massonnet, Virginie Guemas, Javier García-Serrano, Omar Bellprat, 
Francisco J. Doblas-Reyes, and Mario Acosta

Introduction. Since the late 1970s, the NH sea ice con-
centration (SIC), age, and thickness in most Arctic 
regions have experienced long-term decline super-
imposed with strong internal variability (Stroeve et 
al. 2012; Jeffries et al. 2013; Comiso and Hall 2014). 
March NH sea ice extent (SIE: integrated area of grid 
cells with monthly-mean SIC > 15%) reached the low-
est winter maximum in the satellite record in 2015 
(Fig. 27.1a). This extreme of 15.13 million km2 is 1.12 
million km2 below the 1980–2015 average NH March 
SIE, and 0.33 million km2 below the linear fit over the 
same period, based on SIC from the EUMETSAT’s 
Satellite Application Facility on Ocean and Sea Ice 
(OSI SAF; Eastwood 2014).

The March 2015 SIC anomaly pattern in Fig. 27.1d 
shows that the reduced SIC in the Barents and Green-
land Seas is contrasted by the increased SIC in the 
Baffin Bay and the Labrador Sea leading to the NH 
SIE in the Atlantic sector (NHAtl SIE) of 0.28 million 
km2 above the linear fit. At the same time, negative 
SIC anomalies in the Bering Sea and Sea of Okhotsk 
in Fig. 27.1d pushed the NH SIE in the Pacific sector 
(NHPac SIE) to the record low of 0.61 million km2 be-
low the linear fit, which is outside the 95% confidence 
interval of the linear-fit residuals. Hence, the 2015 
NHPac SIE strong interannual anomaly contributed 
most substantially to this NH SIE record low. The 
spatially nonuniform linear trend of the NH March 
SIC in Fig. 27.1e yields about three times faster long-
term decline of the NHAtl SIE than the NHPac SIE. 

The 2015 SIC anomaly pattern with respect to this 
long-term linear fit (Fig. 27.1f) further indicates that 
negative interannual anomalies in the Pacific sector 
outside of the Arctic basin dominate over the positive 
ones west of Greenland in the Atlantic.  

The anomaly and detrended anomaly patterns in 
Supplemental Fig. S27.1 show anticyclonic sea level 
pressure over the western Aleutian Islands associated 
with positive 2-m air temperature over the Sea of Ok-
hotsk in March 2015 likely due to southerly surface 
wind that substantially contributed to the negative 
SIC there (Kimura and Wakatsuchi 1999), while the 
negative SIC in the Bering Sea is more directly related 
to collocated positive sea surface temperature (SST, 
Zhang et al. 2010). Such strong interannual surface 
anomalies in these two marginal seas therefore seem 
to have played an important role in the NH SIE record 
low, but what is the role of the underlying long-term 
change in the ocean and sea ice cover? They integrate 
the impact of climate change that is pronounced in 
the high north due to the Arctic amplification (Screen 
et al. 2012; Taylor et al. 2013). Would the 2014/15 
fall–winter atmosphere yield this sea ice extreme if we 
reversed in time the long-term change in the ocean 
and sea ice state? We examine the contributions of 
the atmosphere and the long-term memory of the 
ocean and sea ice to the March 2015 record low of 
the NH SIE.  

Method. A climate variable can be decomposed into 
the sum of the background state represented as a lin-
ear fit over the period of interest and an interannual 
anomaly with respect to this fit: var(t) = [a1t + a0] + 
var’(t). To estimate the contributions of the evolution 
of the ocean and sea ice linear-fit background state 
over the last 36 years, and the 2014/15 fall–winter 
atmosphere to the NH March SIE minimum, we 
perform a set of control and sensitivity experiments 

The record low Northern Hemisphere (NH) winter sea ice maximum stemmed from a 
strong interannual surface anomaly in the Pacific sector, but it would not have been reached  

without long-term climate change.    

AFFILIATIONS: Fučkar, Massonnet, Guemas, García-Serrano, 
Bellprat, and Acosta—Barcelona Supercomputing Center–Centro 
Nacional de Supercomputación (BSC-CNS), Earth Sciences 
Department, Barcelona, Spain; Doblas-Reyes—BSC-CNS, Earth 
Sciences Department, Barcelona, Spain, and Instituciò Catalana de 
Recerca i Estudis Avancats, Barcelona, Spain

DOI:10.1175/BAMS-D-16-0153.1 

A supplement to this article is available online (10.1175 
/BAMS-D-16-0153.2) 



S137DECEMBER 2016AMERICAN METEOROLOGICAL SOCIETY |

with a state-of-the-art ocean–sea ice general circula-
tion model (OGCM). We utilize NEMO3.3-LIM3 
OGCM (Madec et al. 2008; Vancoppenolle et al., 
2009) forced by the ECMWF’s ERA-Interim atmo-
spheric reanalysis (Dee et al. 2011) as described in 
Massonnet et al. (2015) 

First ,  we per form a set  of  5-mont h-long 
retrospective control simulations (CTL) initialized 
on 1 November from 1979 to 2014 to assess the model 

skill in predicting the NH March SIE. We produce 
five ensemble members initialized from the five 
members of the ECMWF’s Ocean Reanalysis System 
4 (ORAS4; Balmaseda et al. 2013) and the associated 
five-member sea ice reconstruction produced with 
the same OGCM through the restoring methodology 
described in Guemas et al. (2014). CTL in March 
have 3.0, 2.4, and 5.5 times weaker ensemble-mean 
downward trends (along the start dates) than OSI SAF 

Fig. 27.1. (a)–(c) Black points show the total SIE, SIE in the Atlantic sector (from 95°W to 135°E), and SIE in 
the Pacific sector (from 135°E to 265°E) in the NH in Mar from 1980 to 2015 (which is exclusively marked in 
green), respectively, from OSI SAF. Solid (dashed) red lines show the linear fit with trends indicated in the 
upper right corner (the 95% confidence interval of the residuals of the linear fit). (d)–(f) The NH SIC anomaly 
in Mar 2015 with respect to the 1980–2015 average, linear change (linear trend times 36 years) where stippling 
denotes 5% significance, and anomaly in Mar 2015 with respect to the linear fit over this period, respectively.
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in the NH, NHAtl, and NHPac 
SIE, respectively (see  online 
supplementa l materia l). 
Hence, we apply the trend 
bias correct ion met hod 
(Kharin et al. 2012; Fučkar 
et al. 2014) to obtain adjusted 
March 2015 forecasts of the 
NH, NHAtl, and NHPac SIE 
ensemble means of 15.09 
million km2, 8.22 million 
km2, and 6.86 million km2 
(Figs. 27.2a, 27.2b, and 27.2c), 
respectively. CTL ensemble 
show s  overc on f idenc e , 
l i kely due to t he sma l l 
ensemble as well as missing 
physical processes, such as 
multicategory sea ice and 
interact ive atmosphere. 
Small ensemble-mean errors 
in 2015 (less than 2% in each 
domain) indicate that the 
adjusted OGCM forecasts 
have appropriate skill for our 
analysis. 

Next, we conduct two sets 
of four five-member sensitiv-
ity experiments with initial 
conditions (IC) and surface 
forcing fields specified in 
Table 27.1. In general, the 
forced OGCM forecast of 
the March state evolves from 
a past state to the 2015 state 
due to modifications in IC 
and forcing fields that can be 
decomposed into: (i) linear-
fit background state of IC; (ii) 
interannual anomaly in IC 
with respect to factor (i); (iii) linear-fit background 
state of surface forcing fields; and (iv) interannual 
anomaly in surface forcing fields with respect to fac-
tor (iii). The experiments e82*, e92*, e02*, and e12* 
forecast the March state for four different years (1982, 
1992, 2002, and 2012), starting from the ocean and 
sea ice IC on 1 November 1981, 1991, 2001, and 2011, 
respectively, with modified factor (ii). Specifically, we 
replace a past interannual anomaly of IC with the 1 
November 2014 (20141101) IC anomaly (all calculated 
with respect to the 1979–2014 linear fit of 1 November 
ocean and sea ice IC). The experiments e82 through 

e12 examine how much the selected March forecasts 
would change further if we use the same IC as in 
e82* through e12*, respectively, but also modify both 
factors (iii) and (iv): We apply the 2014/15 fall–winter 
surface forcing fields in e82 through e12.

Results. The adjusted e82* through e12* March 
forecasts enable us to examine the contribution of 
20141101 interannual IC anomaly to the total change 
between the selected past years and 2015 through the 
ratios: [CTL(1982) – e82*] / [CTL (1982) – CTL(2015)], 
…, [CTL(2012) – e12*] / [CTL(2012) – CTL(2015)]. 

Fig. 27.2. (a)–(c) Full black circles (full light blue diamonds with the 95% confi-
dence interval bars) show the total SIE, SIE in the Atlantic sector, and SIE in 
the Pacific sector in the NH in Mar from 1980 to 2015, respectively, from OSI 
SAF (NEMO3.3-LIM3 adjusted CTL values). (d)–(f) The total SIE, SIE in the 
Atlantic sector, and SIE in the Pacific sector of the NH in Mar, respectively, 
of adjusted sensitivity experiments (means with the 95% confidence interval 
bars). Horizontal lines in the right panels indicate OSI SAF Mar NH SIE for 
the same domains (left) for the years indicated on the right. 
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The recent interannual anomaly in the ocean and 
sea ice IC explains a minor part of the total past-2015 
change of the NH, NHAtl, and NHPac SIE: 2.1%, 9.0%, 
and −9.9% on average from e82* to e12*, respectively 
(red symbols on the right in Fig. 27.2 are close to 
the associated CTL forecasts on the left). The linear 
regressions of the March forecasts from e82* to e12* 
of the NH, NHAtl,, and NHPac SIE have significant 
slopes of 0.41, 0.42, and −0.01 million km2 10-yr−1, 
respectively. 

The experiments e82 through e12 compared with 
experiments e82* through e12*, respectively, exam-
ine the contributions of 2014/15 fall–winter surface 
forcing fields to the total change between the selected 
past years and 2015 through the ratios: (e82* − e82) 
/ [CTL(1982) − CTL(2015)], … and (e12* − e12) / 
[CTL(2012) − CTL(2015)]. This change in both (iii) 
and (iv) makes the dominant contribution to the total 

past-2015 change of 61.9%, 54.1%, 
and 74.1% (on average between these 
sensitivity experiments) in the NH, 
NHAtl, and NHPac SIE, respectively. 
Experiments e82 through e12 still 
contain the background IC state of 
the past years that typically prevents 
them from reaching the 2015 record 
(purple symbols are mostly far from 
the CTL 2015 values on the right in 
Fig. 27.2). The linear-fit slopes of the 
March forecasts from e82 to e12 of 
the NH, NHAtl, and NHPac SIE have 
values of 0.37, 0.28, and 0.09 million 
km2 10-yr−1, respectively. They show 
that the long-term linear change of 
the ocean and sea ice background 
state plays an important role, even in 
the Pacific sector (Fig. 27.2f) where 
the long-term trend is the weakest.  

C o n c l u s i o n s .  T he  p e r for me d 
experiments indicate that the most 
important factor driving the NH 
SIE to the record low in March 2015 
was surface atmospheric conditions 
on average contributing at least 
54% to the change from the past 
March states. The 1 November 2014 
interannual anomaly of IC, which 
on average contributes less than 
10%, is the least important factor. A 
change along the 36-year linear-fit 
of IC, representing the accumulative 

impact of the climate change in the ocean and sea 
ice, is the second most important factor for attaining 
the March 2015 extreme in our experiments. Even if 
we keep IC and forcing factors (ii) through (iv) in the 
2014–15 conditions, but translate the background 
state of ocean and sea ice, IC factor (i), more than 
three years into the past (in e02, e92, and e82), it 
prevents our OGCM from reaching this record low. 
We conclude that March 2015 interannual surface 
anomalies in the Sea of Okhotsk and the Bering Sea 
are necessary transient, but not sufficient, conditions 
to achieve the record low of the NH SIE maximum 
in March 2015 without underlying climate change.
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Table 28.1. Summary of Results

ANTHROPOGENIC INFLUENCE ON EVENT METHOD USED Total 
Events

INCREASE DECREASE NOT FOUND OR UNCERTAIN

Heat

Global Temperature (Ch. 2)

South India & Sri Lanka (Ch. 2)

Central Europe (Ch. 11)

Europe (Ch. 12)

Ethiopia and Southern Africa (Ch. 15)

N.W. China (Ch. 19)

W. China (Ch. 20)

Japan (Ch. 21)

Indonesia (Ch. 22)

S. Australia (Ch. 23)

Australia (Ch. 24)

 Central Equitorial Pacific (Ch. 2) Heat

Ch. 2: CMIP5 modeling

Ch. 11: Observations; weather@home modeling

Ch. 12: HadGEM3-A modeling

Ch. 15: CMIP5 modeling

Ch. 19: CMIP5 modeling with ROF; FAR 

Ch. 20: CMIP5 modeling with ROF; FAR 

Ch. 21: MIROC5-AGCM modeling

Ch. 22: Observations; CMIP5 modeling

Ch. 23: weather@home modeling; FAR

Ch. 24: BoM seasonal forecast attribution system and seasonal forecasts

12

Cold Northeastern U.S. (Ch. 7)
Mid-South Atlantic U.S. (Ch. 7)

N. America (Ch. 8)
Cold

Ch. 7: Observations; CMIP5 modeling
Ch. 8: AMIP (IFS model) modeling

3

Heat & 
Humidity

Egypt (Ch. 14)
India & Pakistan (Ch. 16)

Heat &  
Humidity

Ch. 14: weather@home modeling

Ch. 16: Non-stationary EV theory; C20C+ Attribution Subproject
2

Dryness
Indonesia (Ch. 22)

Tasmania (Ch. 25)
Dryness

Ch. 22: Observations; CMIP5 modeling

Ch. 25: Observations; Modeling with CMIP5 and weather@home
2

Heavy 
Precipitation China (Ch. 18)

Nigeria (Ch. 13)

India (Ch. 17)
Heavy 

Precipitation

Ch. 13: Observations; Modeling with CAM5.1 and MIROC5

Ch. 17: Observations; Modeling with weather@home, EC-Earth and CMIP5

Ch. 18: HadGEM3-A-N216 modeling; FAR

3

Sunshine United Kingdom (Ch. 10) Sunshine
Ch. 10: Hadley Centre event attribution system built on the high-resolution version

of HadGEM3-A
1

Drought
Canada (Ch. 9)

Ethiopia and Southern Africa (Ch. 15)
Drought

Ch. 9: Observations; CMIP5 modeling; Trend and FAR analyses

Ch. 15: CMIP5 modeling, land surface model simulations, and statistical analyses
2

Tropical 
Cyclones Western North Pacific (Ch. 26) Tropical  

Cyclones Ch. 26: GFDL FLOR modeling; FAR 1

Wildfires Alaska (Ch. 4) Wildfires Ch. 4: WRF-ARW optimized for Alaska with metric of fire risk (BUI) to calculate FAR 1

Sea Ice 
Extent Arctic (Ch. 27) Sea Ice 

Extent Ch. 27: OGCM modeling 1

High Tide 
Floods

Southeastern U.S. (Ch. 6) High Tide  
Floods

Ch. 6: Tide-gauge data; Time-dependent EV statistical model 1

Snowpack 
Drought

Washington U.S. (Ch. 5) Snowpack  
Drought

Ch. 5: Observations; CESM1 modeling 1

TOTAL 23 2 5 30
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Table 28.1. Summary of Results

ANTHROPOGENIC INFLUENCE ON EVENT METHOD USED Total 
Events

INCREASE DECREASE NOT FOUND OR UNCERTAIN

Heat

Global Temperature (Ch. 2)

South India & Sri Lanka (Ch. 2)

Central Europe (Ch. 11)

Europe (Ch. 12)

Ethiopia and Southern Africa (Ch. 15)

N.W. China (Ch. 19)

W. China (Ch. 20)

Japan (Ch. 21)

Indonesia (Ch. 22)

S. Australia (Ch. 23)

Australia (Ch. 24)

 Central Equitorial Pacific (Ch. 2) Heat

Ch. 2: CMIP5 modeling

Ch. 11: Observations; weather@home modeling

Ch. 12: HadGEM3-A modeling

Ch. 15: CMIP5 modeling

Ch. 19: CMIP5 modeling with ROF; FAR 

Ch. 20: CMIP5 modeling with ROF; FAR 

Ch. 21: MIROC5-AGCM modeling

Ch. 22: Observations; CMIP5 modeling

Ch. 23: weather@home modeling; FAR

Ch. 24: BoM seasonal forecast attribution system and seasonal forecasts

12

Cold Northeastern U.S. (Ch. 7)
Mid-South Atlantic U.S. (Ch. 7)

N. America (Ch. 8)
Cold

Ch. 7: Observations; CMIP5 modeling
Ch. 8: AMIP (IFS model) modeling

3

Heat & 
Humidity

Egypt (Ch. 14)
India & Pakistan (Ch. 16)

Heat &  
Humidity

Ch. 14: weather@home modeling

Ch. 16: Non-stationary EV theory; C20C+ Attribution Subproject
2

Dryness
Indonesia (Ch. 22)

Tasmania (Ch. 25)
Dryness

Ch. 22: Observations; CMIP5 modeling

Ch. 25: Observations; Modeling with CMIP5 and weather@home
2

Heavy 
Precipitation China (Ch. 18)

Nigeria (Ch. 13)

India (Ch. 17)
Heavy 

Precipitation

Ch. 13: Observations; Modeling with CAM5.1 and MIROC5

Ch. 17: Observations; Modeling with weather@home, EC-Earth and CMIP5

Ch. 18: HadGEM3-A-N216 modeling; FAR

3

Sunshine United Kingdom (Ch. 10) Sunshine
Ch. 10: Hadley Centre event attribution system built on the high-resolution version

of HadGEM3-A
1

Drought
Canada (Ch. 9)

Ethiopia and Southern Africa (Ch. 15)
Drought

Ch. 9: Observations; CMIP5 modeling; Trend and FAR analyses

Ch. 15: CMIP5 modeling, land surface model simulations, and statistical analyses
2

Tropical 
Cyclones Western North Pacific (Ch. 26) Tropical  

Cyclones Ch. 26: GFDL FLOR modeling; FAR 1

Wildfires Alaska (Ch. 4) Wildfires Ch. 4: WRF-ARW optimized for Alaska with metric of fire risk (BUI) to calculate FAR 1

Sea Ice 
Extent Arctic (Ch. 27) Sea Ice 

Extent Ch. 27: OGCM modeling 1

High Tide 
Floods

Southeastern U.S. (Ch. 6) High Tide  
Floods

Ch. 6: Tide-gauge data; Time-dependent EV statistical model 1

Snowpack 
Drought

Washington U.S. (Ch. 5) Snowpack  
Drought

Ch. 5: Observations; CESM1 modeling 1

TOTAL 23 2 5 30

GFDL FLOR: Geophysical Fluid Dynamics Laboratory Forecast version 
Low Ocean Resolution

GHCN: Global Historical Climatology Network

IFS: Integrated Forecast System

MIROC5–AGCM: Model for Interdisciplinary Research on Climate–
Atmospheric General Circulation Model

OGCM: Ocean General Circulation Model

ROF: Regularized Optimal Fingerprinting

weather@home: http:www.climateprediction.net/weatherathome

WRF-ARW: Advanced Research (ARW) version of the Weather 
Research and Forecasting (WRF) model

ACRONYMS:
AMIP: Atmospheric Model Intercomparison Project

BoM: Bureau of Meteorology, Australia

BUI: Buildup Index

CAM: Community Atmosphere Model, http:www.cesm.ucar.edu

CESM: Community Earth System Model

CMIP: Coupled Model Intercomparison Project 

FAR: Fraction of Attributable Risk

EC-EARTH: https://verc.enes.org/

EV: Extreme Value
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