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‘Emergent constraints’ for sea ice

T42 grid. The Arctic is defined in this study as the area
north of 65!N. For sea ice observations the Met Office
Hadley Centre’s sea ice and sea surface temperature data set
(HadISST) [Rayner et al., 2003] is used. Due to data cover-
age issues only the time period after 1979 is used. For illus-
tration purposes in Figures 2 and 4 data onwards from 1970
are shown, but note that all analysis and results are based on
data after 1979. In this study the sea ice area is defined as the
total area of sea ice simulated/observed. For temperature the
gridded data from NASA (GISTEMP [Hansen et al., 2006]
and http://data.giss.nasa.gov/gistemp) are used. Note that for

this data set the central Arctic Ocean data coverage is low
before 1980 and local interpolation uncertainties are sub-
stantial, but long-term trends averaged over the whole Arctic
as used here are less affected by observational uncertainties.

3. Recalibration of Sea Ice Decline Estimated
by Models

[4] All but one climate model show that the close to linear
relationship between September sea ice area and global
surface temperature is robust and persists throughout the

Figure 2. Predicted decline of Arctic September sea ice area with increasing global temperature. Shaded
areas depict the uncertainty range (red based on observations from 1980 to 2007). The models are calibrated
to start at the current observational point (1980–2007) and show points for sea ice larger than 1.0 million
km2. The difference between Figures 2a and 2b is the method to calculate the uncertainty ranges: Figure 2a
uses the internal variability frommodels whereas Figure 2b uses the model spread (one standard deviation).
For more details of the uncertainty estimation see section 3.2. Warming in 2090–2099 and associated
uncertainties for three SRES non-intervention emission scenarios are indicated at the bottom [IPCC, 2007].
Models and observations are based on 10-year running means. Please note that for illustration purposes the
observations are shown over the time period 1970–2007.
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the CESM-LE simulations of 1920–2100 (Fig. S1c) and
20.94 in the CMIP5 simulations of 1900–2100 (Fig. S1e)
(see appendix A for details). We find that the Antarctic
sea ice extent has a similar relationship with global
temperature (Fig. S1b), although the correlation is
somewhat smaller at 20.98 and 20.86 in CESM-LE and
CMIP5, respectively (Figs. S1d,f). These relationships
imply that simulated 35-yr global-mean surface temper-
ature trends are related to sea ice trends in both hemi-
spheres (scatter of black points in Figs. S2 and S3a,b).
Although this study focuses primarily on CMIP5, we

begin by using CESM-LE in order to assess how this
relationship influences the distribution of 1979–2013 sea
ice trends in realizations of a single model. In Figs. 2a
and 2b we plot the Arctic and Antarctic sea ice extent
trend in each CESM-LE simulation versus the simulated
trend in global-mean surface air temperature. This
shows a clear relationship in which realizations of in-
ternal climate variability that have anomalously large
levels of global warming during 1979–2013 also tend to
have anomalously large levels of sea ice retreat during
this period in both hemispheres. Two representative

runs are plotted in Fig. S4 to further illustrate this point.
This is consistent with Xie et al. (2016), who found that
simulated internal variability in global-mean surface
temperature correlates substantially with temperatures
in both polar regions.
The results in Fig. 2 are also relevant to the recent

study of Notz and Stroeve (2016), who propose a phys-
ical mechanism by which sea ice extent responds linearly
to cumulative CO2 emissions. This mechanism implies
that the previously noted relationship between sea ice
extent and global-mean surface temperature is actually
an artifact of global temperature also depending linearly
on cumulative CO2 emissions. Since the CESM-LE sim-
ulations in Fig. 2 each represent identical cumulativeCO2

emissions (i.e., each has identical forcing) but have a
range of different global-mean temperature trends, they
provide an ideal testing ground for this hypothesis. Hence
the relationship between global-mean surface tempera-
ture trends and sea ice trends in Fig. 2 represents a
counterargument to the hypothesis that sea ice extent is
fundamentally driven by cumulative CO2 emissions
(Notz and Stroeve 2016). Rather, the results in Fig. 2

FIG. 2. CESM-LE annual-mean sea ice trends in (a) the Arctic and (b) the Antarctic plotted vs the global-mean
surface temperature trend for each ensemble member (red points) with the observations indicated by green dashed
horizontal and vertical lines. (c),(d) The distribution of simulated effective sea ice trends (see text for details) from each
CESM-LE simulation, with the observed sea ice trend indicated by a green vertical line. The mean and standard de-
viation of the distribution of simulated sea ice trends (red error bars, repeated fromFigs. 1e,f) and effective sea ice trends
(blue error bars) are shown, as well as Gaussian fits to the effective sea ice trend distributions (blue curves). The means
and standard deviations of the effective trends are repeated for comparison in the top panel (blue vertical error bars).
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Figure 9: NH ice-free land spring (March-April) SCE (relative to 1986-2005) as a function of global mean  

annual mean surface air temperature (relative to 1986-2005), for the historical runs and the scenario runs 

until 2100. a) for CCSM4 (4 RCP and historical ensemble means); b) for all models, RCP8.5 until 2100 and 

historical ensembles only. The data shown are five-year running averages.
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Fig. 9. NH ice-free land spring (March–April) SCE (relative to 1986–2005) as a function of global mean annual mean surface air temperature
(relative to 1986–2005), for the historical runs and the scenario runs until 2100. (a) For CCSM4 (4 RCP and historical ensemble means); (b)
for all models, RCP8.5 until 2100 and historical ensembles only. The data shown are 5-yr running averages.

interference with the climate system (e.g. Meinshausen et al.,
2009).
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Emergent constraints for snow cover

• Models underestimate midlatitude sensitivity, 
seem to capture Arctic sensitivity.

Mudryk et al. 2017 

CanESM2
CESM1
CMIP5
Obs

MUDRYK ET AL.: SNOW COVER RESPONSE TO TEMPERATURE X - 25

Figure 3. Fractional SCE trends versus TS trends for selected seasons and regions for individual

realizations from CMIP5 (grey), CanESM (blue) and CESM (red). Best fit lines for each ensemble

are shown (solid); dashed lines represent twice the standard deviation of the residuals from

the CMIP5 fit, which we use to approximate 95% confidence bounds of the simulated trend

distributions. Black squares indicate mean trends for a given CMIP5 model with 3 or more

realizations; their size is proportional to the number of realizations. Cyan crosses indicate means

and bounds of individual observation-based trend estimates (SCE trend bounds do not include

the NCDR data). R-squared values and SCE trend sensitivities (best fit slopes) are shown for

each ensemble with twice the standard error of the latter in parentheses. Maximal climatological

SCE of each region is listed in each panel.
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The Issue at Hand

• The thermal sensitivity of snow and sea ice is 
reasonably well characterized, and models capture 
aspects of it.

• What about the sensitivity of other quantities, e.g. 
atmospheric circulation to these cryospheric 
fluctuations?

• This is arguably a critical question for climate 
prediction.

• But it’s a somewhat artificial question, since snow and 
sea ice are described quantitatively by internal state 
variables. Their coupling to the system is intrinsic.



The Global Reach of Arctic Sea Ice Loss

Sea ice loss with ocean-atmosphere coupling drives a ‘mini global 
warming’.

Coupling  increases the amplitude and extent of the response to Arctic 
sea-ice loss.

Zonal mean T Zonal mean U SLP

Prescribed SST 
and sea ice, 
imposed sea 
ice loss.

Dynamical 
ocean and sea 
ice, induced 
sea ice loss

Deser et al. 2015



Climate Change Projections and Coupled Sea 
Ice Loss Simulations

NH ANN Sea Ice Area Y2000

Albedo PerturbationRCP8.5

NH SST

0-40N SST

Year
Blackport and Kushner 2017

RCP8.5 Forced 
Experiment 

(CESM1)

Sea ice albedo 
forced experiment 

(CESM1)

• Large Ensemble
1920-2100 (30 
members)

• Year 2000 
Control (725 y)

• Reduced sea ice 
albedo (525 y)

• A lot of sea ice 
loss year round.

• A lot of sea ice 
loss, more sea ice 
loss in summer.

• More low 
latitude 
warming.

• Less low latitude 
warming
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Climate Change Projections and Coupled Sea 
Ice Loss Simulations
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contrast, there is an extra step when nudging sea ice to a PI target in a 2X climate because106

sea ice needs to expand into regions of warm water. The water must be cooled to the freez-107

ing point of -1.96�C (Figure 1b) before sea ice can grow, resulting in it taking on the order of108

decades for sea ice to reach the target PI climatology. Aside from cooling seawater in regions109

where ice growth is necessary, no sea surface temperature nudging is performed.110

1 x CO2 2 x CO2

c

a b

Add heat to 
thin/remove 1. Remove heat 

to cool SST to 
freezing point

2. Remove 
heat to grow/

thicken

CPIIPI

C2XIPI

C2XI2X

CPII2x

Figure 1. Schematic of nudging methodology for a) melting ice in a Preindustrial (PI) climate, and b)
growing ice in a doubled CO2 (2X) climate. c) Summary of simulations, showing the relationship of the
global mean SAT to nudged Arctic sea ice area (SIA) in winter (DJF), and the nudged SIA in relation to the
target SIA (vertical lines).

111

112

113

114

This methodology is similar to that of Deser et al. [2015] and Oudar et al. [2017] in115

that our sea ice perturbation is operational year-round but does not conserve energy – in con-116

trast to sea ice perturbation studies in which the albedo is modified, but energy is conserved117

[Scinocca et al., 2009; Blackport and Kushner, 2016, 2017]. The nudging flux is a “ghost"118

flux [Deser et al., 2015] that is not seen by other climate model components except indirectly119

through changes in sea ice. Our method is distinctive in that we are able to nudge both the120

pattern and amount of sea ice to a desired state.121
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Figure 2. Supplementary. a) The isolated zonal mean temperature response, [T], to Arctic sea ice loss

(ICEcold) in DJF in color (
�
C), overlaid with climatological control simulation (here, CPI IPI ) contours. b)

is as a) but shows the isolated response to doubling CO2 (CO2hi). c) is as a) but shows the sum of ICE and

CO2. d) is as a) but shows the response to the combined forcings. Panels e-h), and i-l) are as a-d) but show

the zonal mean geopotential height [Z] and zonal mean zonal wind [U] responses, respectively. Stippling

indicates a significant response at the 95% level using a two-sided Student’s t test (no significance testing is

performed for Sum).
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Paired Sea Ice and CO2 Perturbation Experiments 
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McCusker et al. 
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Figure 2. a) The response of SAT to Arctic sea ice loss (ICEcold) in DJF in color (�C), overlaid with cli-
matological control simulation (here, CPI IPI ) contours (10�C interval, zero contour omitted). b) is as a)
but shows the response to doubling CO2 (CO2hi). c) is as a) but shows the sum of ICE and CO2. d) is as a)
but shows the response to the combined forcings. Panels e-h), i-l), and m-p) are as a-d) but show the SLP,
Z500, and U700 responses, respectively, with contour intervals of 8 hPa from 992 to 1032, 200 m from 4900
to 5900, and 5 m/s (zero contour omitted), respectively. Stippling indicates a significant response at the 95%
level using a two-sided Student’s t test (no significance testing is performed for Sum). Percentages are the
percentage variance of the Full response explained by the Sum as computed from area-weighted pattern cor-
relations of the northern hemisphere. The number below the percentage is the northern hemisphere RMSE
between Sum and Full, normalized by spatial standard deviation of Full.
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Aside: Sea Ice Loss and CO2 Responses Are 
Additive

McCusker et al. 2017
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Figure 4. Supplementary. Spatial decomposition of SAT. Panels a-d) are as Supplementary Figure 3a-d

but show the large-scale (wavenumbers < 5) additivity. Panels e-h) are as a-d but show the synoptic-scale

(wavenumbers >= 5) additivity.

Figure 5. Supplementary. As Supplementary Figure 4 but for geopotential height at 500 hPa (Z500).

–5–

SAT
Synoptic 
Scales



SS
T, 

0-
40

N 
(0 C

)

Arctic sea ice area (106 km2)

Arctic and Tropical Change Are Entangled

Typical greenhouse 
warming experiment

Typical sea-ice loss experiment

Interpreting the 
response to sea ice 
loss is complicated by 
the tropical feedback 
effect.

(Because both tropics 
and high latitudes 
could influence low 
latitudes.)
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To disentangle these 
effects, we have 
developed a two-
parameter pattern 
scaling technique 
(Blackport and Kushner 
2017; Hay et al. in press 
and in prep.)
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What Is Pattern Scaling?
Classical pattern scaling: climate response is approximately a 
fixed pattern multiplied by change in global mean surface 
temperature.

For field of interest ! = ! # , response to perturbation in 
temperature # is, schematically:

$! = ! # + $# − ! # ≈ (!
(# $#

Response pattern (!/(# is independent of forcing details.

Santer et al. 1990, Tebaldi and Arblaster 2014

ANN Surface Temperature Response Per Degree GMT Change, CMIP5



How Can We Extend Pattern Scaling?

The pattern of sea ice loss is similar for realistic anthropogenic forcing 
or ‘fake’ sea ice changes. Sea ice area is also a good scaling parameter, 
like temperature.

Let’s explore the assumption that responses scale separately with 1) 
low latitude temperature and 2) sea ice area.
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Figure 3. (a) The DJF SIC response (fraction) for the ensemble mean of the CESM1 RCP8.5 910	

forcing experiment, expressed as the difference between the 2027:2036 epoch  and the 911	
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• How does any field Z respond separately to variations in sea ice 
area (I) and low-latitude temperature (T)?

Albedo 
forcing
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(a) (b) (c)

Figure 1. SLP 2-6 day filtered variance, expressed in standard deviations. (a): Response

in CCSM4 albedo-forced experiment mutiplied by ratio of SIA loss in CESM1 to SIA loss in

CCSM4. (b) Response in CESM1 albedo-forced experiment. (c) Response in RCP8.5 forced

simulation.
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Figure 2. DJF pattern scaling decomposition of RCP8.5 forced simulation, applied to the

2-6 day filtered variance response fields. (a): SLP, low latitude warming contribution. (b) SLP,

sea ice loss contribution. (c) Z500, low latitude warming contribution. (d) Z500, sea ice loss

contribution.
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Figure 2. DJF pattern scaling decomposition of RCP8.5 forced simulation, applied to the

2-6 day filtered variance response fields. (a): SLP, low latitude warming contribution. (b) SLP,

sea ice loss contribution. (c) Z500, low latitude warming contribution. (d) Z500, sea ice loss

contribution.
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Hay et al. 2018 and in prep.
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Hay et al. 2018 and in prep.



Four outstanding problems



1. Drivers of Arctic Amplification

• I spoke about this at the conference – please 
see that presentation. http://online.kitp.ucsb.edu/online/blayers-c18/kushner/



2. The Signal to Noise Paradox in Climate Prediction
• NAO ensemble mean forecast skill is better than you might expect based on 

internal correlations: individual initialized climate forecast realizations are 
closer to observations than they are to each other.

• Is the model troposphere poorly constrained by ocean heat content, sea ice, 
snow, stratospheric conditions, etc.? Will high resolution change this?

SLP composite anomalies for 
forecasts (left) and obs (right)

Ratio of predictable components

Models under 
confident

Models over 
confident

Eade et al. 2014, Scaife et al. 2014



3. Ambiguous Causality in Model Experiments
• Snow anomalies in fall over Eurasia might trigger winter circulation anomalies 

with a one-to-two month lag (Cohen and Entekhabi 1999). 
• Experimental method that force snow anomalies can yield ambiguous results.
• This is symptomatic of a broader problem in the design of these experiments.

Y. Peings, from Henderson et al. in review; also Sorokina et 
al. 2016, Blackport and Screen in review

Spontaneous snow-
circulation relationships, 
October, in reanalysis and 
models. Suggests snow 
anomaly is forced by 
atmospheric circulation.

Response to snow 
forcing produce a 
different circulation 
pattern.



4. Non-Stationarity and Decadal Variability of Predictability

• Empirical connections between snow/sea ice and circulation can 
be non-robust.

• There is evidence that seasonal and longer timescale NAO 
predictability is state dependent.

Jason Furtado, from Henderson 
et al. in review

Forecast Skill of NAO and Related Statistics

Weisheimer et al. 2017



Three Key Points
1. We have diagnosed the circulation response directly 

attributable to sea ice loss in the coupled system.
2. Cryospheric response to climate change feeds back

positively onto global warming, but we can anticipate 
negative feedbacks in the circulation response.

3. We need to consider the oceanic response in 
midlatitudes, which can feed back onto the polar regions.



Thanks for a great program!



Extra Slides



1968-2016 (Updated from Tivy et al. 2011) 

Recent changes in September Sea Ice from Ice Charts

Mudryk et al. 2018, Slide from S. Howell
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Ice thickness in the Northwest 
Passage

• First ever airborne electromagnetic 
induction (AEM) ice thickness 
surveys over the Northwest 
Passage carried out in April and 
May 2011 and 2015

• Even in today’s climate ice is still 
very thick (3-4 m) and potentially 
hazardous

• Thick ice features more than 100 m 
wide and thicker than 4 m occurred 
frequently

Haas and Howell, 2015, GRL


