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1. Model temperature sensitivity to snow- and sea-ice loss is 
robust but biased low.

2. Isolated linkages to sea-ice loss are more robust than 
responses to tropical changes.

3. Short-term circulation linkages are challenging to attribute.
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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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Global Mean Surface Temperature

Sea Ice Loss Is an Icon and Amplifier of Global Warming
Temperature 
sensitivity to sea 
ice loss under 
global warming is 
well characterized.

Model sea ice 
seems insensitive 
to temperature.

We should try to 
understand this 
connection and 
reconcile this 
inconsistency.

suggest that the underlying mechanism for the linear re-
lationship between sea ice extent and global-mean tem-
peraturemust account for the relationship being robust to
changes in global-mean temperature driven by internal
climate variability (cf. Winton 2011).
Next, we examine this relationship using CMIP5 sim-

ulations of 1979–2013 (Figs. 3a,b). We find here also that
higher levels of global warming tend to be associated
withmore rapid sea ice retreat, implying that some of the
intermodel differences in sea ice trends may be associ-
ated with differences in the level of simulated global
warming. Comparing with observations, we find that al-
though some of the simulations in Fig. 3a approximately
match the observed sea ice retreat and others approxi-
mately match the observed level of global warming,
there is a systematic bias inwhich none of the simulations
match both observed rates. All of the simulations with
Arctic sea ice trends similar to the observations have
global warming rates that are approximately 1.4–2.1
times larger than the observed trend in Fig. 3a. Similarly,
each simulation with a temperature trend similar to the
observations underestimates theArctic sea ice retreat by
at least 30%. By contrast, runs with approximately ac-
curate levels of global warming tend to land closer to the
observed Antarctic sea ice trend, although they still tend
to simulate Antarctic sea ice retreat rather than the ob-
served expansion (Fig. 3b).

Note that the relationship between sea ice trends
and global-mean surface temperature trends is less cor-
related in the CMIP5 simulations (correlations of 20.56
and 20.54 in Figs. 3a and 3b, respectively) than in the
CESM-LE simulations (correlations of20.73 and20.81 in
Figs. 2a and 2b, respectively). This is consistent with the
previous finding that the sea ice sensitivity to global
warming remains relatively constant within a single model
but can differ substantially from one model to another
(Winton 2011). On the other hand, however, sea ice and
global temperature are typically less correlated under in-
ternal variability than under greenhouse-driven warming
(Winton 2011), which could be expected to cause simula-
tions that differ only due to internal variability (Fig. 2) to
have a less correlated relationship than simulations with
different levels of greenhouse-driven warming (Fig. 3).
The results of Figs. 3a,b and 2a,b suggest that the former
effect is the dominant factor here, and that the low cor-
relation among the CMIP5 simulations (Fig. 3) is largely
due to intermodel differences in the sea ice sensitivity.

4. Effective sea ice trend

Motivated by the above result that biases in global-mean
surface air temperature trends are related to both Arctic
and Antarctic sea ice trends in these simulations, we
consider a simple method to account for biases in the level

FIG. 3. As in Fig. 2, but using CMIP5 simulations instead of CESM-LE.

15 AUGUST 2017 ROSENBLUM AND E I SENMAN 6269



78 C. Brutel-Vuilmet et al.: An analysis of present and future seasonal Northern Hemisphere land snow cover

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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Snow Cover Is also Linked to Temperature . . .
. . . Globally . . .

L. R. Mudryk et al.: Canadian snow and sea ice: historical trends and projections 1163

(b) AMJ

Figure 2. Trends in surface temperature, 1981–2015, from a blend of ERA-Interim, JRA-55, JRA-25, MERRA-1, MERRA-2, and CFSR
reanalysis products. Stippling indicates pointwise significance at the 90th percentile.

Trends in SWEmax, which indicates water resource and
streamflow potential just before spring melt, are shown in
Fig. 4. The figure represents averages from the same datasets
used to generate the SCF trends in Fig. 1. Trends are nega-
tive over much of Canada, indicating a reduction over time
in SWEmax at the onset of the melt season each spring. Be-
cause SWE varies with the amount of accumulated snowfall,
we may expect a weaker relationship to surface temperature
and a stronger connection to precipitation trends. Figure 5
shows trends in annual snowfall estimated from the CAN-
GRD dataset (Milewska et al., 2005) based on interpolated
adjusted station data from Mekis and Vincent (2011) and
monthly rain–snow fraction obtained from ERA-Interim 6-
hourly 2 m air temperature data assuming a 0 �C threshold for
rain–snow separation. The changes in snowfall are broadly

consistent with the changes in SWE over much of Canada.
Notable exceptions include the band of increased snowfall
over the Northwest Territories and western Nunavut (which
shows negligible or decreasing SWE trends) and the south-
ern portion of Ontario and Québec, which shows strongly de-
creasing SWE trends; however, both of these regions have ex-
perienced stronger warming trends over the full snow season
than the western provinces. While the changes in snowfall are
generally consistent with the observed changes in SWE, it is
unclear to what extent regional snowfall changes are them-
selves correlated with local temperature changes due to ei-
ther increased melt during winter thaw events or long-term
trends in the solid fraction of precipitation (for the latter see
Vincent et al., 2015). We return to this discussion point at the
end of Sect. 3 and again in the discussion of Sect. 4.
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(b) AMJ

Figure 1. Terrestrial snow cover fraction and sea ice concentration trends for 1981–2015. Datasets are described in Sect. 2.1. Stippling
indicates pointwise significance at the 90th percentile. Dashed line denotes limit of Canadian marine territory.

from the southwestern to northeastern regions of the country
apparent in all seasons.

To examine the role of air temperature trends in driving
the observed snow and ice cover trends, spatial correlations
(centred and uncentred) were calculated to quantify the pat-
tern relationship between SCF, SIC, and TAS trends (Fig. 3).
The centred (uncentred) statistic measures the similarity of
the two patterns after (without) removal of the domain mean.
A large negative uncentred correlation indicates that the cor-
relation between the two fields is negative on average, but
does not require that the field patterns are congruent. A large
negative centred correlation does require spatial similarity in
the field patterns. Both SCF and SIC trends show large un-
centred correlations for all seasons indicative of the general
relationship between increasing temperatures and decreas-

ing SCF and SIC. During JFM and AMJ, the large centred
correlations between SCF and TAS indicate that the spatial
patterns are also similar, and hence there is a strong associ-
ation between SCF and TAS trends at the local scale dur-
ing these seasons, with reduced connections during July–
August–September (JAS) and OND (consistent with Mudryk
et al., 2017). SIC trend patterns are more closely associated
with warming patterns during ice onset/growth (OND and
JFM), but overall there is less co-variability of SIC trends
with TAS trends than for SCF trends. This difference may
stem from the fact that ice (especially MYI) melts more
slowly than snow, and the additional influence of dynam-
ical effects (such as wind-driven redistribution of sea ice)
weakens the thermodynamically driven spatial association
between SIC and TAS trends.

The Cryosphere, 12, 1157–1176, 2018 www.the-cryosphere.net/12/1157/2018/
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indicates pointwise significance at the 90th percentile. Dashed line denotes limit of Canadian marine territory.
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2010, Mudryk et al. (2015)

Sea ice concentration: 
Canadian Ice Service Data 
Archive.
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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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. . . and regionally . . .

Models capture Arctic sensitivity, underestimate midlatitude 
sensitivity. 
Are there links between the biases in feedbacks involving 
marginal sea ice and marginal snow?



How Do Sea Ice and Snow Influence Regional Climate and the 
General Circulation?

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

• What about the knock-on effects of snow and sea ice loss on, 
e.g., atmospheric circulation and the climate of remote 
regions?

• What observational constraints are there on these effects, and 
are additional observations needed?



Dynamical Coupling to the Ocean Changes the Story

• 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.
(CAM4)

Dynamical ocean and 
sea ice, induced sea 
ice loss
(CCSM4)

Chiang and Bitz 2005, Deser et al. 2015
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DJF T Response, per unit sea ice loss

Sea ice loss responses in coupled models are 
quite robust . . .

tropical Pacific coupled response and associated changes over the North Pacific. Our results show that ocean
dynamics become important within two decades of a sudden loss of Arctic sea ice, considerably faster than
often assumed (Cvijanovic et al., 2017).

2. Model and Experiments

The model and experimental design are identical to those in T16 and briefly summarized here. We use the
Community Climate SystemModel version 4 (CCSM4) at 1° horizontal resolution in two ocean configurations:
full ocean model (FOM) and slab-ocean model (SOM). SOM has FOM’s spatially varying mixed layer depth
climatology and a spatially varying “q-flux” so that its sea surface temperature (SST) mean seasonal cycle
(1980–1999) matches FOM’s. Twenty (10) pairs of 100-year long simulations are conducted with FOM
(SOM) under year 2000 radiative forcing; ensemble spread is generated by perturbing the initial atmospheric
temperatures by order 10!14 K. Each pair consists of two different Arctic sea ice states, which approximate
those simulated by CCSM4 during 1980–1999 and 2080–2099 under historical and RCP8.5 radiative forcing,
respectively. These ice conditions are achieved by adding a seasonally varying longwave radiative flux to the
sea ice model at each grid box and time step in the Arctic only; this flux is invisible to the atmosphere and

Figure 1. Sea surface temperature (SST; °C) responses to an abrupt loss of Arctic sea ice in full ocean model (FOM) and slab-
ocean model (SOM) averaged over years (a, b) 6–25, (c, d) 41–60, (e, f) 81–100, and (g, h) 100–360 (equilibrium). Values
not significant at the 90% confidence level are hatched.

10.1029/2018GL077325Geophysical Research Letters

WANG ET AL. 4265

CCSM4 Sea Ice Loss, in Coupled and Slab Ocean

Wang et al. 2018

. . . and involve a rapid coupled 
ocean-atmosphere adjustment.
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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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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).
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Zonal Mean ANN Temperature 
Response

Projected greenhouse 
warming (CESM)

Equilibrated response 
to sea ice loss induced 
by albedo change.

Part of RCP8.5 
response attributable 
to tropical warming 
without sea ice loss.

Part of RCP8.5 
response attributable 
to sea ice loss in 
isolation.

We use a simple pattern scaling technique to 
solve for the patterns proportional to sea ice loss 

and tropical warming.
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DJF Zonal-Mean Zonal Wind Response

Projected greenhouse 
warming (CESM)

Equilibrated response 
to sea ice loss induced 
by albedo change.

Diagnosed tropical 
warming part.

Diagnosed sea ice loss 
part.



A ‘Regional’ Tug of War
Sea ice loss in isolation 
strengthens the Siberian 
High and the Aleutian 
Low – but there is a tug 
of war with tropical 
warming impacts.

So sea ice loss feeds 
back negatively into 
regional forced 
circulation responses 
(Deser et al. 2004).

Blackport and Kushner 2017
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Experiments

Pattern Scaling 
Decomposition

DJF SLP Response DJF T Response
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In different experiments, the isolated response pattern to Arctic sea ice loss . . .

Pattern 
correlation

Hay et al. 2018 and in prep.

. . . is fairly robust across models
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The isolated response to low-latitude warming . . .

Pattern 
correlation

Hay et al. 2018 and in prep.

. . . isn’t robust in circulation, but is robust in precipitation.



What Does this Mean for the Real World?

• With good sampling, we can pull out forced signals attributable 
to sea ice loss under projected climate change.

• But impacts of sea ice and snow variability on the circulation 
are more challenging to observe and attribute.



Cause and Effect Are Ambiguous in Sea Ice Experiments

et al. 2012; Jaiser et al. 2012; Orsolini et al. 2012; Screen
et al. 2013; Mori et al. 2014). To more completely
evaluate the relationship between the WACS pattern,
Barents Sea ice, and Barents Sea THF, we performed a
full set of parallel analyses on raw (not detrended)
variables.
The main conclusions of the current study remain

when trends are retained (not shown). Consistent with
Mori et al. (2014), we find trends toward a positive DJF
WACS pattern and increased Barents Sea ice loss, both
of which are particularly evident from 2004 onward.
Attributing causality to this relationship is difficult,
however, because of few degrees of freedom and be-
cause the correlation between the raw seasonal time
series, r 5 0.57 (0.47 for the monthly time series),
represents substantially more shared variance than in

the corresponding detrended analysis, r5 0.39 (0.33 for
the monthly time series). More importantly, both syn-
chronous and lagged regressions onto the WACS pat-
tern are largely similar between raw and detrended
analyses (not shown). In addition, an intraseasonal
analysis like in Fig. 9 but performed on raw (not de-
trended) data returns very similar results to those
shown in Fig. 9, suggesting the trend is perhaps not
critically important in understanding the DJF WACS
pattern.
An analysis of the total seasonally averaged variance

associated with the linear trend and in linearly detrended
data suggests that at least a third of the observed 1979/
80 to 2011/12 variance in the winter Barents Sea ice is as-
sociated with the linear trend (Table 2). The trend ac-
counts for a small fraction of the variance in the DJF

FIG. 6. As in Fig. 5, but all regressions are onto the WACS index (PC2 of Eurasian SAT) instead of THF PC2. The
domain of the Eurasian region (458–818N, 128–1208E) is indicated in (f).

504 JOURNAL OF CL IMATE VOLUME 29

LETTERS NATURE GEOSCIENCE DOI: 10.1038/NGEO2277

0

0

0
0

0

80° N

60° N

40° N

20° N

La
tit

ud
e

La
tit

ud
e

Longitude
30° W 0° 30° E

−3.2 −2.4 −1.6 −0.8 0.8 1.6 2.4 3.2 4.0 4.8 5.6 6.4 7.2 8.0

60° E 90° E 120° E 150° E 180°

Longitude
30° W 0° 30° E 60° E 90° E 120° E 150° E 180°

80° N

60° N

40° N

20° N

a
80
64
48
32
16

−80
−64
−48
−32
−16

20
16
12
8
4

−20
−16
−12
−8
−4

b d

c

Z500 (m
)

Z500 (m
)

0°

0°

90° E

90° E

30° N

50° N

−0.8 −0.6 −0.4 −0.2 0.8 1.6 2.4 3.2 4.0 4.8 5.6 6.4 7.2 8.0
Near-surface air temperature (°C)

Near-surface air temperature (°C)

0

0

0

Figure 1 | Observed and simulated change in winter SAT and atmospheric circulation associated with sea-ice retreat in the Barents–Kara region.
a,b, Di�erences of composite fields between the low- and high-ice years (that is, the former minus the latter) for SAT (colour) and SLP (contours) in DJF,
taken from ERA-Interim (a) and the 100-member ensembles of the LICE and HICE experiments (b). Contour interval is 0.8 hPa in a and 0.2 hPa in b, with
negative contours dashed. Stippling indicates regions of significant di�erence exceeding 95% statistical confidence. c,d, Di�erences of composite fields
between the low- and high-ice years (that is, the former minus the latter) for Z500 in DJF, taken from ERA-Interim (c) and the 100-member ensembles of
the LICE and HICE experiments (d). Stippling indicates regions of significant di�erence exceeding 95% statistical confidence.

pattern of uniform warming over the entire Eurasian continent,
accompanied by a meridional SLP dipole over the North Atlantic
(Fig. 2a). The hemispheric circulation pattern resembles the North
Atlantic Oscillation (NAO) or the Arctic Oscillation (AO), and the
associated principal components (PC1) are highly correlated with
theAO index (r=0.85) (seeMethods and Fig. 2c). The secondmode
(EOF2), accounting for 23% of the total variance, is characterized
by a ‘Warm Arctic and Cold Eurasia’ (WACE) pattern, straddled
by positive SLP anomalies, which corresponds to an intensified
Siberian High on its western edge (Fig. 2b). A markedly linear
trend with positive slope (0.45/decade; p 0.01) is shown by the
principal components (PC2; Fig. 2d), strongly tied to the winter SIC
anomaly averaged in the BKS (r=�0.81; 30� E–90� E, 65� N–85� N,
indicated by a black box in Supplementary Fig. 2). Almost identical
modes can be discerned in gridded observations (Supplementary
Fig. 3). Therefore, it is evident that WACE represents SAT variation
associated with the SIC anomaly in the BKS and serves as a distinct
mode of variability, independent of the AO.

The relative importance of these two modes to the occurrence
of severe winters over Eurasia was examined by a scatterplot of PC
scores (Fig. 2e), categorized by SAT anomalies over central Eurasia
(Methods and Supplementary Fig. 1). The plot shows that almost all
severe winters coincided with a negative phase of the AO (that is,
higher and lower pressure over the Arctic and the middle latitudes,
respectively) and with a positive phase of the WACE (and vice
versa for warm winters). Therefore, the severe winters in central
Eurasia can be explained by a combination of these two modes. A
significant trend is shown by theWACE, which exhibits a persistent

positive phase after the winter of 2004/05 (Fig. 2d), but not by the
AO; therefore, the WACE is more likely to be responsible for the
increased frequency of severe winters in recent years.

The two leading EOFs obtained from combined 200-member
AGCM ensembles show patterns very similar to their observational
counterparts (Supplementary Fig. 4), proving that the model is able
to reproduce the dominant modes of variability. Their structure
changes little when the analysis is performed for each of the
100-member ensembles separately, so that the presence of the
variability cannot be accounted for by the imposed SIC anomaly.
However, the relative frequency of occurrence depends significantly
on the SIC anomaly for theWACE. A comparison of the probability
density functions (PDFs) of PCs calculated separately for LICE
and HICE demonstrates that the polarity of the WACE in the
model tends to be more positive in LICE and more negative
in HICE runs (Fig. 2f and Supplementary Fig. 4). This presents
further evidence that the SAT variation associated with the sea-
ice anomaly in the BKS can be described by the WACE. The
SIC-forced signal, represented by a shift of the WACE PDF,
is consistent with a nonlinear regime view of the extratropical
atmosphere18,19. Namely, external forcing acts in such a way as to
favour a particular circulation regime to occur more frequently.
The modulation of the PDF for the WACE alters the frequency
of occurrence of severe winters in central Eurasia (Fig. 2f); that
is, the frequency of cold winters in LICE (indicated by the blue
circle) is clearly larger than that observed in HICE (blue ‘X’), and
vice versa for warm winters. Indeed, cold winters that exceed the
severity of those shown in Fig. 1a account for 14.4% of the total
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Observed DJF T and SLP Anomalies,
coherent with low Barents-Kara Sea Ice

WACS index (8%) and hardly any of the variance in
winter Barents Sea THF (1%). The mismatch in the rel-
ative importance of the trend further suggests it is unlikely
that the WACS pattern results from a direct linear at-
mospheric response to sea ice loss or variability. In short,
our decision to explore the interannual variability allows
for a focus on the mechanistic relationships between the
atmospheric circulation anomalies, sea ice variability, and
the connection of both to the upper ocean using the
maximum number of degrees of freedom.
The goal of identifying the atmospheric response to

Barents Sea ice variability in the fully coupled system

motivated our study, and it is critical for understanding
our results in the context of previous work. Studies
based on observations find compelling correlations be-
tween sea ice and atmospheric circulation variability
(e.g., Honda et al. 2009; Hori et al. 2011; Inoue et al.
2012; Outten and Esau 2012; Mori et al. 2014), but
causality is challenging to determine in nature because
of the many complicated forcing/response interac-
tions and the relatively few years of data. Studies based
on uncoupled modeling experiments do isolate an
atmospheric response by design—they prescribe an ice
anomaly under an atmospheric model and examine the

FIG. 7. Lagged correlations between the synthetic daily PC2 of Eurasian SAT (WACSdsyn)
and a number of other daily indices averaged over the Barents Sea region for DJF 1979/80 to
2011/12: THF (THFdBar, blue; positive indicates ocean-to-atmosphere heat flux), THF PC2dsyn
(red; positive index associated with lower sea ice and a THF dipole similar to that shown in
Fig. 3c), Barents Sea ice area (ICEdBar, black; positive index indicates less ice area), and 10-m
winds (VdBar, green; positive index indicates southerly winds). The autocorrelation of
WACSdysn is shown in orange. The shading shows the 95% confidence interval on the corre-
lations calculated using Fisher’s z transform.
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Figure 1 | Observed and simulated change in winter SAT and atmospheric circulation associated with sea-ice retreat in the Barents–Kara region.
a,b, Di�erences of composite fields between the low- and high-ice years (that is, the former minus the latter) for SAT (colour) and SLP (contours) in DJF,
taken from ERA-Interim (a) and the 100-member ensembles of the LICE and HICE experiments (b). Contour interval is 0.8 hPa in a and 0.2 hPa in b, with
negative contours dashed. Stippling indicates regions of significant di�erence exceeding 95% statistical confidence. c,d, Di�erences of composite fields
between the low- and high-ice years (that is, the former minus the latter) for Z500 in DJF, taken from ERA-Interim (c) and the 100-member ensembles of
the LICE and HICE experiments (d). Stippling indicates regions of significant di�erence exceeding 95% statistical confidence.

pattern of uniform warming over the entire Eurasian continent,
accompanied by a meridional SLP dipole over the North Atlantic
(Fig. 2a). The hemispheric circulation pattern resembles the North
Atlantic Oscillation (NAO) or the Arctic Oscillation (AO), and the
associated principal components (PC1) are highly correlated with
theAO index (r=0.85) (seeMethods and Fig. 2c). The secondmode
(EOF2), accounting for 23% of the total variance, is characterized
by a ‘Warm Arctic and Cold Eurasia’ (WACE) pattern, straddled
by positive SLP anomalies, which corresponds to an intensified
Siberian High on its western edge (Fig. 2b). A markedly linear
trend with positive slope (0.45/decade; p 0.01) is shown by the
principal components (PC2; Fig. 2d), strongly tied to the winter SIC
anomaly averaged in the BKS (r=�0.81; 30� E–90� E, 65� N–85� N,
indicated by a black box in Supplementary Fig. 2). Almost identical
modes can be discerned in gridded observations (Supplementary
Fig. 3). Therefore, it is evident that WACE represents SAT variation
associated with the SIC anomaly in the BKS and serves as a distinct
mode of variability, independent of the AO.

The relative importance of these two modes to the occurrence
of severe winters over Eurasia was examined by a scatterplot of PC
scores (Fig. 2e), categorized by SAT anomalies over central Eurasia
(Methods and Supplementary Fig. 1). The plot shows that almost all
severe winters coincided with a negative phase of the AO (that is,
higher and lower pressure over the Arctic and the middle latitudes,
respectively) and with a positive phase of the WACE (and vice
versa for warm winters). Therefore, the severe winters in central
Eurasia can be explained by a combination of these two modes. A
significant trend is shown by theWACE, which exhibits a persistent

positive phase after the winter of 2004/05 (Fig. 2d), but not by the
AO; therefore, the WACE is more likely to be responsible for the
increased frequency of severe winters in recent years.

The two leading EOFs obtained from combined 200-member
AGCM ensembles show patterns very similar to their observational
counterparts (Supplementary Fig. 4), proving that the model is able
to reproduce the dominant modes of variability. Their structure
changes little when the analysis is performed for each of the
100-member ensembles separately, so that the presence of the
variability cannot be accounted for by the imposed SIC anomaly.
However, the relative frequency of occurrence depends significantly
on the SIC anomaly for theWACE. A comparison of the probability
density functions (PDFs) of PCs calculated separately for LICE
and HICE demonstrates that the polarity of the WACE in the
model tends to be more positive in LICE and more negative
in HICE runs (Fig. 2f and Supplementary Fig. 4). This presents
further evidence that the SAT variation associated with the sea-
ice anomaly in the BKS can be described by the WACE. The
SIC-forced signal, represented by a shift of the WACE PDF,
is consistent with a nonlinear regime view of the extratropical
atmosphere18,19. Namely, external forcing acts in such a way as to
favour a particular circulation regime to occur more frequently.
The modulation of the PDF for the WACE alters the frequency
of occurrence of severe winters in central Eurasia (Fig. 2f); that
is, the frequency of cold winters in LICE (indicated by the blue
circle) is clearly larger than that observed in HICE (blue ‘X’), and
vice versa for warm winters. Indeed, cold winters that exceed the
severity of those shown in Fig. 1a account for 14.4% of the total
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Anomalies in AGCM simulations

AGCMs produce weak winter cooling (they do 
better with good stratospheric representation)

Mori et al. 2014

et al. 2012; Jaiser et al. 2012; Orsolini et al. 2012; Screen
et al. 2013; Mori et al. 2014). To more completely
evaluate the relationship between the WACS pattern,
Barents Sea ice, and Barents Sea THF, we performed a
full set of parallel analyses on raw (not detrended)
variables.
The main conclusions of the current study remain

when trends are retained (not shown). Consistent with
Mori et al. (2014), we find trends toward a positive DJF
WACS pattern and increased Barents Sea ice loss, both
of which are particularly evident from 2004 onward.
Attributing causality to this relationship is difficult,
however, because of few degrees of freedom and be-
cause the correlation between the raw seasonal time
series, r 5 0.57 (0.47 for the monthly time series),
represents substantially more shared variance than in

the corresponding detrended analysis, r5 0.39 (0.33 for
the monthly time series). More importantly, both syn-
chronous and lagged regressions onto the WACS pat-
tern are largely similar between raw and detrended
analyses (not shown). In addition, an intraseasonal
analysis like in Fig. 9 but performed on raw (not de-
trended) data returns very similar results to those
shown in Fig. 9, suggesting the trend is perhaps not
critically important in understanding the DJF WACS
pattern.
An analysis of the total seasonally averaged variance

associated with the linear trend and in linearly detrended
data suggests that at least a third of the observed 1979/
80 to 2011/12 variance in the winter Barents Sea ice is as-
sociated with the linear trend (Table 2). The trend ac-
counts for a small fraction of the variance in the DJF

FIG. 6. As in Fig. 5, but all regressions are onto the WACS index (PC2 of Eurasian SAT) instead of THF PC2. The
domain of the Eurasian region (458–818N, 128–1208E) is indicated in (f).
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Can Snow Drive Circulation Anomalies?
Observations and models suggest that snow 

anomalies in fall over Eurasia are linked to 

wintertime anomalies in the Arctic Oscillation 

(Cohen & Entekhabi 1999; Cohen et al. 2007).

Spontaneous snow-circulation relationships in reanalysis and 

models, suggests snow anomaly is forced by atmospheric 

circulation.

Response to snow forcing produces a 

different circulation pattern.

Henderson et al. 2018



Key Points

1. The forced circulation response to sea ice loss includes long-range 
teleconnections featuring positive and negative feedbacks to the rest of 
global warming.
– This likely applies to snow loss and other cryospheric changes as well (Bronselaer

et al. 2018).
2. The response to sea ice loss is robust across models but coupled to the 

tropics.
– These tropical responses are less robust and more model dependent.

3. Current model experiments are ambiguous in revealing mechanisms for 
sea ice and snow influence. Such influences require very good sampling.
– Detecting teleconnected responses in observations is challenging and probably 

shouldn’t be used for benchmarking models.



Recommendations for CLIMA

Models #1: Recognize two-way coupling. To get polar influence on global climate 
right, get remote influences on polar regions right.
• E.g. monitor how tropical moist-process improvements influence Arctic lapse rate.

Models #2: Go high(er) top. Polar circulation responses are likely influenced by the 
model stratosphere. Put resources into the stratosphere.
• E.g. DoE E3SM has devoted vertical resolution to both PBL and stratosphere (at a 

considerable computational cost).

Observations #1: Air-sea-ice fluxes. Better characterize real-world air-sea-ice fluxes 
of energy and momentum, and build these constraints into cost functions.
• Circulation impacts will be sensitive to this.

Observations #2: Don’t forget terrestrial snow cover! A huge influence on 
planetary energy balance, seasonal cycle, agriculture, water resources, and possibly 
circulation . . . and challenging to constrain observationally.



A Final Question: Are Models Responsive Enough to Snow and Sea Ice? 

• Ensemble seasonal prediction in the North Atlantic sector is better than you 
might expect based on internal correlations: the “Signal-to-Noise Paradox”

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

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

method. Modeled and observed trends are removed by linearly detrending, so that correlation is not inflated
by the capturing of a climate change signal.

We test the significance of our results using a nonparametric block bootstrap method [Wilks, 2006; Smith et al.,
2013] (see supporting information for further details). We present results without the use of cross validation
for model corrections as cross validation leads to an underestimate of correlation [Smith et al., 2013; Gangsto
et al., 2013], but our conclusions are not sensitive to this choice (Figures S2, S4, S5, and S7). We also assess
probabilistic performance using reliability diagrams and Brier score [Wilks, 2006]. Model probabilities are
calculated using the fraction of members that predict the event, with a correction for finite sample size [Wilks,
2006]. We present results for the event where the variable in questions is above the median value, as used in
Corti et al. [2012]; however, similar results were also found for terciles.

3. Results

Figure 1 shows the RPC for seasonal hindcasts for December to February (lead times 2 to 4months,
Figures 1a–1c) and decadal hindcasts of 4 year means at lead times of 2–5 years (Figures 1d–1f). The RPC is not
significantly different to the expected value of one over 70% and 57% of grid points for the seasonal and
decadal hindcasts, respectively (averaging over all three variables and ignoring points where no observations
are available). However, there are many regions where the RPC is significantly smaller than one, especially
on longer time scales. This is indicative of overconfident forecasts in which ensemble members agree well
with each other (high signal-to-noise ratio) but do not capture the observed variations (low correlation).
Overconfidence in regions where the RPC is significantly smaller than one is confirmed by reliability diagrams
(Figure 2a). Ideally, the slope would equal one, such that the observed frequency of occurrence equals the
predicted probability. However, the slope is close to zero (red curve in Figure 2a), showing that the likelihood
of an event occurring in reality is almost independent of the predicted probability.

Overconfidence of seasonal forecasts is well known, and much research has been undertaken to improve
reliability by increasing ensemble spread (see Williams et al. [2013], for a comparison of approaches). Due to
our ensemble being finite, this is expected as our r value is an underestimate of reality while our σ2sig is an
overestimate. However, there are also clear regions where the RPC is significantly greater than one. This is
indicative of underconfidence, where the ensemble mean agrees relatively well with observations (high
correlation) but ensemble members agree less well with each other (low model signal-to-noise ratio).
Underconfidence for regions where the RPC is significantly greater than one is confirmed by reliability
diagrams in which the slope is greater than one (Figure 2b, red curve). RPC values greater than one suggest

Figure 1. The ratio of predictable components (RPC) for (a–c) seasonal hindcasts of December-January-February (DJF) means and (d–f) decadal hindcasts of 4 year
annual means for years 2–5, for near-surface temperature (SAT, column 1), mean sea level pressure (MSLP, column 2), and precipitation (PREC, column 3). Model and
observed data are smoothed over regions of 11.25° latitude by 12.5° longitude (15° by 15° for SAT), similar to previous studies [Smith et al., 2010; Eade et al., 2012; Goddard
et al., 2012]. Stippling identifies where RPC is significantly different to one at the 90% level (see text for details). Regions of negative correlation are masked out as they
imply zero skill (see Figure S1 for version with insignificant correlations masked).
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To recap, in forced, well sampled, coupled 
ocean-atmosphere models:
• Global warming drives sea-ice loss.

• Induced sea-ice loss drives ‘mini’ global 
warming.

These effects are both at work in explaining 
Arctic tropospheric warming.

How does this impact other variables that are 
affected by changes in sea ice and ocean 
temperatures?



Russell Blackport: Albedo-Forcing Experiments with CESM1-CAM5
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Blackport and Kushner 2017
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Can We Decouple Arctic and Tropical Change?
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To disentangle the impacts of Arctic 
amplification and tropical warming, we 
developed a two-parameter pattern scaling 
technique (Blackport and Kushner 2017; 
Hay et al. 2018 and in prep.)

Conceptually, we look at sea ice and global 
or tropical temperatures as internal forcing 
(boundary forcing).

• Distinguish attribution to internal 
forcing from attribution to external 
forcing – C. Bonfils pers. comm.



What Is Pattern Scaling?
Classical pattern scaling assumes that the change in the long-term mean of a field !, like 
surface temperature, precipitation, etc. scales with global mean surface temperature "#

At each spatial point, assume the long time statistics are controlled by GMT: ! = ! "# , 
independently of what controls "#. Then for a small change in "#

%! = ! "# + %"# − ! "# ≈ )!
)"#

%"#

Santer et al. 1990, Tebaldi and Arblaster 2014

ANN Surface Temperature Response Per Degree GMST Change, CMIP5

The response pattern )!/)"# is often independent of forcing 
scenario and other details.



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.

45	
	

909	

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	

2063:2072 epoch. (b) As in (a), but for the CESM1 sea ice albedo forcing experiments, 912	

expressed as the difference between the sea ice albedo perturbation experiment and the Year 913	

2000 control experiment. (c) The difference in the SIC responses (RCP8.5 forcing –Albedo 914	

forcing). (d)-(e) As in (a)-(c), but for the SIT response (m).  915	

DJF Sea Ice Concentration Response for Periods of Equal Sea Ice Area

RCP8.5 Albedo Forcing Difference

Blackport and Kushner 2017



Let’s Extend Pattern Scaling to More Internally Forced Variables

Zonal Mean ANN 
Temperature Response

Albedo 
forcing

RCP8.5 
forcing !"# ≅ %&"

&' (
!'# + %&"

&* +
!*#

!", ≅ %&"
&' (

!', + %&"
&* +

!*,

" = " ', *

%&"
&' (

%&"
&* +

= !'# !*#
!', !*,

/0 !"#
!",

!" = " ' + !', * + !* − " ', *

!"# !",

%&"
&* +

!*#%&"
&' (

!'#

(a) = (c)+(d)

(c) (d)

By this construction, 
Arctic tropospheric 
warming, even when 
caused by sea ice 
loss, arises in 
response to tropical 
and midlatitude 
changes.

How does " depend on sea ice area (*) and low-latitude temperature (')?

Blackport and Kushner 2017



Let’s Extend Pattern Scaling to More Internally Forced Variables

Albedo 
forcing

RCP8.5 
forcing !"# ≅ %&"

&' (
!'# + %&"

&* +
!*#

!", ≅ %&"
&' (

!', + %&"
&* +

!*,

" = " ', *

%&"
&' (

%&"
&* +

= !'# !*#
!', !*,

/0 !"#
!",

!" = " ' + !', * + !* − " ', *

We can derive the 
sensitivities for other 
seasons, using 
seasonal output to 
calculate

!'# !*#
!', !*,

In boreal winter, sea 
ice loss and low 
latitude warming 
contribute to 
tropospheric warming.

How does " depend on sea ice area (*) and low-latitude temperature (')?

Zonal Mean DJF 
Temperature Response

Blackport and Kushner 2017



Let’s Extend Pattern Scaling to More Internally Forced Variables

Albedo 
forcing

RCP8.5 
forcing !"# ≅ %&"

&' (
!'# + %&"

&* +
!*#

!", ≅ %&"
&' (

!', + %&"
&* +

!*,

" = " ', *

%&"
&' (

%&"
&* +

= !'# !*#
!', !*,

/0 !"#
!",

!" = " ' + !', * + !* − " ', *

We can calculate 
these sensitivities for 
dynamical fields.

This construction 
highlights the ‘tug of 
war’ in the jet stream 
between tropical and 
Arctic warming 
impacts (Held, 1993; 
Harvey et al. 2014; 
Barnes & Polvani 
2015).

How does " depend on sea ice area (*) and low-latitude temperature (')?

Zonal Mean DJF Zonal 
Wind Response

Blackport and Kushner 2017
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ssWe estimate the circulation response to sea 
ice loss, controlling for low latitude warming.

We use pattern scaling, accounting for the 
two parameters of Arctic ice area and low 
latitude SSTs.

We are trying to understand the response to 
sea-ice loss without lower latitude warming, 
and vice versa.



Blackport and Kushner 2018

Why Does Polar Warming Amplify with Ocean Coupling?

Δ SST

• Shown are the DJF ice-loss and SST warming patterns from Russell’s 
sea ice loss simulations.

• We test the impact of midlatitude SST warming on the Arctic 
troposphere using AGCM CAM5.

Δ(ice concentration) Δ(ice thickness)



Response to Sea Ice and SST Forcing, AGCM CAM5
Sea Ice Only DifferenceSea Ice + SST (>40N)

Blackport and Kushner 2018

Zonal mean 

temperature

Zonal mean 

zonal wind

Adjusted SSTs in 

midlatitudes heat 

the Arctic 

troposphere and 

shift winds 

equatorwards.

Causal influence in 

these experiments 

is, however, 

ambiguous 

(imposed 

midlatitude SST 

anomalies).



Can Snow Drive Circulation Anomalies?
Observations and models suggest that snow anomalies in fall 
over Eurasia are linked to wintertime anomalies in the Arctic 
Oscillation (Cohen & Entekhabi 1999; Cohen et al. 2007).
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 525 
Figure 2: The statistical relationship between Eurasian snow cover and the resulting Northern 526 
Hemisphere wintertime circulation has weakened in the two decades. (red) Total observed 527 
October Eurasian snow cover extent from 1979–2017 (standardized). (blue) The observed 528 
December – February (DJF) averaged near-surface monthly-mean Arctic Oscillation (AO) index 529 
(standardized) for the winter season following the autumnal snow cover anomaly. Data are 530 
plotted such that, e.g., the values at 1980 represent the Eurasian snow cover standardized 531 
anomaly for October 1980 (blue) and the December 1980 – February 1981 averaged near-surface 532 
AO index. The Pearson correlation between the detrended time series is r = -0.28 (p < 0.1; single 533 
asterisk) from 1979-2017, but has changed from r = -0.60 (p < 0.01; double asterisk) during 534 
1979-1997 to r = 0.02 for 1998-2017. Snow cover extent taken from the Rutgers Global Snow 535 
Laboratory, and the AO index is taken from the NOAA Climate Prediction Center. 536 
 537 
 538 
 539 

But the relationship is not stationary (Peings et al. 
2013, Henderson et al. 2018) …

Henderson et al. 2018

And statistical signal to noise is quite weak.

Individual 20 year periods

Long-term mean
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Are Observed Relationships Stationary?
• 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.

Henderson et al. 2018, Peings et al. 2013
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Figure 2: The statistical relationship between Eurasian snow cover and the resulting Northern 526 
Hemisphere wintertime circulation has weakened in the two decades. (red) Total observed 527 
October Eurasian snow cover extent from 1979–2017 (standardized). (blue) The observed 528 
December – February (DJF) averaged near-surface monthly-mean Arctic Oscillation (AO) index 529 
(standardized) for the winter season following the autumnal snow cover anomaly. Data are 530 
plotted such that, e.g., the values at 1980 represent the Eurasian snow cover standardized 531 
anomaly for October 1980 (blue) and the December 1980 – February 1981 averaged near-surface 532 
AO index. The Pearson correlation between the detrended time series is r = -0.28 (p < 0.1; single 533 
asterisk) from 1979-2017, but has changed from r = -0.60 (p < 0.01; double asterisk) during 534 
1979-1997 to r = 0.02 for 1998-2017. Snow cover extent taken from the Rutgers Global Snow 535 
Laboratory, and the AO index is taken from the NOAA Climate Prediction Center. 536 
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Figure 2. (a) Anomaly correlation coefficient (ACC) of the DJF NAO index between the ensemble mean ASF-20C and ERA-20C (black) over the period 1900–2009
computed for moving 30-year windows by 1 year. Values are plotted at the 15th year of each window. Dark grey: ACC when a linear trend in each 30-year window has
been removed before the computation. Light grey: ACC of a simple statistical forecast using persistence of the November average NAO index. The dotted horizontal
line indicates the t-test 95% significance level of the correlations and the red vertical bars show 90% confidence intervals estimated from bootstrap re-sampling (1000
times) with replacement for three representative periods. (b) 30-year running mean filtered DJF NAO index in ERA-20C (orange) and area-averaged intraseasonal
variance of 10-day mean Z500 in the Atlantic sector computed from moving 30-year windows and expressed as anomalies (green), units in m2. (c) ACC of the
DJF NAO index for years with positive (red) and negative (blue) indices in ERA-20C computed for moving 30-year windows. Vertical bars indicate the confidence
intervals. (d) ROC Skill Score (ROCSS) of the DJF NAO index being above the upper tercile (red) and below the lower tercile (blue). Dots indicate where the ROCSS
is significantly different from zero at the 95% level according to a non-parametric Mann–Whitney U-test and vertical bars indicate confidence intervals.

result in an ACC for the NAO of 0.48 indicating a rather constant
level of correlation skill regardless of whether prescribed or
interactive SSTs are used. The uncoupled re-forecasts using
ERA-Interim rather than ERA-20C for the initialisation of the
atmosphere result in a comparable level of ACC (0.40). The fact
that using ERA-20C for the initialisation of the atmosphere leads
to very similar results as using ERA-Interim for the initialisation
thus enhances the confidence in using ERA-20C for earlier
periods.

In order to diagnose the multi-decadal variability of the
NAO forecast skill throughout the century, we now analyse the
evolution of the ACC between ERA-20C and the ensemble mean
of ASF-20C during the 110-year hindcast period. To compare
with previous hindcast experiments, which have typically been

performed over periods of 20–30 years, the ACC has been
calculated between the forecast anomalies and the corresponding
verifying anomalies for a moving 30-year window. The ACC
for the NAO forecasts for each 30-year period is shown in
Figure 2(a), and exhibits marked variability on multi-decadal
time-scales across the 110-year period. While the estimated
ACCs are positive throughout the entire century, there are
coherent groups of multiple decades where our analysis suggests
that the skill over the different 30-year periods exceeds the
95% significance level of a t-test. These include the years
centred around the mid-1920s to mid-1940s and from the mid-
1970s onwards. The skill is lower, though still positive, for all
of the 30-year periods centred between the early 1950s and
mid-1970s.

c⃝ 2016 The Authors. Quarterly Journal of the Royal Meteorological Society
published by John Wiley & Sons Ltd on behalf of the Royal Meteorological Society.
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Forecast Skill of NAO and Related Statistics

Weisheimer et al. 2017



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



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


