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Abstract We present seasonal predictions of Arctic sea ice extent (SIE) over the 1982–2013 period using
two suites of retrospective forecasts initialized from a fully coupled ocean-atmosphere-sea ice assimilation
system. High skill scores are found in predicting year-to-year fluctuations of Arctic SIE, with significant
correlations up to 7 month ahead for September detrended anomalies. Predictions over the recent era,
which coincides with an improved observational coverage, outperform the earlier period for most target
months. We find, however, a degradation of skill in September during the last decade, a period of
sea ice thinning in observations. The two prediction models, Climate Model version 2.1 (CM2.1) and
Forecast-oriented Low Ocean Resolution (FLOR), share very similar ocean and ice component and
initialization but differ by their atmospheric component. FLOR has improved climatological atmospheric
circulation and sea ice mean state, but its skill is overall similar to CM2.1 for most seasons, which suggests
a key role for initial conditions in predicting seasonal SIE fluctuations.

1. Introduction

The observed shrinking of summer Arctic sea ice extent (SIE) over the past 30 years has raised the possibility
of an ice-free Arctic in a near future [Wang and Overland, 2009]. A decline of about 14% per decade has been
observed for September SIE since the beginning of the satellite record, a trend that is underestimated by the
Coupled Model Intercomparison Project Phase 5 climate models [Stroeve et al., 2012]. Seasonal outlooks of
September SIE have been produced since 2008 by the Study of the Environmental Arctic Change (SEARCH)
to provide a community-wide estimate of the expected Arctic sea ice minimum. The median of the outlooks
was shown to provide good predictions when the observed value was close to the trend, but less accurate
predictions when the departure from the trend was large, as in 2013 [Stroeve et al., 2014]. This highlights
the challenge of predicting year-to-year fluctuations of Arctic SIE, some of which are mainly the response to
unpredictable weather variations. Dynamical, statistical, and heuristic models are contributing to SEARCH,
with different climate components and initialization methods for the dynamical models, which makes it
hard to identify the origin of the spread among the different outlooks. Only three contributions, including
that from Geophysical Fluid Dynamics Laboratory (GFDL), were able to predict, up to 3 months in advance,
that the September 2013 SIE was above the trend. The success of the GFDL 2013 SIE prediction motivates
the present paper in which we explore the seasonal skill of Arctic SIE for all years between 1982 and 2013.

Previous studies showed that the sources of predictability of Arctic SIE are seasonally dependent. During
summer, the variability of sea ice concentration is mainly located along the ice edges with little variability
in the thicker interior ice pack. Winter SIE variability is more largely influenced by atmospheric conditions
and ocean heat convergence at the edges [Bitz et al., 2005]. Hence, spring and summer sea ice thickness are
good predictors of September SIE [Blanchard-Wrigglesworth et al., 2011; Chevallier and Salas-Melia, 2012],
and a proper initialization of ice thickness in summer and ocean transports and atmospheric circulation in
winter, as well as a realistic representation of the associated processes are required to achieve predictability
in the Arctic. Dynamical model studies that explored the predictive skill of Arctic SIE showed that detrended
SIE variations could be skillfully predicted only 2 to 3 months in advance [Sigmond et al., 2013; Wang et al.,
2013] with an extended skill up to 5 months in Chevallier et al. [2013]. In the latter study, the initial condi-
tions were produced by an ocean-sea ice model forced by atmospheric reanalysis, without ocean or sea ice
assimilation [Chevallier et al., 2013]. The coupled prediction systems used by Sigmond et al. [2013] and Wang
et al. [2013] had constrained ocean and atmosphere initial conditions but were based on coarse-resolution
atmospheric components, all suffering from systematic biases in the Arctic, which can affect the spatial
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pattern of sea ice thickness [Kwok, 2011]. Improved atmospheric models should improve the representa-
tion of the horizontal gradient of sea level pressure and hence ice thickness, as it is the primary driver of sea
ice circulation and export at Fram Strait. We hypothesize that improvements in atmospheric models should
yield better predictions of SIE.

Thinner ice is more susceptible to modification by inherently unpredictable atmospheric weather noise.
Hence, Arctic sea ice predictability is expected to decrease as ice gets thinner and melts more easily in
response to changes in radiative forcing [Holland et al., 2011]. Winter sea ice cover should be less vulnerable
to melt, but its predictability could be affected by changes in the observational coverage, which can impact
the initial state and hence the predictive skill. This state dependence predictability has not been verified in
operational-like forecast systems and is explored here.

In this paper, we assess the skill of retrospective predictions of seasonal Arctic SIE initialized over the period
1982–2013 using two prediction systems that share very similar ocean-ice components and initialization but
have different atmospheric models. We expect different skills in the two systems if the model configuration
is critical and similar skills if the initial conditions are dominant in predicting Arctic SIE. The forecast systems
are described is section 2. Results are presented in section 3 and are followed by conclusions in section 4.

2. Forecast System Design and Initial Conditions

The retrospective predictions are initialized from the Ensemble Kalman Filter coupled data assimilation
system (ECDA) built on the Climate Model version 2.1 (CM2.1) model [Zhang et al., 2007]. The seasonal evo-
lution of Arctic SIE is well simulated by ECDA though biased slightly low compared with the National Snow
and Ice Data Center (NSIDC) estimates (Figure 1a), a bias that could result from model errors, uncertainties
in the satellite data, or the different spatial resolution between the two reconstructions (25 km in NSIDC
and 100 km in ECDA). A better agreement is found for sea ice area (Figure S1 in the supporting information),
highlighting the larger uncertainty in representing sea ice extent rather than all ranges of sea ice concentra-
tions. Significant regional biases are found in ECDA, with, e.g., a too large September ice concentration in the
East Siberian Sea and not enough ice in the Greenland Sea and in the western basin north of the Canadian
Archipelago (Figure S2), a common problem in climate models that partly results from a reduced sea level
pressure (SLP) gradient across the Arctic associated with too weak offshore winds [DeWeaver and Bitz, 2006].

The observed decline of Arctic SIE can be illustrated by comparing the annual cycle over the period
1982–2001 and 1982–2012, which shows the largest relative differences during summer (Figure 1a). The
decline is reproduced in ECDA, and it implies that the SIE climatology will depend on the reference period.
The anomalies defined in the rest of the paper will be computed relative to the 1982–2012 mean.

Compared to the observational estimates of sea ice thickness from the climate data record [Lindsay, 2010],
ECDA has overly thin ice in the central Arctic, which reflects the bias in the CM2.1 model used to build ECDA
(Figure S3). This issue is shared by many reanalysis even when ice concentration is directly assimilated [Smith
et al., 2014]. Despite this bias, ECDA September SIE anomalies follow the observed fluctuations remarkably
well since 1982, with a correlation of 0.95 that results both from reproducing the long-term trend and the
year-to-year fluctuations (Figure 1b). A larger discrepancy is found between 2007 and 2012, which coin-
cides with the period of accelerated decline. SIE anomalies in March are also reasonably estimated by ECDA,
with a correlation of 0.87 compared with NSIDC (Figure 1c). Overall, the SIE anomalies used to initialize the
predictions are fairly realistic.

The first suite of seasonal prediction experiments is produced using the GFDL CM2.1 coupled model
[Delworth et al., 2006], which has been extensively used for seasonal-to-decadal prediction activities
[Vecchi et al., 2013; Yang et al., 2013; Msadek et al., 2014]. The second suite of experiments uses the CM2.5
Forecast-oriented Low Ocean Resolution (FLOR) model (see Text S1 in the supporting information), which
has a 50 km × 50 km atmosphere, compared to a resolution of about 200 km in CM2.1, and ocean and
sea ice components based on those of CM2.1 (1◦ × 1◦ resolution). FLOR has been shown to provide sig-
nificant improvement in predicting precipitation anomalies associated with El Niño–Southern Oscillation
teleconnections and regional tropical cyclones [Vecchi et al., 2014]. A benefit of using the low ocean-sea ice
resolution in FLOR is that we can readily take oceanic and sea ice initial conditions, which are key sources of
predictability, from the ECDA that uses CM2.1. However, the initialization in this version of the FLOR experi-
ments does not constrain the atmosphere beyond the information present in sea surface temperature (SST)
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Figure 1. (a) Observed seasonal cycle of Arctic SIE in NSIDC and ECDA
for a period before and including the observed accelerated decline. (b)
NSIDC and ECDA September Arctic SIE anomalies with respect to the
1982–2012 climatology. (c) Same as Figure 1b but for March. Note the
different vertical scales in Figures 1b and 1c.

and radiative forcing. Hence, the
ocean-ice initial conditions should
be seen as a lower bound of what is
achievable from such a prediction
system. The initial conditions used
in the CM2.1 and FLOR predictions
are constrained in the Arctic by sur-
face and subsurface oceanic data (the
SST constrain is done globally except
before the Argo period where SST is
assimilated only south of 60◦N), and
atmospheric data, but not directly by
sea ice concentration or thickness,
which are not explicitly assimilated.
The different atmospheric mean state
in the two models leads to a differ-
ent sea ice mean state, as illustrated
in the free-running control simula-
tions performed with CM2.1 and FLOR
(Figures 2a and S2–S5). The clima-
tological SIE in CM2.1 is too large in
winter, because of insufficient solar
radiation incident at the surface, and
too low in summer, in part, because
of a too low albedo from early sea ice
melt. FLOR has a much more realistic
seasonal evolution of SIE with a remark-
able agreement during the melting
and growing seasons, partly because
of improved winds and higher albedo.
We expect these mean differences to
manifest in terms of seasonal skill of
Arctic SIE.

The ensemble predictions are initial-
ized the first of each month over the
period 1982–2013 and run for 1 year.
An ensemble of 10 members is used
for CM2.1 and 12 for FLOR (see Text S1
for more details). In this paper, we
solely focus on the ensemble mean of
each model.

3. Results

The evolution of skill defined by the
anomaly correlation coefficient for
every predicted month as a function
of initial month is investigated. High
skill is found in predicting the SIE, with
correlation values exceeding 0.80 at all
lead times in summer (Figure 3a). The
trend contributes largely to the skill in
summer and winter, in particular at lead
times longer than 3 months (Figure S6).
Skill decreases for all seasons when a
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Figure 2. (a) Seasonal cycle of Arctic SIE simulated in the 1990 control
simulations of CM2.1 and FLOR, compared with NSIDC observations. The
climatology is computed over the 1982–2012 period for observations
and using a 31 year segment of the control simulation for the models.
(b) Evolution of the predicted seasonal cycle with lead time (from 0 to
11 months denoted by L0 to L11 in the legend) in the CM2.1 initialized
predictions. (c) Same as Figure 2b but in the FLOR initialized predictions.

linear trend is removed, but it remains
statistically significant at 95% for sev-
eral months in summer, fall, early
winter, and spring (Figure 3b). The
largest skill is found in summer and
fall with correlations significant up
to 7 months ahead in September
and 8 months in November. Hints of
reemergence of skill consistent with
the perfect predictability results of
Blanchard-Wrigglesworth et al. [2011]
are also illustrated by the weak but
positive correlations for August and
September SIE initialized in October of
the previous year. Limited skill is found
in predicting June and December SIE
even at short lead times, which points
to a possible barrier of predictabil-
ity during the melting and growing
seasons. The comparison with a persis-
tence forecast indicates that at short
lead times in summer, skill can partly
be explained by the persistence of SIE
anomalies. The improved skill in CM2.1
at longer lead times in summer, with
respect to the persistence forecast,
suggests dynamical evolution of the
initialized signal as the origin of skill.
The persistence forecast also shows
high skill in winter, up to 11 month
lead, consistent with Sigmond et al.
[2013]. This skill is underestimated in
CM2.1 because of deficiencies in rep-
resenting the winter reemergence
mechanism in ECDA.

The initialized FLOR predictions show
nearly similar skill to CM2.1, with
slightly smaller correlations in summer
and larger in early winter (Figure 3c),
though the difference with CM2.1 is
not statistically distinguishable from
zero (Figure S7). Improved skill was
expected given the better atmospheric
circulation and sea ice mean state
(Figures 2 and S2–S5). Given that the
CM2.1 and FLOR predictions share
the same ocean-ice models and initial
conditions, we hypothesize that the
similarity between the two predictions
is because initial conditions play a key
role in the predictions of seasonal SIE
in particular during summer, and 12
months is too short a time for the cou-
pled models differences to manifest in
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Figure 3. Skill scores of Arctic SIE anomalies for each predicted month as a function of initial month for the verification period 1982–2012 in the CM2.1 and FLOR
initialized predictions. Skill scores are estimated by the anomaly correlation coefficients (ACC) and the mean squared skill score (MSSS), using NSIDC as a refer-
ence. (a) ACC of predicted CM2.1 raw anomalies, (b) ACC of predicted CM2.1 detrended anomalies, (c) ACC of predicted FLOR detrended anomalies, (d) ACC of a
persistence forecast model based on detrended observed anomalies, (e) MSSS of CM2.1 detrended anomalies, and (f ) MSSS of FLOR detrended anomalies. The
linear trend is defined over the whole period. In Figures 3a–3d, black dots indicate that correlations are statistically significant at the 95% level.

forecast skill. This hypothesis is currently being tested using an ensemble Kalman filter state estimate built
on FLOR and longer-lead predictions with common initial conditions.

Large correlations do not necessarily coincide with accurate predictions, since models may overpredict
or underpredict the magnitude of extremes (Figure S8). A perfect agreement is also not expected as we
compare the model ensemble mean to a single realization in observations, and there are inherent limits to
predictability of a chaotic system. To assess and compare the accuracy of the CM2.1 and FLOR predictions,
we compute another measure of skill, the mean squared skill score (MSSS), which is a function of both the
correlation and the conditional bias [Murphy, 1988]. Positive MSSS indicates an improvement with respect
to climatology and negative MSSS means no skill. In both models, positive MSSS values are found in spring,
summer, and fall with a clear barrier of predictability in June and December (Figures 3e and 3f). Comparing
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Figure 4. ACC of detrended CM2.1 SIE anomalies for every predicted month as a function of initial month for the period (a) 1983–2002, (b) 1993–2012,
and (c) 2003–2012, using NSIDC as a reference. Black dots indicate that correlations are statistically significant at the 95% level.

MSSS and correlation values for CM2.1 indicates that positive MSSS values coincide with large correlations.
The MSSS in FLOR is similar to CM2.1 but shows larger values (positive or less negative) in winter and spring
at longer lead times, which illustrates a reduced conditional bias in FLOR, consistent with its better mean
state (Figures 2c and S5). The different model climatologies affect the evolution of the bias with lead time in
the initialized predictions. CM2.1 predictions evolve toward a too small SIE during summer and a too large
SIE in winter, which corresponds to the model mean biases (Figures 2b and S5). In contrast, there is hardly
any change with lead time in the FLOR initialized predictions, because of its improved mean state (Figures 2c
and S5). Because the mean bias is removed as a function of lead time, this does not directly impact the sea-
sonal skill of SIE, in particular at short lead times. However, the improved mean state in FLOR can have larger
impacts in predicting quantities on regional scales, as will be explored in future work.

Computing the anomaly correlations over the first and last 20 years of the observed record indicates overall
larger correlations during the last 20 years (Figures 4a and 4b), which further increase when only the last 10
years of the observed record are considered, except for September, and similar results in FLOR (Figure 4c).
This state dependence of predictability suggests that a better observational coverage, e.g., the increased
number of Argo floats after 2003 might have better constrained the sea ice in the initialized predictions, in
particular during spring, fall, and early winter. It also suggests that the winter limit of predictability might
result from poorer observations when initializing the model prior to the 1990s. In contrast, the year-to-year
fluctuations of September SIE are better predicted during the 1990s than during the late 2000s (Figures 4
and S8). The reduced skill in predicting September SIE fluctuations in the late 2000s is consistent with
the finding of smaller predictability as ice gets thinner [Holland et al., 2011] though caution is needed in
interpreting these results given the shortness of the period that is considered.

4. Conclusions and Discussion

We investigated the predictive skill of seasonal Arctic SIE variations in two prediction systems based on
the GFDL CM2.1 and FLOR coupled models. The two prediction systems were initialized from the same
observationally constrained estimate of ocean state and sea ice and differed mainly by their atmospheric
component and atmospheric initialization. The higher-resolution and physics improvements in FLOR lead
to a better climatological sea ice. Using two measures of skill, anomaly correlation, and mean squared skill
score, we showed higher skill than in a persistence forecast in predicting summer and fall SIE year-to-year
variations in both prediction systems. One main finding is the enhanced skill in predicting summer SIE
(August–September) in CM2.1 compared with other dynamical systems. Wang et al. [2013] and Sigmond

MSADEK ET AL. ©2014. American Geophysical Union. All Rights Reserved. 5213



Geophysical Research Letters 10.1002/2014GL060799

et al. [2013] found that September SIE could be predicted 2–4 months in advance. Chevallier et al. [2013]
showed that predictions initialized in May provide skillful correlations for September but they did not test
earlier initializations and other target months. Our predictions of September SIE in CM2.1 were found to be
statistically significant for predictions initialized as early as 1 March, extending skill up to 6–7 months ahead.
Large correlations were also found in predicting November SIE variations for about 6 months (Figure 3). Fur-
ther, our study is the first to investigate seasonal skill of Arctic SIE using a global high-resolution atmospheric
model. Despite their different atmospheric and sea ice mean states, the two prediction systems were found
to give very similar skill in predicting Arctic SIE with comparable correlations for most months and lead
times. Larger MSSS values were found in FLOR, illustrating a better accuracy in the high-resolution model at
longer lead times. The similarity between the two prediction systems was surprising to the authors, and we
hypothesize based on it that initial conditions of ocean and sea ice are even larger players than atmospheric
conditions in predicting the year-to-year Arctic SIE few months ahead, at least in the GFDL models. The bet-
ter skill in predicting winter SIE in FLOR compared to CM2.1 suggests a larger sensitivity to atmospheric
conditions than during summer.

We showed that the predictions initialized in spring and summer have statistically significant correlations
for as long as 8 months in CM2.1. SIE initialized in spring was found to be correlated with SIE in fall, consis-
tent with the interaction between sea ice edge during the melting season and SST anomalies during the
growing season [Blanchard-Wrigglesworth et al., 2011]. The September and November detrended SIE predic-
tions showed the best skill, measured by the lead time at which the skill score remained significant. A return
of predictability was also suggested after 11 months in September, though statistical significance was lost.
Low skill was found in predicting June SIE even at short lead times, consistent with Sigmond et al. [2013],
pointing to shared model limitations in predicting sea ice changes during the melting season.

A number of processes may be responsible for the seasonal variability of the predicted SIE. A comprehensive
evaluation of the ability of the model to correctly capture each potentially relevant process is beyond the
scope of the present paper. Persistence and advection of SST anomalies can be a source of predictability
for winter sea ice [Bitz et al., 2005; Tietsche et al., 2014]. The better atmospheric mean circulation in FLOR
is favorable to a better heat flux convergence and hence a better winter sea ice distribution (Figure S4). A
detailed analysis of the impacts of FLOR improvements on the regional sea ice predictions will be further
explored in a forthcoming study.

Several attempts have been made in previous reconstructions to assimilate sea ice concentration and
include thickness information. However, thickness reconstructions remain sparse in space and time and
results have not been very conclusive so far, as there was no systematic improvement in the predictions
that assimilate direct sea ice observations. Limited skill was found in the National Centers for Environmental
Prediction Coupled Forecast System Model version 2 (CFSv2) model described by Wang et al. [2013], even
though it shares the same ocean and sea ice model as CM2.1. CFSv2 uses a different atmospheric model, and
it assimilates sea ice concentration, yielding different initial sea ice conditions and hence skill. This suggests
that differences in both the atmospheric model and the initial sea ice conditions can alter SIE predictions.

We further highlighted that predictions of SIE were state dependent, with larger skill for most seasons over
the last 20 years of the observed record than before the 1990s. This coincides with an increased number of
observations both in the ocean surface and subsurface, and it is encouraging for future predictions as the
number and quality of observations is expected to increase. The impact of assimilating Argo floats in partic-
ular, after 2003, could explain the improved initial conditions and is currently being assessed in sensitivity
experiments. However, retrospective predictions of September SIE were found to be more skillful in the
1990s than in the 2000s, with an apparent decline in skill after 2002 when the downward trend accelerated.
This degradation of skill coincides with a period of ice thinning and enhanced melting. Good skill was still
found in predicting the SIE of specific years like 2013, which was either fortuitous or suggestive that other
factors contribute to maintain the predictability. Caution is needed in interpreting such results given the
shortness of the record. Continuous observations will reveal whether the state dependence of sea ice pre-
dictability due to smaller thickness and changes in the observational system is a true persistent feature or a
transient phenomenon.

Our findings are encouraging for the overall ability of current climate forecast systems to provide valuable
sea ice predictions. Predictions may be further improved through a number of avenues. Our comparison
between CM2.1 and FLOR lead us to hypothesize that the role of initial conditions is a dominant factor. Our
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initial sea ice conditions, though realistic in terms of extent are biased compared with observations, with
overly thin ice in the central Arctic, suggesting possible improvements in future predictions with more real-
istic thickness conditions. Further, in the FLOR predictions, we have used ocean and sea ice initial states built
from a different model system, namely CM2.1. Providing an initial state more consistent with the underly-
ing model could enhance the skill in predicting pan-Arctic and regional Arctic sea ice cover. Finally, in the
FLOR predictions, we did not attempt to initialize the atmosphere beyond the information that can be recov-
ered from prescribing SST. Given the role of atmospheric patterns not necessarily linked to SST in affecting
sea ice motion, we suspect that atmospheric initialization of these modes may provide some additional
improvement, and possibly higher skill than in CM2.1, which will be explored in future work.

References
Bitz, C. M., M. M. Holland, E. C. Hunke, and R. E. Moritz (2005), Maintenance of the sea-ice edge, J. Clim., 18, 2903–2921.
Blanchard-Wrigglesworth, E., K. C. Armour, and C. M. Bitz (2011), Persistence and inherent predictability of Arctic sea ice in a GCM

ensemble and observations, J. Clim., 24, 231–250.
Chevallier, M., and D. Salas-Melia (2012), The role of sea ice thickness distribution in the Arctic sea ice potential predictability: A

diagnostic approach with a coupled GCM, J. Clim., 25, 3025–3038.
Chevallier, M., D. Salas-Melia, A. Voldoire, M. Deque, and G. Garric (2013), Seasonal forecasts of the pan-Arctic sea ice extent using a

GCM-based seasonal prediction system, J. Clim., 26, 6092–6104.
Delworth, T. L., et al. (2006), GFDL CM2 global coupled climate models. Part I: Formulation and simulation characteristics, J. Clim., 19,

643–674.
DeWeaver, E., and C. M. Bitz (2006), Atmospheric circulation and its effect on Arctic sea ice in CCSM3 simulations at medium and high

resolution, J. Clim., 19, 2415–2436.
Holland, M. M., D. A. Bailey, and S. Vavrus (2011), Inherent sea ice predictability in the rapidly changing Arctic environment of the

community climate system model, version 3, Clim. Dyn., 36, 1239–1253.
Kwok, R. (2011), Observational assessment of Arctic ocean sea ice motion, export, and thickness in CMIP3 climate simulations, J. Geophys.

Res., 116, C00D05, doi:10.1029/2011JC007004.
Lindsay, R. (2010), New unified sea ice thickness climate data record, Eos Trans. AGU, 91, 405–406.
Msadek, R., et al. (2014), Predicting a decadal shift in north Atlantic climate variability using the GFDL forecast system, J. Clim., in press.
Murphy, A. H. (1988), Skill scores based on the mean squared error and their relationships to the correlation coefficient, Mon. Weather

Rev., 116, 2417–2424.
Sigmond, M., J. C. Fyfe, G. M. Flato, V. V. Kharin, and W. J. Merryfield (2013), Seasonal forecast skill of Arctic sea ice area in a dynamical

forecast system, Geophys. Res. Lett., 40, 529–534, doi:10.1002/grl.50129.
Smith, G., et al. (2014), Preliminary evaluation of sea ice fields from the ocean reanalyses intercomparison project, CLIVAR Exch., 64, 32–34.
Stroeve, J., L. C. Hamilton, C. M. Bitz, and E. Blanchard-Wrigglesworth (2014), Predicting september sea ice: Ensemble skill of the SEARCH

sea ice outlook 2008–2013, Geophys. Res. Lett., 41, 2411–2418, doi:10.1002/2014GL059388.
Stroeve, J. C., V. Kattsov, A. Barrett, M. Serreze, T. Pavlova, M. Holland, and W. N. Meier (2012), Trends in Arctic sea ice extent from CMIP5,

CMIP3 and observations, Geophys. Res. Lett., 39, L16502, doi:10.1029/2012GL052676.
Tietsche, S., J. J. Day, V. Guemas, W. J. Hurlin, S. P. E. Keeley, D. Matei, R. Msadek, M. Collins, and E. Hawkins (2014), Seasonal to interannual

Arctic sea ice predictability in current global climate models, Geophys. Res. Lett., 41, 1035–1043, doi:10.1002/2013GL058755.
Vecchi, G. A., et al. (2013), Multiyear predictions of North Atlantic hurricane frequency: Promise and limitations, J. Clim., 26, 5337–5357.
Vecchi, G. A., et al. (2014), On the seasonal forecasting of regional tropical cyclone activity, J. Clim., in press.
Wang, M., and J. E. Overland (2009), A sea ice free summer Arctic within 30 years?, Geophys. Res. Lett., 36, L07502,

doi:10.1029/2009GL037820.
Wang, W., M. Chen, and A. Kumar (2013), Seasonal prediction of Arctic sea ice extent from a coupled dynamical forecast system, Mon.

Weather Rev., 141, 1375–1394.
Yang, X., et al. (2013), A predictable AMO-like pattern in GFDL’s fully coupled ensemble initialization and decadal forecasting system, J.

Clim., 26(2), doi:10.1175/JCLI-D-12-00231.1.
Zhang, S., M. J. Harrison, A. Rosati, and A. T. Wittenberg (2007), System design and evaluation of coupled ensemble data assimilation for

global oceanic climate studies, Mon. Weather Rev., 135(10), 3541–3564, doi:10.1175/MWR3466.1.

Acknowledgments
The data for this paper can be made
available upon request from the
authors. We thank the two review-
ers for their evaluation of the paper
and Jonny Day, Steffen Tietsche, Sarah
Keeley, Liwei Jia, Charles Stock, and
Desiree Tommasi for helpful discussion
and comments on an earlier version of
the manuscript.

The Editor thanks two anonymous
reviewers for their assistance in
evaluating this paper.

MSADEK ET AL. ©2014. American Geophysical Union. All Rights Reserved. 5215

http://dx.doi.org/10.1029/2011JC007004
http://dx.doi.org/10.1002/grl.50129
http://dx.doi.org/10.1002/2014GL059388
http://dx.doi.org/10.1029/2012GL052676
http://dx.doi.org/10.1002/2013GL058755
http://dx.doi.org/10.1029/2009GL037820
http://dx.doi.org/10.1175/JCLI-D-12-00231.1
http://dx.doi.org/10.1175/MWR3466.1

	Importance of initial conditions in seasonal predictions of Arctic sea ice extent
	Abstract
	Introduction
	Forecast System Design and Initial Conditions
	Results
	Conclusions and Discussion
	References



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /All
  /Binding /Left
  /CalGrayProfile (None)
  /CalRGBProfile (ECI-RGB.icc)
  /CalCMYKProfile (Photoshop 5 Default CMYK)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.6
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages false
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.1000
  /ColorConversionStrategy /sRGB
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 524288
  /LockDistillerParams false
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo false
  /PreserveFlatness false
  /PreserveHalftoneInfo false
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Preserve
  /UCRandBGInfo /Remove
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
    /Courier
    /Courier-Bold
    /Courier-BoldOblique
    /Courier-Oblique
    /Helvetica
    /Helvetica-Bold
    /Helvetica-BoldOblique
    /Helvetica-Oblique
    /Symbol
    /Times-Bold
    /Times-BoldItalic
    /Times-Italic
    /Times-Roman
    /ZapfDingbats
  ]
  /AntiAliasColorImages false
  /CropColorImages false
  /ColorImageMinResolution 300
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.00000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /ColorImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasGrayImages false
  /CropGrayImages false
  /GrayImageMinResolution 300
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.00000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /GrayImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasMonoImages false
  /CropMonoImages false
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 400
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.00000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects true
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile ()
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<
    /ENU ()
  >>
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AllowImageBreaks true
      /AllowTableBreaks true
      /ExpandPage false
      /HonorBaseURL true
      /HonorRolloverEffect false
      /IgnoreHTMLPageBreaks false
      /IncludeHeaderFooter false
      /MarginOffset [
        0
        0
        0
        0
      ]
      /MetadataAuthor ()
      /MetadataKeywords ()
      /MetadataSubject ()
      /MetadataTitle ()
      /MetricPageSize [
        0
        0
      ]
      /MetricUnit /inch
      /MobileCompatible 0
      /Namespace [
        (Adobe)
        (GoLive)
        (8.0)
      ]
      /OpenZoomToHTMLFontSize false
      /PageOrientation /Portrait
      /RemoveBackground false
      /ShrinkContent true
      /TreatColorsAs /MainMonitorColors
      /UseEmbeddedProfiles false
      /UseHTMLTitleAsMetadata true
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /BleedOffset [
        0
        0
        0
        0
      ]
      /ConvertColors /ConvertToRGB
      /DestinationProfileName (sRGB IEC61966-2.1)
      /DestinationProfileSelector /UseName
      /Downsample16BitImages true
      /FlattenerPreset <<
        /PresetSelector /MediumResolution
      >>
      /FormElements true
      /GenerateStructure false
      /IncludeBookmarks false
      /IncludeHyperlinks false
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles true
      /MarksOffset 6
      /MarksWeight 0.250000
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /DocumentCMYK
      /PageMarksFile /RomanDefault
      /PreserveEditing true
      /UntaggedCMYKHandling /UseDocumentProfile
      /UntaggedRGBHandling /UseDocumentProfile
      /UseDocumentBleed false
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice


