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Abstract Using a perturbed parameter ensemble of a coupled climate model, emerging relationships are
identi� ed between sea ice area, net surface longwave radiation, and the atmospheric circulation over the
Beaufort gyre. There is a strong positive correlation between sea ice area and the net longwave radiation over
the ocean�ice surface during the melting season and a negative correlation during the freezing season. The
mechanisms responsible for the longwave radiation balance at the surface are mainly driven by sea ice
variations in the freezing season and by clouds in the melting season. A strong positive (negative) correlation
is also found between the fall (summer) total sea ice area in the Arctic and the sea level pressure over the
Beaufort High region. It is argued that as sea ice coverage is lost, static stability losses are severe in fall,
resulting in enhanced evaporation, vertical motions, and weakening of the general large�scale anticyclonic
circulation of the Beaufort High.

1. Introduction

The Earth's climate is a highly coupled system in which ocean, atmosphere, sea ice, land, ice sheets, and bio-
geochemical cycles interact. Moreover, teleconnections among different regions throughout the globe and
across scales increase the complexity of the system (Callaghan et al., 2012; Nobre et al., 2010; Wang et al.,
2004). High latitudes, in particular, experience signi� cant environmental change due to global climate
change (Screen & Simmonds, 2010). These regions are key in determining the planet's energy radiation bal-
ance and could also affect lower latitude climate through teleconnections (Sommerkorn & Hassol, 2009).
Earth system models are being used to study the coupled nature of the system and to make projections onto
the future climate. However, models are approximate representations of the real world. The errors, biases,
and uncertainties in model predictions are affected by model resolution, unresolved processes approximated
by parameterizations, imperfect knowledge of underlying physics, lack of observations, or the absence of
future analogs to evaluate model performance, among others. Because of feedbacks and interactions
between the ocean, atmosphere, and sea ice, uncertainties propagating in climate models could lead to dif-
ferent climate state representations.

There have been previous efforts in characterizing uncertainties in climate model parameters, mainly in the
context of stand�alone model con� gurations and to a lesser extent in coupled climate models. This is because
stand�alone simulations are signi� cantly cheaper to run than coupled simulations, as stand�alone compo-
nents do not interactively exchange information with the other components of the Earth's system. Many stu-
dies have addressed sensitivity to parameters in ocean models, mainly addressing subgrid mixing
parameterizations, wind drag, model domain and resolution, numerical formulations, and topography
(e.g., Alexanderian et al., 2012; Barnier et al., 2006; Hecht et al., 2008; Hecht & Smith, 2008; Hurlburt &
Hogan, 2000; Maltrud & McClean, 2005). For sea ice, studies that have examined sensitivity to model para-
meters in stand�alone con� gurations include Kim et al. (2006), Peterson et al. (2010), and Uotila et al. (2012).
More recently, Urrego�Blanco et al. (2016) conducted a comprehensive sensitivity analysis of sea ice thick-
ness and area to 39 model parameters using an emulator approach. For stand�alone atmosphere models,
Covey et al. (2013) conducted a sensitivity analysis to 27 parameters by applying the elementary effects
method to an ensemble of model simulations. Zhao et al. (2013) analyzed the sensitivity of radiative� uxes
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at the top of the atmosphere to cloud microphysics and aerosol parameters and Yang et al. (2013) the effect of
convection scheme parameters on the atmospheric circulation. While these studies provide signi� cant
insight into individual components, and their results can be taken as a� rst�order response of the climate
system, the lack of interaction among components could signi� cantly overlook climate feedbacks. In a
fully coupled context, fewer studies have addressed parameter sensitivity, and not much attention has
been paid, speci� cally, to high latitudes. Rae et al. (2014) conducted a sensitivity study of sea ice to
radiation, roughness lengths, ridging parameters, and ocean�ice transfer coef� cients in the sea ice
component. In this study we focus on parameters for which uncertainties have been identi� ed as
important in climate models. In particular, two sea ice and two cloud parameters, and an air�ocean
coupling parameter, all of which, could be relevant for the coupled Arctic climate system. The results in
the model ensemble are used to examine emerging relationships between different climate variables in
the Arctic. By perturbing sets of model parameters, the model evolves toward different climate states. We
use relationships in the ensemble to examine whether there are emerging relationships for pairs of
climate variables in the modeling system. This approach has been suggested by Collins et al. (2012) to
constrain uncertainties in climate projections by establishing statistical relationships between variables
simulated in historical scenarios and future projections. In this work, the different climate states are
produced by perturbing internal parameters in the model. If any emerging relationships are identi� ed,
they could provide insight into how the modeling system evolves under different con� gurations leading to
different climates. Initially, the emerging relationships (or constraints), appear as signi� cant statistical
relationships in model data, but ideally, they should bear physical explanations. Emergent constraints are
usually termed potential when these are simple statistical relationships between predictor and predictand,
promising when there is a suggested physical mechanism for such relationship or con� rmed when
physical evidence of a mechanism is credible (Klein & Hall, 2015). We identify a relationship involving
the longwave radiation balance at the surface, which is crucial for correctly reproducing formation and
melting of sea ice (Kay & Gettelman, 2009). A second emerging relationship involves an interaction
between the sea level atmospheric pressure over the Beaufort Sea and the Arctic sea ice coverage.

2. Methods
2.1. The E3SMv0�HiLAT �Coupled Climate Model

E3SMv0�HiLAT (EHV0) is a fully coupled climate system developed for the simulation of high�latitude pro-
cesses. Extensive description and performance assessment of the model have been documented in Hecht
et al. (2019). EHV0 evolves from the Community Earth System Model (Hurrell et al., 2013) and uses the
Version 5 of the Community Atmosphere Model with the spectral element dynamical core (CAM5�SE;
Dennis et al., 2012). The sea ice component is the Version 5 of the Los Alamos Sea Ice Model (CICE5;
Hunke et al., 2015). The ocean component uses the Version 2 of the Parallel Ocean Program (POP2;
Smith et al., 2010), and the land component of EHV0 uses the Community Land Model V4.5 (CLM4.5;
Lawrence et al., 2011). In addition to these, EHV0 also incorporated sea ice and ocean biogeochemistry com-
ponents and prognostic marine aerosols. The biogeochemistry and aerosol components, however, were not
used in the present study in order to reduce the complexity of the model. Further details about the model can
be found in Appendix A.

In this study, the coupled model is run at 1° horizontal resolution. The model initial conditions come from a
150�year coupled preindustrial run of the default EHV0 (Exp�01�01�06, Tables 1 and B1 in Appendix B). The

Table 1
Set of E3SMv0�HiLAT Model Parameters, Their Default, Minimum, and Maximum Values Used in the Experimental
Design in This Study

Parameter Component Units Min. Default Max. Description

C POP�CAM5 (�) 5 5 10 Atmospheric Stability parameter
cldfrc_rhminl CAM5 (�) 0.83 0.91 0.99 Water vapor threshold for cloud formation
micro_mg_dcs CAM5 � m 200 400 600 Auto�conversion ice crystals to snow
ksno CICE5 Wm/K 0.2 0.3 0.6 Snow thermal conductivity
rsnw_mlt CICE5 � m 800 800 2300 Maximum snow grain size during melting
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model parameters are perturbed as described in the following section, and the model is run for 80 years in 24
present�day model con� gurations (section 2.2 and Appendix B). In order to account for spinning up of the
model after the parameters have been perturbed and to account for decadal variability, only the last 30
years of the simulations are used to assess the model sensitivity.

2.2. Experimental Design and Sensitivity Measures

We consider� ve�model parameters in this study, two of them characterize snow properties in the sea ice
model, two others are involved in cloud macrophysics parameterizations, and one is a parameter coupling
the air�ocean through turbulent� uxes. Given the large computational expense, the coupled ensemble needs
to be designed to ef� ciently sample the� ve�dimensional parameter space. In Appendix B, we present the
sampling methodology and in Appendix C introduce the elementary effects framework providing measure-
ments to assess model sensitivities to each of the� ve individual parameters.

In climate models, parametric uncertainty arises from parameterizations for which accurate internal model
parameters are not well constrained. The number of uncertain parameters in these models can be very large.
Covey et al. (2013) and Urrego�Blanco et al. (2016) examined sensitivity to 39 and 27 parameters for a sea ice
model and an atmosphere model, respectively. It is almost prohibitive to examine that many parameters in a
fully coupled context because the involved computational cost.

Following Zhao et al. (2013) and Covey et al. (2013), we choosecldfrc_rhminl andmicro_mg_dcsas two para-
meters in the CAM5 cloud macrophysics formulation that by affecting surface shortwave and longwave
� uxes can also signi� cantly affect sea ice.cldfrc_rhminl is the relative threshold at which cloud formation
begins to occur, andmicro_mg_dcsis the ice crystal size at which they convert to snow. These may be rele-
vant for sea ice considering, for instance, Francis and Hunter (2006) who suggested that Arctic sea ice
responds heavily to variations in cloud coverage and to anomalous longwave radiation. Whilecldfrc_rhminl
could be expected to be important for cloud formation, assumptions such as the maximum random overlap
(Collins, 2001) used in the model could also directly affect cloud amount (Tompkins & Di Giuseppe, 2015).

Table B1
Ensemble Design of 24 Model Con� gurations

Case Trajectory C (�) cldfrc_rhminl (�) micro_mg_dcs(� m) ksno(Wm/K) rsnw_mlt (� m)

Exp�01�01 1 7.5 0.83 200 0.5 1800
Exp�01�02 1 7.5 0.83 200 0.5 800
Exp�01�03 1 5 0.83 200 0.5 800
Exp�01�04 1 5 0.83 400 0.5 800
Exp�01�05 1 5 0.91 400 0.5 800
Exp�01�06 1 5 0.91 400 0.3 800
Exp�02�01 2 10 0.99 400 0.2 1300
Exp�02�02 2 10 0.99 400 0.2 2300
Exp�02�03 2 10 0.99 600 0.2 2300
Exp�02�04 2 7.5 0.99 600 0.2 2300
Exp�02�05 2 7.5 0.91 600 0.2 2300
Exp�02�06 2 7.5 0.91 600 0.4 2300
Exp�03�01 3 10 0.83 400 0.4 2300
Exp�03�02 3 10 0.83 400 0.2 2300
Exp�03�03 3 10 0.83 600 0.2 2300
Exp�03�04 3 7.5 0.83 600 0.2 2300
Exp�03�05 3 7.5 0.83 600 0.2 1300
Exp�03�06 3 7.5 0.91 600 0.2 1300
Exp�04�01 4 6.25 0.99 200 0.4 1300
Exp�04�02 4 8.75 0.99 200 0.4 1300
Exp�04�03 4 8.75 0.99 200 0.4 300
Exp�04�04 4 8.75 0.99 200 0.6 300
Exp�04�05 4 8.75 0.91 200 0.6 300
Exp�04�06 4 8.75 0.91 400 0.6 300

Note. There are four trajectories, each consisting of six con� gurations. For any given parameter con� guration, the next
con� guration in the same trajectory is identical to the previous one, except for a perturbation in one of the� ve para-
meters perturbed in the ensemble.
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In a sensitivity study of a stand�alone version of CICE5, Urrego�Blanco et al. (2016) identi� ed that the
leading parameters driving sensitivity of sea thickness and area were the snow thermal conductivity
(ksno) and the maximum snow grain size during melting conditions (rsnw_mlt). Plausible values for those
parameters were found upon multiobjective validation with an uncertainty�based distance metric (Urrego�
Blanco et al., 2017). While these parameters adopt constant values in the model, it is known that they can
have strong temporal and spatial variability, for instance, in response to snow density and snow
metamorphism (Meinander et al., 2013; Sturm et al., 1997). Other studies have also identi� ed that the
stability of the atmospheric boundary layer could affect clouds and sea ice, through modulations of the
turbulent exchanges of heat and water vapor (Kay et al., 2016; Urrego�Blanco & Sheng, 2014). In EHV0,
the air�ocean turbulent exchanges are estimated using Monin�Obukhov similarity theory, in which
vertical gradients of momentum, temperature, and humidity are functions of coef� cients Cs and Cu for
stable and unstable atmosphere conditions, respectively, as de� ned by Large and Pond (1982). Several
coupled ocean and atmosphere models, including EHV0, useCs = 5 and Cu = 16. These coef� cients,
however, are highly uncertain and can range between 5< Cs < 10 and 13 < Cu < 22. It has been
established that this theory can be problematic in representing strongly stable atmosphere boundary
layers in polar areas. In particular, estimation of friction velocities can suffer from unphysical self�
correlations (Grachev et al., 2012; Mauritsen & Svensson, 2007). Moreover, turbulent� uxes are highly
sensitive to the choices of these parameters, mainly under stable conditions. For typical atmosphere
conditions of air density, humidity, temperature, and wind speed, we have, for instance, estimated
turbulent exchange coef� cients for the above range of uncertainties inCs and Cu. These calculations
revealed that when accounting for uncertainties inCs and Cu, turbulent exchanges can vary up to 8% in
the case of unstable atmospheres and up to 25% in the case of stable atmospheres. In this study, we have
chosen to examine the effect ofCs because it seems to results in more sensitivity in turbulent� uxes, and
because of computational expense, examining the two parameters is unpractical. In what follows, the
parameter under stable conditions (Cs), a stability will be referred to as simplyC. We then have selected
for this study the cloud, snow, and stability parameters described above, which are summarized in Table 1
. The table contains also the ranges over which the parameter values changed during the analysis.

Sensitivity measurements are estimated for EHV0 based on the model runs summarized in Table B1.
Relevant quantities for which sensitivity is examined include sea ice and near surface atmospheric and cloud
diagnostics in the Arctic region (Table 2). We use an elementary effects approach (Appendix C; Morris, 1991;
Campolongo et al., 2007) to determine the in� uence of the parameters in Table 1 on those variables. Theele-
mentary effectof a given parameter on a model variable represents the change of the variable upon perturb-
ing such parameter. Severalelementary effectsare used to estimatetotal effects. The effect of perturbing one
parameter at multiple model con� gurations is then calledtotal effectand is given by an average of elemen-
tary effects. Interactions among parameters occur when the spread of the distribution of elementary effects is
large, in which case the sensitivity depends upon values other parameters take. It is worth noting that getting
an actual distribution of elementary effects would require large number of model evaluations which is

Table 2
Sea Ice and Atmospheric Model Variables in the Arctic Examined the Present Study

Variable Units Description

IAREA km2 Total sea ice area (60…90°N)
IVOL km3 Total sea ice volume (60…90°N)
CLDLOW � Composited low cloud coverage below 700 hPa (average over 60…90°N)
PRECSL m/s Large�scale snow precipitation produced by cloud microphysics parameterization

(average over 60…90°N)
B.H. hPa Mean sea level pressure over the Beaufort Sea (between 72.5…80°N and

180…225°E; Serreze & Barrett, 2011)
A.L. hPa Mean sea level pressure over the Aleutian Low system (between 30…65°N

and 160…220°E; Trenberth & Hurrell, 1994 and Rodionov et al., 2004)
S.H. hPa Mean sea level pressure over the Siberian High (between 40…65°N and 80…120°E;

Panagiotopoulos et al., 2005)
TBOT °C Surface air temperature (average over 60…90°N)
QBOT kg/kg Surface air speci� c humidity (average over 60…90°N)
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computationally very expensive in many cases. Details about the elementary effects approach are presented
in Appendix C.

We focus the sensitivity analysis on the simulated seasonal�mean Arctic sea ice and atmospheric variables
indicated in Table 2. The seasonal means are obtained from the last 30 years of the model runs, after initially
spinning up the model for 50 years, as described in section 2.1. The seasonal values correspond to 3�monthly
means during JAN…MAR, APR…JUN, JUL…SEP, and OCT…DEC to represent winter, spring, summer, and
fall, respectively. In the next subsections, we� rst show how uncertainty in the� ve parameters in Table 1
affects the EHV0 model output and then the sensitivity of model results for sea ice volume (IVOL) and
sea ice area (IAREA), the Beaufort gyre circulation, and the low cloud coverage (CLDLOW). Additional sen-
sitivity measures for other Artic variables are also presented in Supporting Information. Finally, we examine
a few interesting emerging relationships in the ensemble, which provide insight into the coupled behavior of
the EHV0 modeling system.

3. Results
3.1. Sensitivity of Sea Ice, Beaufort Gyre Circulation, and Clouds to Model Parameters

The simulated sea level pressure over the Beaufort High (B.H.) is robust in the 24�member ensemble, with
the notable exception of the fall (Figure 1a). The spread in the fall B.H. features an interquartile range of
about 8 hPa., which is signi� cantly larger than in other seasons and for other atmospheric pressure systems
such as the Aleutian Low (A.L.) and Siberian High (S.H.) (not shown). The spread in the simulated IAREA
and IVOL (Figures 1b and 1c) in the coupled system is qualitatively similar to that obtained for the stand�
alone simulations in Urrego�Blanco et al. (2016). In both cases, the largest uncertainties occur in summer
and fall for IAREA and year�round for IVOL. The spread is, however, quantitatively much larger in coupled
than stand�alone simulations during fall, winter, and spring, due to very thick sea ice occurring in about 25%
of the con� gurations in the coupled ensemble. In coupled simulations, there are no constraints imposed by
prescribed atmospheric forcing as in the stand�alone simulations of Urrego�Blanco et al. (2016), and instead
the atmospheric conditions may evolve to states promoting excessive ice growth rates. The parameter uncer-
tainty is relatively large for the CLDLOW (Figure 1d), which, as will be shown later, may have signi� cant
implications for simulated coupled climate in the Arctic.

We compute the mean of the elementary effects (� , Appendix C) in order to get an idea of what the
sign of the model response is to perturbations in individual parameters. Figure 2 shows� for sea ice

Figure 1. Uncertainty in simulated model output variables from the 24 experiments in Table B1. The colored boxes indi-
cate the range between the 25% and 75% percentiles, with the median value shown as a horizontal white line. The
whiskers span the range between the minimum and the maximum simulated in the ensemble for each of the output
variables. The variables in the� gures are (a) mean sea level pressure over the Beaufort High region, (b) total sea ice area,
(c) total sea ice volume, and (d) mean low cloud coverage.
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volume and area, cloud coverage, and the B.H. index (white circles indicates the effect is statistically
different from zero). Several effects are not signi� cantly different from zero, due in some cases to
strong sensitivities in opposite directions that on average tend to cancel each other. The sign of the
responses to all parameters have the same sign year�round for the sea ice variables, IAREA and
IVOL (Figures 2b and 2c). The total IAREA and IVOL in the Arctic generally decrease asrsnw_mlt,
cldfrc_rhminl, and micro_mg_dcsincrease but increase in response to increases inksno. Increasing
rsnw_mlt (affecting snow grain size during melting conditions) allows the snow grains to grow more,
which reduces the albedo of the sea ice pack and warms the surface, promoting sea ice melting. The
response of sea ice to the cloud parameters (cldfrc_rhminl and micro_mg_dcs) may be related
indirectly to changes in optical thickness of clouds, which in turn affects the amounts of shortwave
and longwave radiation reaching the ocean�ice surface. The response of IAREA and IVOL to
cldfrc_rhminl seems to contradict the cloud cooling effect in summer. This cooling effect, however,
does occur as presented in Figure 3a by negative cloud radiative forcing (CRF) values and
exacerbated as CLDLOW increases. Figure 3c also shows the lagged relationships between the
seasonal CRF and the summer sea ice across different model con� gurations. There is very good
correlations between summer IAREA and seasonal CRF, in alignment with preconditioning and
contemporary effects of cloud radiative� uxes on summer sea ice (Cox et al., 2016; Kay et al., 2008;
Liu & Key, 2014). For instance, negative (seasonal) lagged correlations between fall/winter CRF and
summer IAREA are consistent with reduced ice cover the next summer, possibly preconditioned by
increased cloud warming in fall and winter. Further insight could be achieved by analyzing these

Figure 2. Total effects of input parameters (Table 1) in affecting seasonal�mean values of (a) mean sea level pressure over
the Beaufort High region, (b) total sea ice area, (c) total sea ice volume, and (d) mean low cloud coverage. Effects are
based on the� statistic (Appendix C) of the elementary effects computed from the experiments in Table B1, with white
circles indicating the values are different from zero at the 90% signi� cance level.
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lagged correlations on an individual model setting to examining preconditioning on an interannual
variability setting, which is beyond the scope of this study. The net longwave and shortwave
radiation at the surface (not the CRF) are presented in Figure 4, which indicate that, in general, for
the climates simulated in the ensemble, FSNS > FLNS (consistent with surface warming as IAREA

Figure 3. Scatterplots of seasonal�mean cloud radiative forcing (CRF) against (a) zero�lag low cloud concentration (CLDLOW), (b) zero�lag sea ice area (IAREA),
and (c) summer�mean sea ice area (IAREAsummer).

Figure 4. Scatterplots of seasonal�mean (a) net longwave radiation at the ice�ocean surface (FLNS) and sea ice area
(IAREA), (b) net shortwave radiation at the ice�ocean surface (FSNS) and sea ice area (IAREA), (c) net longwave
cloud radiative forcing (FLNSCRF) and IAREA, and (d) FLNSCRF and low clouds concentration (CLDLOW) simulated by
the E3SMv0�HiLAT �coupled climate model ensemble of 24 experiments.
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shrinks and cloud coverage increases, not shown). This behavior seems
to suggest that while surface cooling due to clouds occurs in summer,
its effect is not strong enough to offset summer warming. In some
model con� gurations in Figures 3a and 3b, relatively small amounts
of clouds in summer are associated with relatively large sea ice extent
and small open water areas. The IAREA for these members are close
to values for fall and winter regimes, resulting in positive CRF (warm-
ing) in summer. The role ofksnoin producing a more extensive sea ice
pack is explained as largerksno promote ocean heat losses and subse-
quent sea ice formation. The seasonal response tocldfrc_rhminl has
opposite signs for CLDLOW in winter and spring or for B.H. in sum-
mer and fall (Figures 2a and 2d). In particular, increasing the relative
humidity at which low clouds are formed (cldfrc_rhminl) results in less
cloud coverage in winter but more coverage in spring, summer, and
fall. We speculate that this somewhat counterintuitive result might
occur because clouds may be depleted relatively soon under a low rela-
tive humidity threshold but could be sustained longer in response to
an increased frequency of high relative humidity events in certain cells
or the number of cells with high relative humidity with a higher

threshold. We also speculate that with highcldfrc_rhminl, more water vapor would be available to form
more extensive and thicker clouds than with lowcldfrc_rhminl. The B.H. is strengthened in summer
and weakened in fall, in both cases upon increasingcldfrc_rhminl (Figure 2a) as will be discussed
further in section 4.2. Noteworthy is the effect of theksno on clouds. Increasingksno results in reduc-
tions of cloud cover in summer and fall, possibly because a more extensive sea ice pack (associated with
large ksno) inhibits evaporation and subsequent cloud formation. In the next sections, we will expand
the discussion about the connections between clouds, sea ice, and Arctic atmospheric
circulation features.

3.2. Emerging Relationships in Ensemble Runs

The perturbed parameter ensemble of 24 model simulations conducted with EHV0 is used to examine rela-
tionships among different climate variables in the Arctic. We have identi� ed a few emerging relationships in
the 24�member ensemble, which are potentially important for sea ice and atmosphere interactions in the
Artic. A � rst relationship involves the longwave radiation balance at the surface, which is crucial for cor-
rectly reproducing formation and melting of sea ice (Kay & Gettelman, 2009). The relationship is illustrated
in Figure 4a where scatterplots of seasonal�mean simulated net longwave radiation at the surface (FLNS,
positive upward) and IAREA show two distinct modes. During the freezing season (fall and winter), model
con� gurations promoting states with larger sea ice coverage result in reduced net longwave radiation at the
ice�ocean surface. In the melting season (spring and summer), on the other hand, for larger sea ice coverage
and fewer open ocean areas exposed directly to the atmosphere, the FLNS quickly increases. Figure 4b shows
the relationships between the net shortwave at the surface (FSNS) and the Arctic IAREA. There is a strong
relationship between FSNS and IAREA mainly in summer and spring and to a much lesser extent in fall and
winter. In general, as the incoming solar radiation reaching the ocean�ice surface increases, the IAREA
decreases. In spring and summer, along with the reduction in sea ice and increased FSNS in the ensemble,
there is also an increased cloudiness (not shown) which would be the result of enhanced evaporation. While
the increased cloudiness would, in principle, result in less shortwave radiation reaching the ice�ocean sur-
face, this mechanism does not seem to be large enough to offset the FSNS�IAREA relationship seen in
Figure 4b and discussed in section 3.1.

A second emerging relationship that we are able to identify using the 24 model runs in this study involves an
interaction between the sea level atmospheric pressure (B.H.) and the IAREA coverage over the Beaufort
Sea. The scatterplots in Figure 5 indicate a positive correlation between these two indices during fall. This
would suggest that if strong declines in simulated IAREA were to occur in fall, those would be accompanied
by signi� cant weakening of the anticyclonic circulation over the B.H. The pattern, however, does not show
up in spring and summer, when the simulated B.H. is robust (albeit a less pronounced negative, but

Figure 5. Scatterplots of seasonal�mean sea level pressure (B.H.) and the sea
ice area (IAREA) over the Beaufort Sea simulated by the E3SMv0�HiLAT �
coupled climate model ensemble of 24 experiments.
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signi� cant correlation with IAREA) and much less sensitive to either
changes in sea ice coverage or in the values of parameters in Table 1.

In both of the above cases, the relationships are constructed using the
model responses to parameter uncertainty within the ranges shown in
Table 1. As discussed in this and the previous section, the spread in model
results across the ensemble is caused by the model sensitivity to the cloud
parameters and toksno. In the next section, we discuss in more detail
these emerging relationships in the context of parameter sensitivity and
ice�cloud interactions.

4. Discussion

In this section, we discuss in more detail the� ndings in the previous sec-
tion regarding the emerging relationships between IAREA and the net
longwave radiation at the ocean�ice surface and between ice area and
the atmospheric circulation over the Beaufort Sea.

4.1. Relationships Between Sea Ice, Clouds, and the Net Longwave
Radiation at the Ocean �Ice Surface

In order to understand the different FLNS�IAREA relationships in the melting and freezing season in
coupled simulations (section 3.2), one needs to be aware of the longwave radiation terms at the ocean�ice
interface with the atmosphere. Considering upward longwave radiation (FLUS) positive, a� rst component
is the outgoing radiation controlled by the ice�ocean surface temperature, and a second component is the
downward longwave radiation (FLDS) controlled to a large extent by clouds in the overlying atmosphere.
The FLNS is then FLNS = FLUS� FLDS. Ignoring feedbacks, one could argue that changing FLNS can occur,
for instance, in response to changes in sea ice coverage or to changes in cloud coverage. As the IAREA cover-
age increases, both the average temperature of the ice�ocean surface and FLUS diminish, and consequently
FLNS decreases as well. From 10�year observations of surface radiative� uxes near Svalbard Island, Yeo et al.
(2018) found that the net surface longwave radiation in the freezing season increased as both the cloud frac-
tion and the surface temperature increased. This would agree with the pattern seen in Figure 4a for the freez-
ing season but could not explain the melting season pattern. The relatively large effect of the surface
temperature can be related, to some extent, with the fact that the surface ice�ocean temperature contrast
is much larger in winter than in summer, because the ice�snow surface is close to melting temperature in
summer but can be very low in winter. If, on the other hand, one considers cloudiness increase, this would
increase the FLDS, which would also lead to decreasing FLNS. During the melting season, there is a strong
inverse relationship between the CLDLOW and the sea ice coverage, mainly during the summer months
(Figure 6). Relatively high cloud coverage conditions occur along with relatively low sea ice coverage in
the Arctic because large open water areas produced by increased solar heating make moisture available to
create clouds. According to that relationship, as sea ice decreases, increasing clouds would emit more
FLDS, decreasing the FLNS at the surface, potentially explaining the FLNS�IAREA pattern during the melt-
ing season in Figure 4a.

Figure 7 illustrates the distinct response of net longwave at the ocean�ice surface to changes in cloud cover-
age over the Arctic. It shows changes in downward longwave radiation (� FLDS = FLDSExp�03�05 …FLDSExp�

03�06) and net longwave at the surface (� FLNS) upon perturbing the water vapor threshold for cloud forma-
tion cldfrc_rhminl = 0.83 in Exp�03�05 tocldfrc_rhminl = 0.91 in Exp�03�06. The top row corresponds to sum-
mer and the bottom row to fall. Both in summer and fall, the sea ice coverage signi� cantly increases as
cldfrc_rhminl decreases between Exp�03�06 and Exp�03�05 (Figure 8). Reducingcldfrc_rhminl from 0.91 to
0.83 (Exp�03�06 to Exp�03�05) does not yield a qualitatively different downward longwave response between
summer and fall (� FLDS): both seasons have reduced cloud coverage accompanied by a decrease in� FLDS
(Figures 7b and 7d). The FLNS, however, has the opposite response to changes incldfrc_rhminl in summer
and fall (Figure 7a and 7c) in areas where sea ice is present. In particular, changingcldfrc_rhminl from 0.91
(Exp�03�06) to 0.83 (Exp�03�05) increases the FLNS in summer while producing a decrease in fall. In sum-
mer, the mean low cloud coverages change from 0.78 to 0.67 when going fromcldfrc_rhminl = 0.91 to
cldfrc_rhminl = 0.83, which decreases the FLDS and increases FLNS. In fall, less clouds are associated

Figure 6. Scatterplots of seasonal�mean low cloud coverage (CLDLOW)
over Arctic and the Arctic sea ice area (IAREA) simulated by the E3SMv0�
HiLAT �coupled climate model ensemble of 24 experiments.
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with increased sea ice coverage, cooling the ocean�ice interface with the atmosphere and decreasing both the
FLUS and the FLNS. Therefore, if changes in FLUS dominate,� FLNS should be negative. While Figure 7
illustrates the distinct responses by perturbingcldfrc_rhminl at speci� c model con� gurations, the pattern
also occurs in other trajectories within the ensemble as illustrated in Figure 9 by the total effects of
cldfrc_rhminl on FLNS during the freezing (fall and winter) and the melting (spring and summer) seasons.

To further explore these mechanisms, Figure 10 presents the seasonal�mean FLNS in the 24 experiments,
which have been sorted in ascending order and plotted against their corresponding seasonal�mean FLDS.
In winter and fall (Figures 10a and 10c), FLNS keeps increasing in spite of increases in FLDS (and cloudi-
ness); therefore FLNS should respond more to FLUS (ice�ocean surface). In spring and summer, however,
FLNS increases as FLDS decreases, indicating a more active role of FLDS in the FLNS response. This indi-
cates that the mechanisms responsible for the longwave radiation balance at the surface are mainly driven
by sea ice variations in the freezing season and by clouds in the melting season.

In order to further examine the role of changing sea ice cover in the FNLS response, we consider theksno.
Urrego�Blanco et al. (2016) showed that IAREA and IVOL are very sensitive to the choice ofksnoin model
simulations. They argued that relatively small increases inksnocan signi� cantly enhance heat losses in the
upper ocean during the freezing season, increasing the congelation rates at the bottom of the sea ice pack,
which in turn results in a thicker and more extensive sea ice pack. The responses of IAREA and thickness
to ksno are qualitatively similar (positively correlated) between coupled simulations (Figures 2b and 2c)

Figure 7. The summer (top) and fall (bottom) differences in net (FLNS, left) and downward (FLDS, right) longwave radia-
tion at the ocean�ice surface between Exp�03�05 and Exp�03�06.
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and what was found by Urrego�Blanco et al. (2016). Intuitively, one could expect that a more extensive sea
ice pack produced by largerksnowould reduce the net longwave radiation at the ocean�ice surface. Clearly, a
more extensive sea ice pack implies lower surface temperatures, with less upward longwave radiation.
Figure 9, however, indicates that asksno increases (more extensive sea ice pack), the FLNS increases as
well. An explanation for this somewhat counterintuitive result must rely on clouds, which control the
FLDS contributing to the net FLNS. This means that changes in sea ice coverage must affect cloud
formation, which feed back onto the net surface longwave radiation balance. The inverse relationship
between IAREA and CLDLOW in Figure 6 con� rms that associated with a reduction in IAREA, there is
an increase in areal coverage of low clouds. A direct effect of a less extensive sea ice pack on clouds could
be the enhancement of evaporation rates, which can provide, in turn, more water vapor for additional
cloud formation. The more extensive cloud coverage would therefore provide an increased FLDS that
would offset the effects of changes in sea ice on the net longwave radiation balance as it is evident in
Figure 4d.

The CRF associated with the FLNS (FLNSCRF = FLNS…FLNSclear_sky) is plotted against IAREA and
CLDLOW in Figures 4c and 4d. In the four seasons, FLNSCR increases linearly with IAREA, implying that
as sea ice area decreases, the cloud effect becomes more important (more negative FLNSCRF values). It is
clear (not surprisingly) that the large cloud radiative effect is associated with large concentrations of low
clouds in spring, summer, and fall (Figure 4d). By comparing Figure 4c and Figure 4a (consider FLNS�
FLNSCRF), it is clear that the component of FLNS associated with clear skies conditions is, to a large

Figure 8. The summer (top) and fall (bottom) sea ice concentrations in Exp�03�05 and Exp�03�06.
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extent, independent of the sea ice coverage in spring and summer. These
effects are, on the other hand, dependent upon the character of the ocean�
ice surface during fall and winter. In particular, as there is a less extensive
sea ice coverage, the upward component of the FLNS is much larger than
with large amounts of sea ice coverage. This is consistent with the discus-
sion in the previous paragraph, in which the ocean�ice surface dominates
the net longwave budget at the surface during fall and winter.

4.2. Relationship Between Sea Ice Coverage and Atmospheric
Circulation Over the Beaufort Sea

The relationship described in section 3.2 and Figure 5 represents a poten-
tial emerging constraint that points at signi� cant differences between the
sea ice�atmosphere interactions in the central Arctic during the freezing
and the melting seasons. In particular, it shows a signi� cant positive cor-
relation between the total IAREA and the simulated sea level pressure
over the Beaufort Sea in fall, in which decreases in sea ice coverage are

associated with weakening of the anticyclonic atmospheric circulation (B.H.). During summer, the correla-
tion is still signi� cant, but negative. In particular, decreases in sea ice coverage are accompanied by strength-
ening of the cyclonic circulation of the B.H. During winter and spring, these correlations are negligible
because ice coverage in the central Arctic is almost at its maximum through most of these seasons. If one
considered the entire Artic, a similar relationship to that in fall would emerge for winter as the ice edge is
unbounded to extend beyond the Arctic into the subpolar seas.

Kay and Gettelman (2009) found a strong association between sea ice and clouds in fall, in which clouds
mainly respond to changes in sea ice through air�sea ice temperature gradients and reduced static stability.
Along these lines, Liu and Schweiger (2017) also found a negative correlation between low clouds in the
Arctic and the lower troposphere static stability. In contrast, because air�sea ice temperature gradients are
less pronounced in summer, the lack of coupling through instability would damp signi� cantly the cloud
response to sea ice. We also found signi� cant correlations between clouds and sea ice in summer, spring,
and fall, as discussed in section 4.1. Here we note that the different mechanisms of interaction of sea ice
and clouds in summer and fall suggested by Kay and Gettelman (2009) could also extend to the relationships
between the B.H. and IAREA presented in Figure 5. In particular, the strong correlation in fall and winter
may be well explained by changes in static stability in the lower atmosphere. As the sea ice pack shrinks,
more open water areas come in contact with the atmosphere, which by fall and winter are signi� cantly

Figure 9. Elementary effects (� ) of the input parameters in Table 1 on the
seasonal�mean net longwave radiative balance at the ocean�ice surface
(FLNS) over the Arctic.

Figure 10. Seasonal�mean net (FLNS) and downward (FLDS) longwave radiation at the ocean�ice surface averaged over
the Arctic Ocean in the 24�member perturbed parameter ensemble of the E3SMv0�HiLAT �coupled model. The data points
have been sorted according to increasing FLNS in each season.
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colder than the ocean surface. These conditions are favorable for unstable boundary layers and their subse-
quent deepening (Curry et al., 1996). The vertical motions associated with reduced subsidence enhance
large�scale cyclonic circulations, weakening the high pressure system of the B.H. At the same time, turbulent
exchanges of heat and moisture (Kay & Gettelman, 2009) result in more evaporation and cloud formation.

In the present study, we found strong negative correlations between IAREA and evaporation rates in both
fall (0.95) and summer (0.90), with a linear relationship� ve times steeper in fall than in summer (not
shown). The pattern in fall is so pronounced that it would be consistent with reduced static stability as
the sea ice pack shrinks. This would incentivize large�scale low�pressure associated with cyclonic motions
that would weaken the prevailing anticyclonic motions of the B.H. pressure system. Somewhat along those,
lines Moore et al. (1996) argue that the interaction between the tropospheric polar vortex and surface circu-
lation features is enhanced in regions of low tropospheric static stability where surface heating increases
penetration depths of upper level circulation anomalies. Moore et al. (2018) reported that the anomalous
warm winter of 2017 that saw record sea ice minimums accompanied reversal of surface winds and general
motion departing from the normal anticyclonic activity over the Beaufort Sea. Different from the pattern
seen in the freezing season in our analysis, the less pronounced dependence between sea ice and evaporation
in summer indicates that the effect of sea ice on static stability and evaporation may not be enough to cause
signi� cant effects on the anticyclonic circulation and the high pressure system over the Beaufort Sea.
Instead, the summer sea ice and B.H. relationship would be largely explained by sea ice advection through
the Fram Strait out� ow, which is partly driven by the strength of the anticyclonic circulation in the B.H.
(Rigor et al., 2012). In fact, it has been previously reported that the B.H. has been strengthening since
1990 and that a stronger summer B.H. occurs with reduced sea ice extent (Moore, 2012; Screen et al.,
2011). In Figure 5, the summer relationships between IAREA and B.H. in the 24 con� gurations are in agree-
ment with the previous studies.

5. Summary and Conclusions

The study examines responses of the EHV0�coupled climate model to parameters previously identi� ed as
being the leading parameters driving parameter uncertainty in stand�alone model components. In particu-
lar, we have examined the joint effect of CAM cloud parameterscldrfrc_rhminl and micro_mg_dcs, CICE
snow on sea ice parametersksnoand rsnw_mlt, and POP�CAM air�ocean coupling parameterCs (Table 1).
A model ensemble was designed to run EHV0 at 24 model con� gurations, where the� ve�model parameters
are perturbed one�at�a�time in a set of four sampling trajectories. The sampling method was aimed and ef� -
ciently explored the� ve�dimensional parameter space by maximizing the Euclidean distance between all 24
model con� gurations. This method was chosen because given the cost of fully coupled runs, the total num-
ber of simulations was relatively low and not suitable for an a priori more appealing method such as Monte
Carlo or quasi Monte Carlo techniques.

It was shown that parameter uncertainty signi� cantly affects simulated sea ice year�round. Atmospheric cir-
culation indices are relatively robust, except for large parameter uncertainties in the simulated B.H. in fall.
Much of the simulated uncertainty was shown to arise from perturbations in cloud parameters, mainly as
related to the critical threshold for conversion of water vapor to clouds. Albeit this parameter initially only
affects cloud concentration, it triggers responses in sea ice, atmospheric circulation, radiation balance, feed-
backs, and interactions in the coupled system. The ensemble approach allowed the examination of emerging
relationships in the model's behavior as different parameter combinations produced different climate states.
We found relationships that hint at different mechanisms mediating the coupled climate interactions in the
melting and the freezing seasons. Of particular interest were (1) the seasonal relationships between the net
surface longwave radiation and the total IAREA in the Arctic and (2) the relationship of the atmospheric cir-
culation over the Beaufort gyre and the total IAREA in fall. The positive correlation between FNLS and
IAREA in the melting season was shown to be modulated by clouds, while the opposite correlation found
in the freezing season was shown to be dominated by sea ice. Given the crucial role of the surface radiation
balance for sea ice melting and formation, further exploration of the strength of the FNLS�IAREA relation-
ships would be required in multimodel settings. The second relationship points toward a link between open
water and sea ice anomalies on evaporation, boundary layer stability, and the strength of the anticyclonic
circulation of the B.H.
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This study has highlighted some intertwined cloud and sea ice interactions in the Arctic and how these
mechanisms act differently during the melting and freezing seasons. These results have implications to
understand high�latitude feedbacks and suggest the need to better characterize the role of moisture in cou-
pling ocean, sea ice, and atmospheric interactions. The results can also provide a complementary perspective
for predictability studies and help constrain model behavior for calibration activities.

Appendix A: Description of EHV0 A

Following Hecht et al. (2019), EHV0 incorporates features to improve the representation of high�latitude
processes, in particular within the atmosphere and the sea ice components to reduce shortwave cloud biases
and to improve aerosol transport to high northern latitudes. The atmosphere component includes the mod-
i� cations of the underlying CAM5.3 to reduce shortwave cloud forcing biases and in addition uses a hybrid
numerical coupling between the resolved dynamics and subgrid physics to minimize water conservation
error. In CAM5�SE, the stratiform cloud macrophysics and microphysics follow the parameterizations
described by Park et al. (2014) and Morrison and Gettelman (2008), respectively. The shallow cumulus cloud
parameterizations follow Park and Bretherton (2009), and the deep convective cloud physics described in
Neale et al. (2008). The sea ice model component solves the dynamic and thermodynamic equations for mul-
tiple thickness categories (Hunke et al., 2015) and uses an elastic�viscous�plastic rheology to parameterize
deformation of the sea ice pack (Hunke & Dukowicz, 1997). Sea ice redistribution across thickness categories
is accounted for following Lipscomb et al. (2007). The sea ice pack is also treated as an ice�brine mushy layer
with prognostic temperature and salinity through seven vertical layers (Turner et al., 2013). Meltwater and
liquid precipitation over sea ice are tracked in a level�ice pond formulation (Hunke et al., 2013). The radia-
tive � uxes affecting formation and melt of sea ice are computed using a delta�Eddington radiation model
based on the inherent optical properties that de� ne scattering and absorption of the snow�ice surface
(Briegleb & Light, 2007; Holland et al., 2012). The ocean model component has 60 vertical z�levels with 10
m resolution at the surface and 250 m at the bottom layer (Danabasoglu et al., 2012). The model includes
an eddy parameterization based on Gent and McWilliams (1990), the K�pro� le boundary layer scheme of
Large et al. (1994), and a dense water over� ow scheme of Briegleb et al. (2010). The coupling procedure
between the atmosphere, sea ice, and ocean components is detailed in Large (2006). Relevant for the present
study is the calculation of the air�ocean turbulent � uxes, for which the transfer coef� cients are estimated
from dimensionless� ux pro� les of momentum, heat, and moisture (Large & Pond, 1982).

Appendix B: Sampling Methodology B

The objective is to produce an ensemble of model con� gurations that adequately cover the parameter space.
Typical sensitivity studies are done on the basis of one�at�a�time experiments, where a single parameter is
perturbed from some control run while keeping the rest of the parameters� xed. Ideally, Monte Carlo or
quasi Monte Carlo techniques would be good choices if computational cost was not a constraint (Saltelli
et al., 2008). Because of the computational of running coupled climate simulations, we seek an intermediate
approach between pure one�at�a�time and more ef� cient space�� lling approaches. We sample model con� g-
urations along•trajectoriesŽ in parameter space, where a sampling trajectory consist of a series of model
con� gurations in which two adjacent con� gurations differ only by the value of one single parameter. A tra-
jectory provides the opportunity to examine once the effect of changing each of the model parameters. To
examine different regions of parameter space, several trajectories can be used, depending on the available
computational resources.

In designing the sampling trajectories, rather than considering parameter values that vary continuously
within plausible ranges, one de� nes levels at speci� c values, usually equally separated within those ranges.
Here we divide the parameter ranges in Table 1 in� ve equally spaced coordinate levels. For instance, the
parameterksno ranging between 0.2 and 0.6 Wm/K would be examined at the 0.2, 0.3, 0.4, 0.5, and 0.6
Wm/K levels. With k = 5, the number of model parameters to be perturbed, the number of model con� gura-
tions contained in a path isk + 1 = 6. The sampling is started by selecting a random point in the� ve�
dimensional parameter space. That initial con� guration is then perturbed randomly along one of the� ve
parameters to obtain the second point within that path. The third point in that trajectory is obtained by
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randomly perturbing one of the remaining four parameters, and the process repeats for the remaining para-
meters until the entire trajectory made up of 6 points is completed. Ideally, the sampling design should
include as many trajectories as possible. In this study, we use 4 trajectories containing a total of 24 model
con� gurations. A set of randomly generated trajectories could also be undesirably close to each other in
parameter space. An additional step is needed to guarantee that the set of trajectories is suf� ciently spread
to ef� ciently cover the parameter space. We generated 100 sets of 4 trajectories and proceeded to compute
the Euclidean distance among them. We chose the trajectory set with the largest distance according to
equation (B1), providing the largest spread within the parameter space (Campolongo et al., 2007).

dml ¼ �
kþ 1

i¼1
�
kþ 1

j¼1

����������������������������

�
k

z¼1
Xm

i � Xl
j

h i 2
s

(B1)

whereXm
i indicates the coordinate level (as described in the previous paragraph) of theith point in the mth

trajectory anddml is the distance between a couple of trajectoriesm and l. The total distance of a set M com-
posed of four trajectories (M = [a, b, c, d]) is Da;b;c;d ¼

������������������������������������������������������������������������
da;b þ da;c þ da;d þ db;c þ db;d þ dc;d

p
. The ensemble

design for the� ve parameters used in this study is presented in Table B1. While adding more trajectories to
the sampling design would improve parameter space coverage, the four trajectories used in this are a good
compromise between optimal coverage and computational cost. In particular, comparing the minimum
and maximum values in Table 1, with the values used in the 24 con� gurations in Table B1, it is clear that
the sampling has chosen parameter near the edges as well as intermediate parameter values.

Appendix C: Sensitivity Measurements C

We describe the indices used in this study to explore sensitivities of model output to each one ofk inputs over
the entire parameter space. Following Morris (1991), letX be a set ofk model parameters, where each com-
ponent Xi (i = 1, ƒ ,k) are coordinate levels (Appendix B) corresponding to individual parameters ink�
dimensional parameter space. For sampling purposes, that space uses a grid de� ned by discrete levels (p)
along each of thek input parameters. For the purpose of this study, we assume that the input parameters
vary uniformly between the minimum and maximum values given in Table 1 atp = 5 uniformly spaced
levels. Note that the discretization does not need to assume the parameters are uniformly distributed but
can use other probability distributions if prior knowledge about them is available. However, uniformity
assumption is a better choice when the number of samples to be drawn is relatively small. As discussed in
Appendix B, the experimental design uses sampling trajectories in which each parameter is changed only
once. The elementary effect (E) for the ith input parameter atX = (X1, X2, ƒ , Xi�1, Xi, Xi + 1, ƒ , Xk) would be:

Ei Xð Þ ¼
y X1; ƒ ; Xi� 1; Xi þ � ; Xiþ 1; ƒ ; Xkð Þ� y Xð Þ

� �
(C1)

where y represents any output variable (e.g., sea ice thickness, cloud coverage, etc.) that is a function ofk
input parameters, for which sensitivity toXi is being evaluated.� is the perturbation of theith parameter
in terms of a fractional change in the (0,1) interval. We use� as the nondimensional distance in (0,1) by
which each parameter is perturbed, instead of the actual perturbation value. This is to allow elementary
effects of different input parameters to have the same units as the variable for which sensitivity is evaluated.

In order to compute the elementary effects of one input parameter, two consecutive experiments are
required as in equation (C1). There is one elementary effect per parameters in each of the sampling trajec-
tories. The analysis of the overall effects uses the following statistics of the elementary effects, calculated over
r = 4 sampling paths:

� *
i ¼

1
r

�
r

j¼1
Ei;j

�
�

�
� (C2)

� i ¼
1
r

�
r

j¼1
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� i ¼

�����������������������������
1
r

�
r

j¼1
Ei;j � � i

� � 2

s

(C4)

whereEi,j represents the elementary effect for theith parameter on thejth sampling path. The mean of the
absolute value of the elementary effects (� i

*) indicates how important the overall effect of theith parameter
is. Results for� i

* for the present study are included in Supporting Information. The mean of the elementary
effects (� i) indicates, on average, the direction in which model output changes in response to changes on the
ith parameter. Results of� are given both in section 3.1 and Supporting Information. A large� * indicates a
parameter is very in� uential, and positive (negative) values of� indicate that, on average, an increase in a
given parameters results in an increase (decrease) in the output variable. Parameters whose elementary
effects have large standard deviation (� ) produce nonlinear behavior or interactions with other
input parameters.
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