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and Li 2023; Gilbert and Holmes 2024; Wang et al. 2024). 
The year 2023 was exceptional in that not only the sum-
mer minimum sea-ice extent reached a record low (Purich 
and Doddridge 2023), but also the winter maximum was the 
lowest on record in the satellite era, following a very slow 
sea-ice growth in autumn and winter (Gilbert and Holmes 
2024; Jena et al. 2024; Roach and Meier 2024). The year 
2024 followed a similar trend, with summer minimum and 
winter maximum only slightly above the record low values 
of 2023 (OSI SAF 2023; Comiso et al. 2024). These recent 
changes altogether have raised the question of whether Ant-
arctic sea ice has undergone a regime shift (Fogt et al. 2022; 
Hobbs et al. 2024; Raphael et al. 2025).

In this context, understanding the causes of the recent 
changes in Antarctic sea-ice extent is of prime importance 
as these changes affect polar and global climates (Zhou et al. 
2023; Liu and Zhu 2024) as well as marine and coastal eco-
systems (Swadling et al. 2023). Beyond the classical (and 
important) question of whether these changes are either 

1  Introduction

The total Antarctic sea-ice extent slightly increased from 
1979 to 2015 (Turner et  al. 2015; Maksym 2019). After-
wards, a sudden decrease in sea-ice extent occurred in 
spring-summer 2016–2017 (Stuecker et  al. 2017; Eayrs 
et al. 2021; Zhang et al. 2022; Mezzina et al. 2024a), fol-
lowed by a series of low values of sea-ice extent since then, 
especially in summer (Purich and Doddridge 2023; Zhang 

	
 David Docquier
david.docquier@meteo.be

1	 Royal Meteorological Institute of Belgium, Brussels, 
Belgium

2	 Earth and Life Institute, Université catholique de Louvain, 
Louvain-la-Neuve, Belgium

3	 Division of Frontier Research, Southern Marine Laboratory, 
Zhuhai, China

Abstract
The trend in Antarctic sea-ice extent has been slightly positive between 1979 and 2015. However, a series of record 
lows in Antarctic sea ice have occurred since 2016, especially during summer, which could indicate a regime shift. In 
this context, it is of crucial importance to better understand the drivers of changes in summer Antarctic sea-ice extent. In 
our study, we make use of five different large model ensembles and compute cause-effect relationships between variables 
based on the Liang-Kleeman information flow method at the interannual time scale over the period 1970–2100. We find 
that proximate factors, such as the previous spring sea-ice extent, sea-surface temperature and surface air temperature, 
are generally the most important drivers of changes in summer Antarctic sea-ice extent at the pan-Antarctic scale, as well 
as in most Antarctic sectors. The Southern Annular Mode (SAM), Amundsen Sea Low (ASL), and teleconnection pat-
terns associated with El Niño-Southern Oscillation (ENSO) and Indian Ocean Dipole (IOD) also have direct and indirect 
influences on summer sea-ice extent, but with a generally weaker impact compared to proximate factors. An exception is 
the Western Pacific Ocean, where ENSO and IOD play the largest role. The Indian and Western Pacific Oceans generally 
present fewer causal connections compared to the Bellingshausen-Amundsen, Weddell and Ross Seas, partly leading to 
smaller values of direct causal influences on summer sea-ice extent, which indicates a more unpredictable behavior of sea 
ice in these two sectors.
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externally (mainly via human greenhouse gas emissions) or 
internally driven (Morioka et al. 2024b), it is also crucial to 
try to understand the key processes at play and the interac-
tions between the different climate variables. Both the atmo-
sphere and ocean drive changes in Antarctic sea ice, with 
the atmosphere typically influencing sea ice at shorter time 
scales, while the ocean generally acts at longer time scales 
(Hobbs et al. 2024).

The Southern Annular Mode (SAM), which is the domi-
nant mode of atmospheric variability in the extra-tropical 
Southern Hemisphere (Gong and Wang 1999; Marshall 
2003), varies with the strength of westerly winds that encir-
cle Antarctica (with positive SAM when winds are stronger, 
and negative SAM when winds are weaker). These changes 
in SAM can have an important impact on Antarctic sea ice 
(Doddridge and Marshall 2017). For example, a positive 
SAM brings more cyclonic conditions in the South Pacific 
sector of the Southern Ocean (Amundsen Sea Low [ASL] 
deepening), which typically decreases sea-ice extent in the 
Bellingshausen Sea and increases it in the Ross Sea (Lefe-
bvre et al. 2004; Turner et al. 2015; Zhang and Li 2023). 
However, the SAM influence depends on the time scale 
considered (Ferreira et al. 2015) and can be modulated by 
El Niño-Southern Oscillation (ENSO; Ding et  al. 2012; 
Maksym 2019; Wang et al. 2023) and zonal wave 3 patterns 
(Eabry et  al. 2024). The Indian Ocean Dipole (IOD) may 
also exert some indirect influence on Antarctic sea ice via 
the excitation of poleward Rossby wave trains (Zhang et al. 
2024). An influence of the Interdecadal Pacific Oscillation 
(IPO) on Antarctic sea ice has also been found in several 
studies (e.g. Bonan et al. 2024).

Although the relationship between Antarctic sea ice 
and surface air temperature is complicated when consider-
ing the pan-Antarctic scale and the relatively short obser-
vational time period, higher temperatures generally lead 
to reduced sea-ice extent at the regional scale (Shu et  al. 
2012) and future model projections show a declining Ant-
arctic sea-ice extent in a warmer world (Fox-Kemper et al. 
2021). The ocean also drives changes in Antarctic sea ice. 
Observational evidence suggests that increased upwelling 
warm water played a role in the large sea-ice reduction in 
spring 2016 (Meehl et al. 2019). The influence of subsurface 
warming of the Southern Ocean was also confirmed in the 
record low sea-ice summer minimum of 2023 (Purich and 
Doddridge 2023). Additionally, the sea-ice state in preced-
ing seasons is a skillful predictor of the next summer sea-ice 
extent since 2010 (Hobbs et al. 2024).

Despite the relatively large range of studies investigat-
ing the causes of recent changes in summer Antarctic sea 
ice, many uncertainties remain regarding the relative impor-
tance of each driver, as well as their potential direct or indi-
rect influence. That is why we try to go a step beyond in this 

analysis and quantify cause-effect relationships between 
variables, including the identification of indirect causal 
links.

A key metric that has been traditionally used in climate 
studies to infer causal relationships between variables is 
(lagged) correlation. However, correlation does not neces-
sarily imply causation, as a statistically significant correla-
tion between two variables could be the result of an external 
third variable that influences both variables (Sugihara 
et al. 2012; Liang 2014; Runge et al. 2023; Docquier et al. 
2024a). Other limitations related to the use of correlation 
are the impossibility to identify the causal direction and the 
restricted use on pairs of variables. For these different rea-
sons, causal methods have been employed more and more in 
Earth science (Runge et al. 2019), as they allow to quantify 
cause-effect relationships between variables.

The Liang-Kleeman information flow method is particu-
larly interesting as it is directly derived from the first prin-
ciples of information theory and translates into a relatively 
simple expression based on covariances between the differ-
ent pairs of variables that are considered (Liang and Klee-
man 2005; Liang 2014, 2016, 2021). This causal method has 
been used in several climate studies, e.g. for analyzing the 
interactions between Antarctic ice-sheet surface mass bal-
ance, surface air temperature, sea-ice concentration, SAM 
and ENSO (Vannitsem et al. 2019), the connection between 
Antarctic mean isotopic composition of ice cores, sea-ice 
area and teleconnection patterns (Vannitsem et  al. 2025), 
the drivers of Arctic sea ice (Docquier et al. 2022, 2024b), 
the carbon dioxide—surface air temperature relationship 
(Hagan et  al. 2022), or the sea-surface temperature—pre-
cipitation relationship (Ye and Tozuka 2022).

In this study, we investigate the role of atmospheric and 
ocean drivers of summer Antarctic sea-ice extent at inter-
annual time scale using five different large ensembles par-
ticipating in the Coupled Model Intercomparison Project 
Phase 6 (CMIP6), which we compare to observational and 
reanalysis datasets. We quantify the cause-effect relation-
ships between the different variables analyzed using the 
Liang-Kleeman information flow method. To the best of our 
knowledge, it is the first time that a causal method has been 
used to investigate drivers of Antarctic sea-ice changes. We 
focus our analysis on the recent past and twenty-first cen-
tury (1970–2100) and we look at different Antarctic sectors, 
as we know that Antarctic sea-ice variability is spatially 
heterogeneous. Our approach differs from previous studies 
that investigate specific events, such as the recent sea-ice 
lows, by looking at drivers of change over the whole period 
instead. Section 2 provides details about the Antarctic sec-
tors used here (Sect.  2.1), the climate models (Sect.  2.2) 
and reference products (satellite observations and reanaly-
ses; Sect. 2.3), as well as the Liang-Kleeman information 
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flow method (Sect.  2.4). In Sect.  3, we provide the main 
results of our study at the pan-Antarctic scale (Sect. 3.1), as 
well as for the different Antarctic sectors (Sect. 3.2). Sec-
tion 4 discusses our results in light of the previous literature 
(Sect.  4.1), highlights regional differences (Sect.  4.2) and 
the dependence of our results on the model used (Sect. 4.3), 
and provides a discussion of advantages and limitations 
of the causal method (Sect. 4.4). Section 5 concludes our 
analysis.

2  Methods

2.1  Antarctic sectors

Due to the relatively large spatial heterogeneity in Antarctic 
sea-ice variability since 1979 (Raphael and Hobbs 2014), 
we not only look at the pan-Antarctic scale, but also perform 
a regional analysis. Several definitions for dividing Antarc-
tic sea ice into different sectors exist, the two main defini-
tions being based either on geography (Zwally et al. 1983) 
or on sea-ice concentration variability (Raphael and Hobbs 
2014). In our study, we choose the former definition (Fig. 1; 
Zwally et al. 1983), which divides Antarctic sea ice into five 
different sectors: Bellingshausen-Amundsen Seas (130◦W–
60◦W), Weddell Sea (60◦W–20◦E), Indian Ocean (20◦E–
90◦E), Western Pacific Ocean (90◦E–160◦E), and Ross Sea 
(160◦E–130◦W). This definition is the most widely used in 
the literature, which makes it easier to compare to previ-
ous studies. Another advantage with this definition is that it 
divides the Southern Ocean into sectors of relatively similar 
area. For both the pan-Antarctic scale and the Antarctic sec-
tors, the northern limit for the computation of sea-ice extent 
is 50◦S and the one for mean surface air temperature and 
sea-surface temperature (SST) is 60◦S.

2.2  Climate models

In our study, we use five different large ensembles (Table 1) 
that were run with the same forcing from the Coupled 
Model Intercomparison Project Phase 6 (CMIP6; Eyring 
et al. 2016), from which we retrieve monthly mean model 
outputs. Our analysis period is from 1970 (start date of EC-
Earth3 large ensemble) to 2100. We make use of CMIP6 
historical forcing from 1970 to 2014, and Shared Socio-
economic Pathway 3−7.0 (SSP3−7.0) from 2015 to 2100. 
The latter scenario is chosen because it is the only scenario 
that was run by the CESM2 model. Four models have 50 

Table 1  Large ensembles used in this study
Model Members Atm. model Atm. resolution Ocean-SI model Ocean resolution
ACCESS-ESM1.5 40 UM 1.875◦× 1.25◦ (70 km) MOM5-CICE4 1◦ (40 km)
(Ziehn et al. 2019a, b, 2020)
CanESM5 50 CanAM5 2.8◦ (110 km) NEMO3.4-LIM2 1◦ (40 km)
(Swart et al. 2019a, b, c)
CESM2 50 CAM6 1◦ (50 km) POP2-CICE5 1◦ (40 km)
(Rodgers et al. 2021)
EC-Earth3 50 IFS cy36r4 0.7◦ (30 km) NEMO3.6-LIM3 1◦ (40 km)
(EC-Earth-Consortium 2019a, b; Wyser et al. 2021)
MPI-ESM1.2-LR 50 ECHAM6 1.8◦ (70 km) MPIOM 1.5◦ (50 km)
(Wieners et al. 2019a, b; Olonscheck et al. 2023)
References are provided for each model, along with the number of members used here, the atmospheric (atm.) model and its nominal resolu-
tion, and the ocean-sea ice (ocean-SI) model and its nominal resolution. The resolution at 70 ◦S is also provided in parentheses for both the 
atmosphere and ocean

Fig. 1  Antarctic sectors following Zwally et al. (1983). BAS: Belling-
shausen-Amundsen Seas (130◦W–60◦W); WS: Weddell Sea (60◦W–
20◦E); IO: Indian Ocean (20◦E–90◦E); WPO: Western Pacific Ocean 
(90◦E–160◦E); RS: Ross Sea (160◦E–130◦W)
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Niño3.4 and DMI are relative to the 1991–2020 base period 
to be consistent with observations (Sect. 2.3).

In our analysis, summer sea-ice extent is our target vari-
able, and we compute the seasonal mean from December to 
February (DJF), starting in December 1970–February 1971 
and ending in December 2099–February 2100 (total of 130 
data points). All other variables (previous sea-ice extent, 
mean surface air temperature, mean SST, SAM, ASL, 
Niño3.4 and DMI) are our drivers and are chosen based on 
previous literature (Sect. 1). For the drivers, we compute the 
seasonal means over the previous spring season (October-
December, OND), starting in 1970 and ending in 2099 (130 
data points). We choose to focus on the spring season as 
previous studies also show the importance of spring atmo-
spheric conditions on the summer Antarctic sea-ice minima 
(e.g. Mezzina et al. 2024b). However, we also present some 
results with the previous winter season (July–August, JAS) 
at the pan-Antarctic scale for completeness. We find that 
using SON (September-November) instead of OND for the 
drivers leads to weaker causal influences, but it does not 
affect the main results of our study (Fig.  A1). Addition-
ally, by using OND instead of SON in our study, we better 
take the atmospheric influence into account, which usually 
operates at shorter time scales. Also, even if there is one 
month overlap between OND and DJF, the OND seasonal 
mean leads the DJF seasonal mean by two months, so such 
a framework allows to check the two-month lag influence.

We do not consider the IPO due to its large correlation with 
Niño3.4 (R ≥ 0.94 for all models), resulting in redundant 
results in terms of causal influences. We take SST instead 
of subsurface ocean temperature (100–200 m depth; Purich 
and Doddridge 2023), as the former provides larger values 
of causal influence on summer sea-ice extent. We have also 
made an additional test with one of the models (ACCESS-
ESM1.5) involving both the mean meridional wind stress 
around 60◦S and the mean mixed layer depth poleward of 
60◦S in each Antarctic sector. We found a relatively limited 
direct influence of wind stress in the Weddell Sea (τ = 2%) 
and Ross Sea (τ = 1%), and a very weak influence of mixed 
layer depth in the Indian Ocean (τ < 1%). Thus, we do not 
consider these variables in our main analysis.

As the causal method used here assumes stationarity, we 
remove the trend in all variables by removing the ensemble 
mean from each different member, in a similar way as in 
Docquier et al. (2024b). Finally, before computing the rate 
of information transfer and the correlation, we concatenate 
all members of the same model in a single time series for 
each variable, which brings between 5200 and 6500 data 
points for each model and thus increases the statistical 
significance of our results. Correlation values are similar 
regardless of computing them over the concatenated time 

members and one model has 40 members; these members 
were all run with the same external forcing but using dif-
ferent initializations that are detailed in the references men-
tioned in Table 1. Note that we only keep the 50 CESM2 
members using the CMIP6 biomass burning protocol, and 
the other 50 members (smoothed biomass burning) were 
excluded from our analysis, to allow for a fair compari-
son with other models. These models are the same as the 
ones used in a previous Arctic sea-ice study (Docquier et al. 
2024b), except that only 30 ensemble members were con-
sidered for MPI-ESM1.2-LR in this previous study due to 
data availability at that time.

Both EC-Earth3 and CanESM5 use the same ocean and 
sea-ice model components, although EC-Earth3 uses a more 
recent version of these components. All other models pres-
ent different atmosphere and ocean models. The nominal 
atmospheric resolution varies between 0.7◦ (EC-Earth3; 
30 km at 70◦S) and 2.8◦ (CanESM5; 110 km at 70◦S), while 
the nominal ocean resolution is 1◦ for all models (40 km 
at 70◦S), except MPI-ESM1.2-LR (1.5◦; 50 km at 70◦S). 
More information about the different models can be found 
in the references that are provided in Table 1.

From these five models, we retrieve sea-ice concentra-
tion, surface (2 m) air temperature, SST, and sea-level pres-
sure (SLP). These four model outputs allow to compute the 
different variables that we consider here, i.e. sea-ice extent, 
mean surface air temperature, mean SST, SAM, ASL central 
pressure, Niño3.4 and Dipole Mode Index (DMI).

Antarctic sea-ice extent is computed as the areal sum of 
all ocean grid points south of 50◦S that have at least 15% 
sea-ice concentration. Antarctic mean surface air tempera-
ture and Antarctic mean SST are spatially averaged south of 
60◦S. For surface air temperature, we only compute the spa-
tial average over ocean grid points. We also compute sea-ice 
extent, mean surface air temperature and mean SST for each 
of the five Antarctic sectors used here (Fig. 1).

SAM is computed as the difference in normalized zonal 
mean SLP between 40◦S and 65◦S (Gong and Wang 1999; 
Marshall 2003). For the normalization, we use the period 
1971–2000 to be consistent with observations (Marshall 
2003). The ASL central SLP is taken at the ASL location 
derived from a minima finding algorithm within the ASL 
sector (60◦S–80◦S, 170◦E–298◦E; Hosking et al. 2016).

We also compute the Niño3.4 index, which tracks the 
oceanic part of ENSO based on SST anomalies averaged 
over the eastern tropical Pacific (5◦S–5◦N, 170◦W–120◦

W). The DMI, characterizing the IOD, is computed as the 
difference in SST anomalies between the average over the 
western equatorial Indian Ocean (10◦S–10◦N, 50◦E–70◦

E) and the average over the southeastern equatorial Indian 
Ocean (10◦S–0◦, 90◦E–110◦E). SST anomalies for both 
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call the ‘driver’) to another time series (which we name 
the ‘target’), under a linear assumption. The approach has 
been successfully validated for some nonlinear synthetic 
problems (Liang 2014, 2021) and can reproduce key causal 
influences in the real world (e.g. Liang 2014; Hagan et al. 
2022; Docquier et al. 2024b; Vannitsem et al. 2025).

In our study, the rate of information transfer from vari-
able xj  (driver) to variable xi (target), noted Tj→i, is com-
puted in a multivariate framework via Liang (2021):

Tj→i = 1
det C

·
d∑

k=1

∆jkCk,di · Cij

Cii
,� (1)

where C is the covariance matrix, d is the number of vari-
ables, ∆jk are the cofactors of C (∆jk = (−1)j+kMjk, 
where Mjk are the minors), Ck,di is the sample covariance 
between all xk and the Euler forward difference approxima-
tion of dxi/dt, Cij  is the sample covariance between xi and 
xj , and Cii is the sample variance of xi. In this context, the 
rate of information transfer Tj→i represents the direct causal 
influence of xj  on xi, taking into account the influence of 
other variables considered in the system on xi (including 
the self-influence). Equation (1) shows that T only depends 
on the terms of the covariance matrix C as well as the cova-
riance between all drivers and the temporal derivative of 
the target variable, which makes the calculation relatively 
easy. If the covariance (or correlation R) between xi and xj  
is zero, then T in the two directions is also zero; however, 
R ̸= 0 does not imply that T ̸= 0.

To be able to compare causal influences between each 
other, we normalize the rate of information transfer as in 
Liang (2021) and express it in percent:

τj→i = Tj→i

Zi
,� (2)

where Zi is the normalizer, computed as follows:

Zi =
d∑

k=1

|Tk→i| +
∣∣∣∣
dHnoise

i

dt

∣∣∣∣ ,� (3)

where the first term on the right-hand side represents the 
information flowing from all variables xk to the target vari-
able xi (including the influence of xi on itself), and the last 
term is the effect of noise (taking stochastic effects into 
account). When τj→i is significantly different from 0, xj  has 
an influence on xi, while if τj→i = 0 there is no influence. 
In our study, we only use the absolute value of τ , which 
indicates the strength of the causal influence.

series or over each member separately and then averaging 
them (Fig. A2).

2.3  Reference products

We use monthly mean data from both satellite observations 
and reanalyses as reference products. For sea-ice extent, 
we retrieve the sea-ice index (OSI-420, version 2.2) from 
the European Organisation for the Exploitation of Meteo-
rological Satellites (EUMETSAT) Ocean and Sea Ice Sat-
ellite Application Facility (OSI SAF 2023) from 1979 to 
2023 (January and February 2024 are also taken to compute 
summer sea-ice extent). This product is computed from the 
25  km resolution OSI SAF sea-ice concentration product 
(Lavergne et al. 2019). Sea-ice extent is available for both 
the pan-Antarctic scale and the different Antarctic sectors as 
defined here. The ECMWF Reanalysis v5 (ERA5; Hersbach 
et al. 2020) on a 0.25◦ grid is used for computing the mean 
surface air temperature as the spatial average south of 60◦

S (for pan-Antarctic scale and different Antarctic sectors; 
only over ocean grid points) from 1982 to 2023. We retrieve 
SST from the Operational Sea Surface Temperature and Sea 
Ice Analysis (OSTIA) dataset (0.05◦ resolution) from 1982 
to 2023 (Good et al. 2020) and compute the spatial average 
south of 60◦S for both the pan-Antarctic scale and the dif-
ferent Antarctic sectors. The SAM index is based on SLP 
observations at 12 different stations, and we use data from 
1970 to 2023 (Marshall 2003). We use ASL central pres-
sure data, derived from ERA5 reanalysis, from 1970 to 2023 
(Hosking et  al. 2016). Niño3.4 and DMI observations are 
based on the NOAA Extended Reconstruction SSTs Version 
5 (ERSSTv5; SST anomalies relative to the 1991–2020 base 
period), and we collect data from 1970 to 2023.

To compute the rate of information transfer on observed 
and reanalysis products, we use the 1982–2023 period that 
overlaps all datasets. For our target variable (summer sea-
ice extent), we take December 1982–February 1983 as a 
first data point, and December 2023–February 2024 as a last 
data point (total of 42 data points). For our drivers, we com-
pute seasonal means over the previous spring season (OND) 
from 1982 to 2023 (42 data points). Similarly to the models 
(Sect.  2.2), we also make an additional test with the pre-
vious winter (JAS) season at the pan-Antarctic scale only. 
Since we only have one member for our reference products, 
we remove the linear trend from all variables before apply-
ing our causal method.

2.4  Liang-Kleeman information flow

Based on the first principles of information theory, Liang 
(2014) derived a maximum-likelihood estimator of the rate 
of information transfer from one time series (which we 
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period depending on the model. No detrending is performed 
in this case as the time periods are relatively short. Statisti-
cal significance is computed in the same way as the boostrap 
method described above (1000 bootstrap realizations and α 
= 1%) for each 10-year period. Due to the availability of 
only one realization in observations and reanalyses, we do 
not compute the observed rate of information transfer for 
those 10-year periods, as the number of data points is too 
small.

3  Results

3.1  Pan-Antarctic scale

Time series of the different variables considered in this study 
at the pan-Antarctic scale are presented in Fig. 2. CanESM5 
displays the largest summer (DJF) and spring (OND) sea-ice 
extent throughout the whole model simulation (Fig. 2a, b), 
associated with the coldest surface air temperature and SST 
(Fig. 2c, d). By contrast, EC-Earth3 and MPI-ESM1.2-LR 
have the lowest sea-ice extent, both in summer and spring 
(Fig. 2a, b), and EC-Earth3 is the warmest model (Fig. 2c, 
d). ACCESS-ESM1.5 and CESM2 present values of sea-
ice extent, surface air temperature and SST in between the 
extreme values of CanESM5 and EC-Earth3, and show the 
best agreement with satellite observations of sea-ice extent 
(Fig. 2a, b).

Looking at the ensemble mean, all models show a nega-
tive trend in sea-ice extent over the observational period and 
cannot reproduce the positive observed trend between 1979 
and 2015 (Fig. 2a, b). However, Roach et  al. (2020) cau-
tion that this model bias should not be used as a criterion to 
exclude them from climate projections, as the role of internal 
variability in driving the observed trend has potentially been 
large. The ensemble means of all models show a positive 
trend in SAM, a negative trend in ASL and a positive trend 
in Niño3.4, in agreement with observations (Fig. 2e–g). The 
model member spreads of SAM, ASL, Niño3.4 and DMI 
include observational values of these indices (Fig. 2e–h).

At the pan-Antarctic scale, the largest driver of changes 
in summer sea-ice extent at interannual time scale over 
1970–2100, according to the Liang-Kleeman information 
flow, is the previous spring sea-ice extent for all models, 
except CanESM5, for which the mean spring SST is more 
important (Fig. 3a). This is in agreement with observations, 
although the results are not statistically significant due to 
the short observational period (42 years). Mean spring SST 
and surface air temperature are also important drivers for 
three models (CanESM5, MPI-ESM1.2-LR and EC-Earth3) 
and two models (MPI-ESM1.2-LR and CanESM5), respec-
tively. Additionally, SAM plays a role for four models (all 

Statistical significance of τj→i is computed via bootstrap 
resampling with replacement of all terms included in equa-
tions (1)-(3), with 1000 bootstrap realizations, and using a 
significance level α = 1%. The rate of information transfer 
τ  is computed for each bootstrap realization, and the error 
in τ , which we refer to as ϵτ , is calculated as the standard 
deviation across all τ  bootstrapped values. If the confidence 
interval τ ± 2.57 ϵτ  does not contain the zero value, then τ  
is significant at the 1% level; otherwise, it is not significant.

We compute the rate of information transfer |τ | (abso-
lute value) for all pairs of variables at the pan-Antarctic 
scale and for each different Antarctic sector (over the period 
1970–2100 for all five models and 1982–2023 for observa-
tions). In order to check which spurious links are removed 
from the causal analysis, we also compute the Pearson cor-
relation coefficient R over the same period as the rate of 
information transfer. The statistical significance associated 
with the correlation is computed in a similar way as the rate 
of information transfer to ensure consistency (bootstrap 
resampling with replacement using 1000 realizations). Note 
that SAM, ASL, Niño3.4 and DMI are identical for all sec-
tors, while summer and previous sea-ice extent, mean sur-
face air temperature and mean SST vary by sector.

To present the results from our causal analysis, we pro-
duce plots of the rate of information transfer from the dif-
ferent drivers to summer sea-ice extent (Figs.  3a, 5a, 7), 
which we compare to corresponding correlation coefficients 
(Figs. 3b, 5b, A8). We also show causal graphs representing 
the full network of interactions, with nodes representing the 
different variables (drivers and target) and directed edges 
showing the causal links (Figs. 4, 8, 9, 10).

In the causal graphs, only statistically significant causal 
influences (α = 1%) with a rate of information transfer |τ | 
larger than 1% are shown, and we only display causal influ-
ences that participate directly or indirectly in changing sum-
mer sea-ice extent. Thus, for example, if there is a causal 
influence between Niño3.4 and DMI, but none of these two 
variables has an effect (direct or indirect) on summer sea-ice 
extent, this influence is not displayed in the causal graph. 
To summarize results of the causal graphs, we compute the 
degree of centrality for each node (variable) as the sum of 
incoming and outgoing causal edges, following the meth-
odology of Tyrovolas et  al. (2023). The variable with the 
largest degree of centrality is displayed in brackets after 
the panel title of each causal graph. Causal graphs are not 
produced for observations as the number of statistically sig-
nificant causal influences is very low due to the shortness of 
time series.

In order to check the temporal evolution of causal influ-
ences, we also compute |τ | for each range of 10 years sepa-
rately across all members of the same model, meaning that 
we have between 400 and 500 data points for each 10-year 
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The full network of causal interactions (discarding low 
values of information transfer, i.e. |τ | < 1%) reveals that the 
situation is more complex than simply looking at direct driv-
ers and that each model has its particular features (Fig. 4). 
For example, SST plays a key role in CanESM5, as it is influ-
enced by five other variables (spring sea-ice extent, surface 
air temperature, SAM, Niño3.4 and DMI; Fig. 4b), which 
could partly explain why the rate of information transfer 
from SST to summer sea-ice extent is large for this model 
compared to other models (Fig. 3a). For ACCESS-ESM1.5, 
although there is no direct connection from SST to summer 
sea-ice extent, an indirect pathway via spring sea-ice extent 
can be identified (Fig. 4a). We can also see that surface air 
temperature is somewhat isolated from other variables and 

models except MPI-ESM1.2-LR), even if the values of 
information transfer are comparatively low (|τ | < 5%). All 
five models and observations present statistically significant 
correlations between summer sea-ice extent on the one hand 
and previous spring sea-ice extent, surface air temperature 
and SST on the other hand (Fig.  3b). This suggests that 
results based solely on correlations should be interpreted 
with caution. For models, this indicates that the negative 
correlations between surface air temperature and summer 
sea-ice extent on the one hand, and between SST and sum-
mer sea-ice extent on the other hand (Fig. 3b) are not neces-
sarily linked to direct causal influences from temperature to 
sea-ice extent (Fig. 3a).

Fig. 2  Time series of the different variables for the five large ensembles 
using CMIP6 historical (1970–2014) and SSP3−7.0 (2015–2100) sim-
ulations. Solid colored curves represent ensemble means and shading 
shows the ensemble spread (between minimum and maximum). Black 
solid lines represent observations and reanalyses. a Summer (DJF) 
Antarctic sea-ice extent. b Spring (OND) Antarctic sea-ice extent. 

c Spring (OND) Antarctic surface air temperature. d Spring (OND) 
Antarctic sea-surface temperature (SST). e Spring (OND) Southern 
Annular Mode (SAM). f Spring (OND) Amundsen Sea Low (ASL) 
central pressure. g Spring (OND) Niño3.4. h Spring (OND) Dipole 
Mode Index (DMI)
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other climate indices (ASL, Niño3.4 and DMI) still have 
very weak values of information transfer. The network of 
causal connections is less dense in winter (Fig. A3) com-
pared to spring (Fig. 4). These results suggest that taking the 
few months just before the summer season provides larger 
causal influences than about 6 months before.

We acknowledge that causal influences of the different 
potential drivers of summer Antarctic sea-ice extent may 
change over time. That is why we conduct an additional 
analysis in which we compute the rate of information trans-
fer across all members of the same model for each 10-year 
period. We find that the influence of the previous spring sea-
ice extent on summer sea-ice extent is generally the larg-
est and statistically significant between 1980 and 2050 for 
EC-Earth3, MPI-ESM1.2-LR and CESM2 (Fig. 6a). Only 
CESM2 and CanESM5 show statistically significant causal 
influences after 2050 (in 2080–2090). EC-Earth3 presents 
a negative trend in the causal influence of previous sea-ice 
extent (Fig. 6a). For the influence of surface air tempera-
ture, only CanESM5 shows a statistically significant rate 
of information transfer during the last part of the period 
(2060–2090), which leads to a positive trend for this model 
(Fig. 6b). On the contrary, the influence of surface air tem-
perature from EC-Earth3 decreases over time, despite the 
absence of statistically significant influences in any 10-year 
time period. The SST influence increases over time for both 
CanESM5 and CESM2, with the former model displaying 

does not show any statistically significant causal connec-
tion with the rest of the variables for both ACCESS-ESM1.5 
(Fig. 4a) and CESM2 (Fig. 4c). EC-Earth3 does not display 
any direct causal influence from surface air temperature to 
summer sea-ice extent, but rather shows an indirect path-
way from the former to the latter via spring sea-ice extent 
(Fig. 4d). Additionally, while SAM has a direct influence on 
summer sea-ice extent for three models (ACCESS-ESM1.5, 
CanESM5 and CESM2), it also causes indirect changes in 
summer sea-ice extent via SST for the two other models 
(EC-Earth3 and MPI-ESM1.2-LR).

If we take the previous winter (JAS) mean for our differ-
ent drivers instead of the previous spring mean, we find that 
causal influences generally become weaker, especially for 
the previous sea-ice extent, which is now statistically sig-
nificant only for three models (Fig. 5a). The SST influence 
is still present for three models, but with lower rate of infor-
mation transfer for CanESM5 and EC-Earth3, and a larger 
value for CESM2. For surface air temperature, the situation 
reverses, with the two models showing a causal influence 
in spring (MPI-ESM1.2-LR and CanESM5) not displaying 
any influence in winter, while the three other models now 
show a significant information transfer. This is particularly 
marked for EC-Earth3, which shows a large value of infor-
mation transfer in winter (|τ | =  17%; Fig. 5a), while this 
is not the case in spring (Fig. 3a). The role of SAM almost 
completely disappears in winter compared to spring, and 

Fig. 3  a Rate of information 
transfer (absolute value) from 
previous (OND) sea-ice extent 
(PSIE), surface air temperature 
(T2m), sea-surface temperature 
(SST), Southern Annular Mode 
(SAM), Amundsen Sea Low 
(ASL), Niño3.4, and Dipole Mode 
Index (DMI) to summer (DJF) 
sea-ice extent at the pan-Antarctic 
scale over 1970–2100. b Corre-
sponding correlation coefficients. 
Colored circles represent the five 
large ensembles, with significant 
values at the 1% level highlighted 
by black contours and the cor-
responding error bars. Crosses 
show observations/reanalyses, with 
significant values at the 1% level 
highlighted by black circles (error 
bars are represented by dashed 
vertical lines)
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decrease in the previous sea-ice extent influence over time, 
together with an increasing SST impact along the years 
(Fig. 6). This interesting behavior suggests that the control 
of the ocean on summer sea-ice extent may be stronger in 
the future.

3.2  Antarctic sectors

We now turn to the causal analysis by sector, as defined 
in Fig. 1, to establish a potential result dependence on the 
region choice. We strongly suspect such a dependence due to 
the relatively large spatial heterogeneity in Antarctic sea-ice 
variability since 1979 (Raphael and Hobbs 2014), despite 
an apparent decrease in this spatial heterogeneity over the 
past decade (Schroeter et al. 2023). As previously explained 
in Sect. 2.4, time series of SAM, ASL, Niño3.4 and DMI 
remain the same as for the pan-Antarctic scale (Fig. 2e-h). 

statistically significant causal influences during the whole 
twenty-first century (Fig. 6c). SST also has some influence 
for EC-Earth3 in the first half of the period (1980–2000 and 
2010–2020). Despite a statistically significant causal influ-
ence of SAM for ACCESS-ESM1.5, CESM2 and CanESM5 
during some 10-year periods, values of information trans-
fer remain low over the whole period (|τ | < 5%; Fig. 6d). 
Thus, the positive trend in SAM (Fig. 2e) does not lead to an 
increase in its influence on summer sea-ice extent.

In summary, the causal analysis at the pan-Antarctic 
scale shows that some patterns are recurrent among models, 
e.g. the relatively large influence (whether direct or indirect) 
of proximate drivers, such as spring sea-ice extent (largest 
and most robust influence among the different models), 
SST and surface air temperature on summer sea-ice extent, 
while teleconnection patterns (Niño3.4 and DMI) play a 
much smaller role (Fig. 4). Additionally, we find a general 

Fig. 4  Causal graphs showing statistically significant (1% level) causal 
influences between all variables at the pan-Antarctic scale for the 
five large ensembles: a ACCESS-ESM1.5, b CanESM5, c CESM2, 
d EC-Earth3, and e MPI-ESM1.2-LR. All variables except summer 
sea-ice extent (SSIE) are averaged over spring (OND). The color of 
each arrow matches the influenced node: red for summer sea-ice extent 
(SSIE), blue for previous sea-ice extent (PSIE), gray for surface air 
temperature (T2m), green for sea-surface temperature (SST), black 
for Southern Annular Mode (SAM), orange for Amundsen Sea Low 

(ASL), cyan for Niño3.4 (N3.4), and magenta for Dipole Mode Index 
(DMI). The arrow thickness and style indicates the proximity to SSIE 
in the causal chain: thick solid arrows for direct links to SSIE, mod-
erately thick solid arrows for indirect links, moderately thick dashed 
arrows for second-indirect links, thin solid arrows for third- and 
fourth-indirect links. The variables in brackets after each panel title 
represent the nodes with the largest degree of centrality for each model 
(with the respective value in squared brackets)
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Fig. 6  Temporal evolution of the rate of information transfer (abso-
lute value) from a previous (OND) sea-ice extent (SIE), b surface air 
temperature (T2m), c sea-surface temperature (SST), and d Southern 
Annular Mode (SAM) to summer sea-ice extent at the pan-Antarctic 
scale for each period of 10 years over 1970–2100 (the starting year 

is indicated on the x-axis). Colored circles represent the five large 
ensembles, with significant values at the 1% level highlighted by black 
contours. Straight dotted lines represent the linear regressions for each 
model and are shown only when the slopes are statistically significant 
at the 10% level

 

Fig. 5  a Rate of information trans-
fer (absolute value) from previous 
winter (JAS) sea-ice extent (PSIE), 
surface air temperature (T2m), 
sea-surface temperature (SST), 
Southern Annular Mode (SAM), 
Amundsen Sea Low (ASL), 
Niño3.4, and Dipole Mode Index 
(DMI) to summer (DJF) sea-ice 
extent at the pan-Antarctic scale 
over 1970–2100. b Corresponding 
correlation coefficients. Colored 
circles represent the five large 
ensembles, with significant values 
at the 1% level highlighted by 
black contours and the correspond-
ing error bars. Crosses show obser-
vations/reanalyses, with significant 
values at the 1% level highlighted 
by black circles (error bars are rep-
resented by dashed vertical lines)
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3.2.1  Direct drivers of summer sea-ice extent

The results from our causal analysis reveals that in the 
Bellingshausen-Amundsen Seas, the previous spring sea-
ice extent is the largest direct driver of changes in summer 
sea-ice extent for all five models (Fig.  7b). However, the 
rates of information transfer greatly differ between models, 
ranging between |τ | = 4% for EC-Earth3 and |τ | = 28% for 
CanESM5. ACCESS-ESM1.5 has the value of information 
transfer closest to observations (|τ | = 9%), but the observed 
value is not statistically significant. SST and surface air tem-
perature also influence summer sea-ice extent for three and 
two models, respectively. The influence of SAM is relatively 
limited with low values of information transfer (|τ | < 2%), 

Time series of summer and spring sea-ice extent, surface air 
temperature and SST for the different sectors are provided in 
the Appendix (Figs. A4–A7). Similarly to the pan-Antarctic 
scale, CanESM5 is generally colder and has more sea ice 
in all Antarctic sectors, and EC-Earth3 is generally warmer 
and has less sea ice. Below, we first present an analysis of 
the direct drivers of summer sea-ice extent (Sect. 3.2.1). We 
then build causal graphs representing the full network of 
causal interactions for three different models: one moder-
ate (neither warm nor cold) model (ACCESS-ESM1.5), one 
cold model (CanESM5) and one warm model (EC-Earth3) 
(Sect. 3.2.2).

Fig. 7  Rate of information transfer (absolute value) from previous 
(OND) sea-ice extent (PSIE), surface air temperature (T2m), sea-sur-
face temperature (SST), Southern Annular Mode (SAM), Amundsen 
Sea Low (ASL), Niño3.4, and Dipole Mode Index (DMI) to summer 
sea-ice extent a at the pan-Antarctic scale and b–f in the different Ant-

arctic sectors over 1970–2100. Colored circles represent the five large 
ensembles, with significant values at the 1% level highlighted by black 
contours and the corresponding error bars. Crosses show observations/
reanalyses, with significant values at the 1% level highlighted by black 
circles (error bars are represented by dashed vertical lines)
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the observed influence of SAM is large (|τ | = 18%) but not 
statistically significant at the 1% level. Despite these low 
values for models, Niño3.4 and DMI also have an effect 
on summer sea-ice extent for four models (Fig. 7e), which 
makes sense due to the relative proximity of the eastern 
Central Pacific and Indian Ocean to the Western Pacific 
Ocean sector.

The Ross Sea is characterized by very large influences 
of spring sea-ice extent in CanESM5 and MPI-ESM1.2-LR 
(|τ | >  20%), SST in CanESM5 (|τ | =  21%), and surface 
air temperature in MPI-ESM1.2-LR (|τ | > 10%) (Fig. 7f). 
SAM, Niño3.4 and DMI also display some direct influence 
on summer sea-ice extent for a majority of models, but with 
weaker values of information transfer (Fig. 7f).

Overall, this analysis shows that the main direct driv-
ers of changes in summer sea-ice extent are mainly proxi-
mate in most sectors (except in the Western Pacific Ocean) 
and for most models, with a few differences on the exact 
driver between regions: previous sea-ice extent in the Bell-
ingshausen-Amundsen Seas (Fig. 7b), SST in the Weddell 
Sea (Fig. 7c), a mix of previous sea-ice extent, surface air 
temperature and SST in the Indian Ocean (Fig. 7d), and pre-
vious sea-ice extent in the Ross Sea (Fig. 7f). This finding 
agrees with the results at the pan-Antarctic scale, for which 
proximate drivers are also predominant (Fig.  7a). On the 
contrary, in the Western Pacific Ocean, where rates of infor-
mation transfer are considerably lower than other regions 
and relatively comparable from one driver to the other, we 
find a larger influence of remote climate indices (Niño3.4 
and DMI) (Fig. 7e), compared to other sectors. This tele-
connection pattern also appears in the Ross Sea (Fig. 7f). A 
summary of the main direct driver for each model and each 
sector is presented in Table  2 (left variable in each table 
entry).

Finally, all models present statistically significant corre-
lations between proximate drivers (previous sea-ice extent, 
surface air temperature, SST) and summer sea-ice extent 
in all sectors (Fig. A8), while causal influences are statisti-
cally significant in only ∼50% of the cases (38/75; Fig. 7). 
This is even more marked for observations, for which 87% 
of the cases display statistically significant correlations for 
proximate drivers (Fig. A8), while none of the cases shows 
a statistically significant causal influence (Fig. 7). With this 
result, we caution against interpreting too quickly correla-
tions as a proof of cause-effect relationships, which often 
proves to be wrong.

3.2.2  Causal networks

Beyond the identification of direct drivers of changes 
in summer sea-ice extent, it is also interesting to recon-
struct the full network of causal interactions based on the 

and other climate indices (ASL, Niño3.4 and DMI) display 
almost no influence for the models considered here.

The Weddell Sea presents a dominant role of SST 
for all models (7.5  < |τ | <  15%). Surface air tem-
perature also has an important influence for all models 
(2.5 < |τ | < 8%; Fig. 7c). Observations display a large but 
not significant causal influence of surface air temperature on 
summer sea-ice extent.

Compared to the Bellingshausen-Amundsen and Wed-
dell Seas, rates of information transfer are lower in the 
Indian Ocean (Fig. 7d). Three models (ACCESS-ESM1.5, 
CESM2 and EC-Earth3) display an influence of spring sea-
ice extent, two models (CanESM5 and CESM2) show an 
effect of SST, and one model (EC-Earth3) has an influence 
of surface air temperature, while MPI-ESM1.2-LR does not 
present any influence of any of the drivers considered here 
on summer sea-ice extent. It is interesting to note that no 
causal influence appears in observations, while five pairs of 
observed correlations (summer sea-ice extent with previ-
ous sea-ice extent, surface air temperature, SST, SAM and 
Niño3.4) are statistically significant (Fig. A8d).

Like for the Indian Ocean, rates of information transfer 
in the Western Pacific Ocean are also low (|τ | <  5%) for 
all five models (Fig. 7e). On the contrary, and interestingly, 

Table 2  Main drivers of summer sea-ice extent for each model (col-
umns) and each sector (rows)

ACCESS-
ESM1.5

CanESM5 CESM2 EC-
Earth3

MPI-
ESM1.2-
LR

Pan-
Antarc-
tic

PSIE / PSIE SST / SST PSIE / 
N3.4

PSIE / 
SST

PSIE / 
PSIE, 
SST

Bell.-
Amund-
sen 
Seas

PSIE / SST PSIE / 
SST

PSIE / 
PSIE, 
SST, 
N3.4

PSIE / 
PSIE, 
SST

PSIE / 
PSIE, 
SST, 
T2m

Weddell 
Sea

T2m / SST PSIE / 
PSIE, SST

SST / 
SST

SST / 
SST

SST / 
SST

Indian 
Ocean

PSIE / PSIE SST / SST PSIE / 
SST

T2m / 
T2m

- / -

Western 
Pacific 
Ocean

SST / SST N3.4 / 
N3.4, DMI

DMI / 
DMI

PSIE / 
T2m, 
SST

- / -

Ross 
Sea

SAM / N3.4 PSIE / 
PSIE

N3.4 / 
PSIE

PSIE / 
DMI

PSIE 
/ SST, 
N3.4

In each table entry, the variable on the left of the slash sign is the 
direct driver with the largest absolute rate of information trans-
fer |τ | (absence of direct driver if |τ | <  1%; Sect.  3.2.1), and the 
variable(s) on the right of the slash sign is (are) the driver(s) with the 
largest degree of centrality (Sect.  3.2.2). We highlight in bold font 
direct drivers with |τ | > 10% (left of the slash sign) and drivers with 
a degree of centrality equal or larger than 7, i.e. at least 7 incoming 
and outgoing edges (right of the slash sign). PSIE: previous sea-ice 
extent, T2m: surface air temperature, SST: sea-surface temperature, 
SAM: Southern Annular Mode, ASL: Amundsen Sea Low, N3.4: 
Niño3.4, DMI: Dipole Mode Index
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Starting with the moderately warm model (ACCESS-
ESM1.5; Fig.  8), we find that SST displays the largest 
importance in the causal network leading to changes in sum-
mer sea-ice extent, as measured by the degree of centrality, 
in three out of five sectors (Bellingshausen-Amundsen Seas, 
Weddell Sea, and Western Pacific Ocean). In the Indian 
Ocean, the previous sea-ice extent plays the largest role, 
while in the Ross Sea, it is Niño3.4, with 7 incoming and 
outgoing causal edges. The Ross Sea and Western Pacific 
Ocean are the only sectors where ENSO (represented by 
Niño3.4) and IOD (represented by DMI) have some indirect 
and direct influence on summer sea-ice extent. The direct 
influence of SAM in West Antarctica (Bellingshausen-
Amundsen and Ross Seas) is in agreement with previous lit-
erature (e.g. Zhang and Li 2023). For the other three sectors, 
SAM plays an indirect influence, via SST and previous sea-
ice extent in the Weddell Sea, via previous sea-ice extent in 

Liang-Kleeman information flow method. This way, it is 
also possible to analyze indirect causal links that lead to 
changes in summer sea-ice extent. To ease the analysis, we 
focus on three models that fully capture the inter-model 
spread: ACCESS-ESM1.5 (Fig. 8), CanESM5 (Fig. 9) and 
EC-Earth3 (Fig. 10). ACCESS-ESM1.5 has average values 
for all variables considered, with a relatively good agree-
ment with observations, while CanESM5 is relatively cold 
and displays large sea-ice extent in all sectors, and EC-
Earth3 is relatively warm with low sea-ice extent (Figs. A4–
A7). For completeness, we also show the results of causal 
influences for the two remaining models in the Appendix 
(Figs. A9–A10). The overall importance of each driver in 
the causal network is computed via the degree of centrality, 
and the most important drivers in that respect are presented 
for each model and each sector in Table 2 (right variable in 
each table entry).

Fig. 8  Causal graphs showing statistically significant (1% level) causal 
influences between all variables for the ACCESS-ESM1.5 model (mod-
erate model) a at the pan-Antarctic scale and in all different Antarctic 
sectors: b Bellingshausen-Amundsen Seas, c Weddell Sea, d Indian 
Ocean, e Western Pacific Ocean, f Ross Sea. All variables except sum-
mer sea-ice extent (SSIE) are averaged over spring (OND). The color 
of each arrow matches the influenced node: red for summer sea-ice 
extent (SSIE), blue for previous sea-ice extent (PSIE), gray for surface 
air temperature (T2m), green for sea-surface temperature (SST), black 

for Southern Annular Mode (SAM), orange for Amundsen Sea Low 
(ASL), cyan for Niño3.4 (N3.4), and magenta for Dipole Mode Index 
(DMI). The arrow thickness and style indicates the proximity to SSIE 
in the causal chain: thick solid arrows for direct links to SSIE, mod-
erately thick solid arrows for indirect links, moderately thick dashed 
arrows for second-indirect links. The variables in brackets after each 
panel title represent the nodes with the largest degree of centrality for 
each model (with the respective value in squared brackets)
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Ocean present a very small number of statistically signifi-
cant causal influences. SAM either directly influences sum-
mer sea-ice extent in the Weddell and Ross Seas, or causes 
indirect changes via SST in the Bellingshausen-Amundsen 
Seas, Indian Ocean and Ross Sea. The ASL has some influ-
ence on SAM in all sectors, except in the Western Pacific 
Ocean.

The warm model (EC-Earth3; Fig. 10) also highlights the 
large role of SST (as measured by the degree of centrality) 
in three sectors (Bellingshausen-Amundsen Seas, Weddell 
Sea and Western Pacific Ocean). The SST link to summer 
sea-ice extent is both direct and indirect (via surface air 
temperature) in the Weddell Sea, while its influence is only 
indirect in the Bellingshausen-Amundsen Seas and Western 
Pacific Ocean, mainly via the previous sea-ice extent. Sur-
face air temperature plays a major role in the Indian Ocean 
and Western Pacific Ocean. In the Ross Sea, DMI displays 

the Indian Ocean, and via Niño3.4 in the Western Pacific 
Ocean. No connection appears between SAM and ASL in 
any sector for this model, but ASL has a direct influence 
on summer sea-ice extent in the Weddell Sea and Western 
Pacific Ocean.

When we turn to the cold model (CanESM5; Fig.  9), 
SST also has the largest degree of centrality in three sec-
tors (Bellingshausen-Amundsen Seas, Weddell Sea, and 
Indian Ocean). In the Western Pacific Ocean, Niño3.4 and 
DMI have the largest importance, while in the Ross Sea the 
previous sea-ice extent plays the largest role. The previous 
sea-ice extent is also an important driver of changes in sum-
mer sea-ice extent in the Weddell Sea. Similarly to the mod-
erate model, the Ross Sea also displays the densest network 
of causal interactions for the cold model, with a relatively 
large role of ENSO (6 incoming and outgoing causal edges). 
On the contrary, the Indian Ocean and Western Pacific 

Fig. 9  Causal graphs showing statistically significant (1% level) causal 
influences between all variables for the CanESM5 (cold model) a at 
the pan-Antarctic scale and in all different Antarctic sectors: b Belling-
shausen-Amundsen Seas, c Weddell Sea, d Indian Ocean, e Western 
Pacific Ocean, f Ross Sea. All variables except summer sea-ice extent 
(SSIE) are averaged over spring (OND). The color of each arrow 
matches the influenced node: red for summer sea-ice extent (SSIE), 
blue for previous sea-ice extent (PSIE), gray for surface air tempera-
ture (T2m), green for sea-surface temperature (SST), black for South-

ern Annular Mode (SAM), orange for Amundsen Sea Low (ASL), 
cyan for Niño3.4 (N3.4), and magenta for Dipole Mode Index (DMI). 
The arrow thickness and style indicates the proximity to SSIE in the 
causal chain: thick solid arrows for direct links to SSIE, moderately 
thick solid arrows for indirect links, moderately thick dashed arrows 
for second-indirect links, thin solid arrows for third-indirect links. The 
variables in brackets after each panel title represent the nodes with the 
largest degree of centrality for each model (with the respective value 
in squared brackets)
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SAM is never the largest actor in any region for any model, 
it displays an influence on summer sea-ice extent (mainly 
indirectly via SST) for the three models, and is influenced 
by ASL in the cold and warm models.

4  Discussion

4.1  Drivers of summer sea-ice extent

Our analysis suggests that both at the pan-Antarctic scale 
and sectoral scale, proximate factors, such as the previous 
spring sea-ice extent, SST and surface air temperature, are 
the most important drivers of changes in summer sea-ice 
extent over the historical and future periods (1970–2100) 
in the five large model ensembles analyzed here (Figs. 7, 
8, 9, 10). SAM also displays some direct influence at the 

the largest degree of centrality, with 7 incoming and outgo-
ing causal edges. The SAM influence on summer sea-ice 
extent is indirect in all sectors, and SAM is affected by ASL 
in all sectors.

To summarize, all three types of models (moderate, cold 
and warm models) show that SST displays the largest impor-
tance in the causal network in both the Bellingshausen-
Amundsen and Weddell Seas. The Indian Ocean presents 
the least dense causal network for all three types of models, 
with a larger influence of previous sea-ice extent in the mod-
erate model, SST in the cold model, and surface air tempera-
ture in the warm model. In the Western Pacific Ocean, SST 
plays a relatively large role in influencing summer sea-ice 
extent for both the moderate and warm models, while tele-
connections (DMI and Niño3.4) are more important for the 
cold model. In the Ross Sea, the role of ENSO and IOD is 
generally important for all three types of models. Although 

Fig. 10  Causal graphs showing statistically significant (1% level) 
causal influences between all variables for the EC-Earth3 model 
(warm model) a at the pan-Antarctic scale and in all different Antarctic 
sectors: b Bellingshausen-Amundsen Seas, c Weddell Sea, d Indian 
Ocean, e Western Pacific Ocean, f Ross Sea. All variables except sum-
mer sea-ice extent (SSIE) are averaged over spring (OND). The color 
of each arrow matches the influenced node: red for summer sea-ice 
extent (SSIE), blue for previous sea-ice extent (PSIE), gray for surface 
air temperature (T2m), green for sea-surface temperature (SST), black 

for Southern Annular Mode (SAM), orange for Amundsen Sea Low 
(ASL), cyan for Niño3.4 (N3.4), and magenta for Dipole Mode Index 
(DMI). The arrow thickness and style indicates the proximity to SSIE 
in the causal chain: thick solid arrows for direct links to SSIE, mod-
erately thick solid arrows for indirect links, moderately thick dashed 
arrows for second-indirect links, thin solid arrows for third-indirect 
links. The variables in brackets after each panel title represent the 
nodes with the largest degree of centrality for each model (with the 
respective value in squared brackets)
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Additionally, we focused on intra-basin relationships in 
our analysis (e.g. influence of SST in the Weddell Sea on 
summer sea-ice extent in the Weddell Sea), but it could be 
the case that the dynamics in a basin influences another one 
(e.g. influence of SST in the Weddell Sea on summer sea-ice 
extent in the Indian Ocean). These inter-basin relationships 
could be the subject of a future study.

4.3  Model dependence

The three types of models (moderate, cold and warm mod-
els) do not behave in a highly distinct manner in terms of 
causal influences (Sect. 3.2.2). In order to more precisely 
quantify the impacts of the model mean state as well as its 
interannual variability (measured by standard deviation) on 
our results, we performed an additional analysis. Figure A11 
displays the rates of information transfer as a function of 
the model mean state (first row) and model interannual vari-
ability (second row) over 1982–2023 to better compare to 
observations, which we also provide in this figure.

We find that the mean previous sea-ice extent might 
impact the influencing role of this variable on summer 
sea-ice extent, as a larger mean previous sea-ice extent 
(as in CanESM5) generally leads to a lower causal influ-
ence (Fig. A11a). However, observations stand outside this 
trend as they display a relatively large influence of the mean 
previous sea-ice extent for a relatively large mean sea-ice 
extent. While CESM2 and ACCESS-ESM1.5 are in good 
agreement with the observed mean previous sea-ice extent, 
the influence of the previous sea-ice extent is lower for these 
models compared to observations, and EC-Earth3 and MPI-
ESM1.2-LR are closer to observations (Fig. A11a).

ACCESS-ESM1.5 and CESM2 are relatively close to 
the observed mean surface air temperature, but they pres-
ent a causal influence of surface air temperature on summer 
sea-ice extent that is lower than observations (Fig. A11b). 
EC-Earth3 and MPI-ESM1.2-LR are indeed closer to obser-
vations in terms of the rate of information transfer from 
surface air temperature, despite having too large a mean 
surface air temperature.

The model closer to the mean observed SST is CanESM5, 
but it displays a rate of information transfer from SST to 
summer sea-ice extent of |τ | = 12%, while it is close to zero 
in observations (Fig. A11c). ACCESS-ESM1.5 also pres-
ents a causal influence close to zero, but its mean surface 
air temperature is more than 1◦C larger than observations.

No clear impact of model interannual variability on 
causal influences is found (Fig.  A11d-e). CESM2 is the 
closest model to observations in terms of interannual vari-
ability in previous sea-ice extent, surface air temperature 
and SST. While it presents a too low rate of information 
from the previous sea-ice extent (Fig.  A11d) and from 

pan-Antarctic scale, in the Bellingshausen-Amundsen Seas, 
Weddell Sea, and Ross Sea, although the values of infor-
mation transfer are small compared to proximate drivers. 
The ASL rarely directly influences summer sea-ice extent, 
but shows some indirect influence via SAM. Teleconnec-
tion patterns (ENSO and IOD) are most important in the 
Ross Sea and Western Pacific Ocean, while they are almost 
inexistent in other sectors. These results highlight the com-
plexity of processes at play in the Southern Ocean that lead 
to changes in Antarctic summer sea-ice extent.

One of the mechanisms identified in previous studies 
to explain the recent changes in Antarctic summer sea-ice 
extent is an influence of SAM on the ASL (both being poten-
tially impacted by ENSO and IOD), which then affects sea 
ice in the Bellingshausen-Amundsen and Ross Seas (Lefeb-
vre et al. 2004; Turner et al. 2015; Eayrs et al. 2021; Zhang 
and Li 2023). The exact season when the effect of SAM and 
ASL on summer Antarctic sea ice is largest is not entirely 
clear, but spring (as used in our study) has been found to be 
relevant in several studies (Eayrs et al. 2021; Zhang and Li 
2023; Wang et al. 2024). With our results, we do not find 
such a causal chain from SAM to ASL and then to sum-
mer Antarctic sea ice. We rather identify a more complex 
picture, where SAM and ASL indeed have some influence 
(especially in the Bellingshausen-Amundsen and Ross sec-
tors, but not only), but they rather indirectly impact summer 
sea-ice extent via proximate factors, such as SST, previous 
sea-ice extent and surface air temperature. SAM and ASL 
are negatively correlated in all models (not shown), and ASL 
influences SAM in only two models (CanESM5 and EC-
Earth3), with no reverse influence of SAM on ASL (Fig. 4). 
In these two models, there is no consensus on the resulting 
causal influence on summer sea-ice extent. In CanESM5, 
SAM directly influences summer Antarctic, Weddell and 
Ross sea-ice extent (Fig. 4b and Fig. 9), while it does not 
directly impact summer sea-ice extent at the pan-Antarctic 
scale and in any of the five sectors in EC-Earth3 (Fig. 4d 
and Fig. 10). Thus, the potential influence of ASL on SAM 
found in some models does not systematically impact the 
resulting influence on summer sea-ice extent.

4.2  Regional differences

In our study, we find that the Indian and Western Pacific 
Oceans generally display smaller values of direct causal 
influences on summer sea-ice extent, compared to other 
sectors (Fig. 7). This may be partly due to the generally less 
dense causal network in these sectors (Figs. 8-10 and A9–
A10). This suggests that the behavior of sea ice in these two 
sectors is more unpredictable compared to the three other 
sectors. Further investigation would be needed to identify 
the reasons for such a behavior.
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extension of the method has been recently developed and 
applied in theoretical settings (Pires et al. 2024; Vannitsem 
et al. 2024), but it still needs to be properly implemented for 
real-world applications.

Second, the method assumes that time series are station-
ary. This problem is dealt with by removing the linear trend 
(ensemble mean removal for models and linear detrending 
for observations). However, we acknowledge that even after 
this detrending, the residuals are not perfectly stationary. To 
take the effect of the changing variability into account, we 
carried out an additional test at the pan-Antarctic scale by 
dividing the detrended data by the ensemble standard devia-
tion for each model before computing rates of information 
transfer (Fig. A12). We found similar results to our original 
findings with detrended data (Fig. 3), with a small exception 
being a larger (and significant) influence of surface air tem-
perature for EC-Earth3 (Fig. A12a). In our study, we prefer 
not to perform any additional data processing to introduce 
as few changes in the original data as possible, so we only 
perform a linear detrending.

Third, the method, like any other causal method, requires 
relatively long time series (at least 100 data points) to infer 
robust causal links. This may explain most of the non-signif-
icant causal links in observations. In our study, we focused 
on the interannual time scale, but repeating this analysis at 
monthly time scale would probably provide more statisti-
cally significant causal influences in observations due to the 
larger number of data points.

5  Conclusions

In our study, we used the Liang-Kleeman information flow 
method to identify the drivers of recent and future changes 
(1970–2100) in Antarctic summer-ice extent at interannual 
time scale, based on five CMIP6 large ensembles. We found 
that proximate drivers, such as the previous spring sea-ice 
extent, SST and surface air temperature, play a large role 
at the pan-Antarctic scale and in a majority of Antarctic 
sectors. An exception is the Western Pacific Ocean, where 
ENSO and IOD have a larger influence compared to other 
sectors, and proximate factors have a very limited effect. 
We also looked at observed causal influences, but results are 
mostly not statistically significant due to the short observa-
tional time period. Additionally, we find a general decrease 
of the previous sea-ice extent influence over time, together 
with an increasing SST impact along the years.

The analysis of causal networks for three different types 
of models (a moderate, a cold and a warm model) provides 
additional insights into the complexity of the processes at 
play in each region. All three types of models display a 
large SST influence in both the Bellingshausen-Amundsen 

surface air temperature (Fig. A11e), it is relatively close to 
the observed causal influence of SST on summer sea-ice 
extent (Fig. A11f).

These results show that models closer to observations in 
terms of mean state or interannual variability are not neces-
sarily closer to observations for causal influences. We insist 
that all observed rates of information are not statistically 
significant due to the presence of only 1 realization (vs. 
40–50 ensemble members for the five models). Due to the 
small sample of observational data points, observed rates of 
information need to be taken with care, and a model devia-
tion from observations in terms of causal influence is not 
defined as a bias here. We would need to have access to 
a much larger number of data points to provide insightful 
results in terms of observations.

In addition, previous studies have shown that although 
the models used here are affected by known biases in sea-ice 
extent and other climate variables, they have been proved 
to be useful tools to investigate different aspects of Antarc-
tic sea-ice variability. For example, Espinosa et al. (2024) 
found that the CESM2 model nudged to observed winds can 
reproduce the observed record low winter sea-ice extent of 
2023. Purich and England (2019) showed that the tropical 
Indian Ocean likely contributed to anomalous atmospheric 
circulation leading to the Antarctic sea-ice decline in spring 
2016 based on model experiments carried out with the 
ACCESS1.0 model. Another study found that multi-decadal 
variability in Antarctic sea ice was triggered by SAM via 
a salinity-convection feedback using some of the CMIP6 
models used here, i.e. CanESM5, MPI-ESM1.2-LR and 
CESM2 (Morioka et al. 2024a).

4.4  Advantages and limitations of the causal 
method

The Liang-Kleeman information flow method allows to 
go beyond classical correlation analyses by quantifying 
cause-effect relationships between variables (Liang 2021). 
It allows to remove spurious dependencies based on correla-
tions (Docquier et al. 2024a). Its two key advantages com-
pared to other causal methods are its direct derivation from 
first principles of information entropy and its relatively sim-
ple implementation based on the covariance matrix (Liang 
2016, 2021). The method allows to take feedback loops into 
account; more details can be found in Smirnov (2022).

The method presents three main limitations. First, it 
assumes linearity: while the method has been tested and val-
idated with nonlinear synthetic examples (e.g. Liang 2014, 
2021) and in a wide range of climate studies (e.g. Liang 
2014; Docquier et al. 2022; Hagan et al. 2022; Vannitsem 
and Liang 2022), some nonlinear processes could appear 
and thus would not be taken into account. A nonlinear 
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(last access: 23 June 2025). The OSTIA data (Good et al. 2020) were 
accessed via the Copernicus portal: ​h​t​t​p​​s​:​/​​/​d​a​t​​a​.​​m​a​r​​i​n​e​.​​c​o​p​​e​r​n​​i​c​u​​s​.​e​​
u​/​p​r​​o​d​​u​c​t​​/​S​S​T​​_​G​L​​O​_​S​​S​T​_​​L​4​_​​R​E​P​_​​O​B​​S​E​R​​V​A​T​I​​O​N​S​​_​0​1​​0​_​0​1​1​/​d​
e​s​c​r​i​p​t​i​o​n (last access: 25 October 2024). The observed SAM index 
(Marshall 2003) was retrieved from G. J. Marshall’s website: ​h​t​t​p​​s​:​/​​
/​l​e​g​​a​c​​y​.​b​​a​s​.​a​​c​.​u​​k​/​m​​e​t​/​g​j​m​a​/​s​a​m​.​h​t​m​l (last access: 29 January 2024). 
The observed ASL data (Hosking et al. 2016) are from S. Hosking’s 
website: ​h​t​t​p​​s​:​/​​/​s​c​o​​t​t​​h​o​s​​k​i​n​g​​.​c​o​​m​/​a​​s​l​_​i​n​d​e​x (last access: 6 December 
2024). Niño3.4 and DMI observed data come from the NOAA Physi-
cal Sciences Laboratory: ​h​t​t​p​​s​:​/​​/​p​s​l​​.​n​​o​a​a​​.​g​o​v​​/​d​a​​t​a​/​​c​l​i​​m​a​t​​e​i​n​d​​i​c​​e​s​/​l​i​s​t​/ 
(last access: 26 June 2024).

Code availability  The Python scripts to produce the figures of this 
article, including the functions to compute rates of information trans-
fer, are available on Zenodo: ​h​t​t​p​​s​:​/​​/​d​o​i​​.​o​​r​g​/​​1​0​.​5​​2​8​1​​/​z​e​​n​o​d​o​.​1​5​8​1​9​1​6​
8 (Docquier 2025).
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and Weddell Seas. In the Indian Ocean, which presents the 
least dense causal network for all three types of models, the 
most important drivers are the previous sea-ice extent in 
the moderate model, SST in the cold model, and surface air 
temperature in the warm model. SST plays a large role in the 
moderate and warm models in the Western Pacific Ocean, 
while ENSO and IOD have more influence in the cold 
model for this sector. The teleconnection patterns (ENSO 
and IOD) are generally important in the Ross Sea. While 
SAM is not the largest actor in any region for any model, it 
shows an effect (mainly indirectly via SST) on summer sea-
ice extent for the three types of models.

Finally, an interesting feature of our analysis is that the 
Western Pacific Ocean and Indian Ocean generally display 
weak values of causal influences compared to other sectors, 
and have a less dense causal network. This suggests that 
these two regions are more unpredictable from the standard 
variables selected here, and it would be beneficial to further 
investigate the reasons behind this distinct behavior. Addi-
tionally, inter-basin relationships could also be the subject 
of further analysis.
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