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Abstract. Identifying and quantifying irreducible and reducible uncertainties in the Antarctic Ice Sheet response to future cli-
mate change is essential for guiding mitigation and adaptation policy decision. However, the impact of the irreducible internal
climate variability, resulting from processes intrinsic to the climate system, remains poorly understood and quantified. Here,
we characterise both the atmospheric and oceanic internal climate variability in a selection of three CMIP6 models (UKESM -
0-LL, IPSL-CM6A-LR and MPI-ESM1.2-HR) and estimate their impact on the Antarctic contribution to sea-tevel-sea-level
change over the 21°* century under the SSP2-4.5 scenario. To achieve this, we use a standalone ice-sheet model driven by

the ocean through parameterised basal melting and by the atmosphere through emulated surface mass balance estimates. The

atmospheric component of internal climate variability in Antarctica has a similar amplitude in the three CMIP6 models. In
contrast, the amplitude of the oceanic component strongly depends on the climate model and its representation of convective
mixing in the ocean. A low bias in sea-ice production and an overly stratified ocean lead to a lack of deep convective mixin

which results in weak ocean variability near the entrance of ice-shelf cavities. Internal climate variability affects the Antarctic
contribution to ehanges-in-sealevel-sea-level change until 2100 by 45% to 93% depending on the CMIP6 model. This may be

a low estimate as the internal climate variability in the CMIP models is likely underestimated. For-all-the-three-climate-models

and-for-most-Antaretie-regions;—the-The effect of atmospheric internal climate variability on the surface mass balance over-
whelms the effect of oceanic internal climate variability on the dynamical ice-sheet mass loss by mere-than-a factor of 3-—The

au O ¥ ota H—1 a penavioutr-o H—n O ah atHication; ad O—Wwcea a-aeptn—o ab—vatrtao

issue-recommendations—forfutare-0 5, except in Dronning Maud area and Amundsen, Getz and Aurora basins where both
contributions may be similar depending on the CMIP model. Based on these results, we recommend that ice-sheet prejeetions:

tse-several-members-in-the run-and-in-tts-initialisation, favor 50-year averages-tocorrector-weight simulations-over-the-model

rojections consider (7) several climate models and several members of a single climate model to account for the impact of
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internal climate variability and (:7) longer temporal period when correcting historical climate forcing to match present-day

period;-and-couple-ice-sheet-and-climate-modelsobservations.

1 Introduction

The Antarctic Ice Sheet (AIS) is losing mass at an increasing rate (Rignot et al., 2019; Shepherd et al., 2019), particularly in
the Amundsen and Totten/Moscow sectors, where ocean-induced melting under floating ice shelves is relatively high (Jenkins
et al., 2018; Hirano et al., 2023). The AIS response to future climate change, including its potential instability (Garbe et al.,
2020; Armstrong McKay et al., 2022), is one of the major-main sources of uncertainty in projections of global sea-level
sea-level rise (Fox-Kemper et al., 2021), with an estimated contribution over 2015-2100 ranging from -5 to 43 cm under a
high-end anthropogenic emission scenario (ISMIP6, Edwards et al., 2021).

TFhe-Estimates of the AIS contribution to future seatevelrise-is-sea-level rise are currently mostly based on standalone ice-
sheet models, foreed-driven by atmospheric and oceanic data from the Climate-Coupled Model Intercomparison Project (CMIP,
Eyring et al., 2016). The diversity of climate conditions across the CMIP models explains an important part of the uncertainty
in some of the drainage basins (Seroussi et al., 2023), despite the use of an anomaly method to reduce known biases in the
CMIP models (Jourdain et al., 2020; Purich and England, 2021). Internal climate variability is usually not accounted for in the
uncertainty en-of AIS projections. A single study, so far, has estimated that this uncertainty could be 18-21% higher due to
internal climate variability (Tsai et al., 2020). This was estimated using a single ice-sheet model and two versions of the same
climate model.

Climate variability is the combination of two components, the-variability-resulting-on the one hand the variability resulting
from external forcing of both natural (e.g., volcanoes or solar activity) and anthropogenic (e.g., CO, emissions) sources, and
internal variability on the other hand. The latter results from processes intrinsic to the climate system, due to the chaotic nature
of fluid dynamics and to non-linearities in the coupled interactions between the ocean, atmosphere, land and cryosphere (e.g.,
Kravtsov et al., 2007; Penduff et al., 2018; Gwyther et al., 2018; Hogg et al., 2022). For a given climate model, the impact of
internal climate variability can be isolated by considering several forced simulations with identical external forcing but slightly
different initial conditions. For this reason, an increasing number of CMIP models include several members which differ only
in their initial state.

A part of the internal climate variability can be characterised as modes such as the El Nifio/Southern Oscillation (ENSO)
and Interdecadal Pacific Oscillation(}PO), which have remote connections with the Amundsen Sea Low (ASL, Holland et al.,
2022; Dalaiden et al., 2023). The ASL is a low-pressure system located over the South Pacific sector of the Southern Ocean,
which generates decadal wind anomalies that affect the oceanic undercurrent along the continental slope, thereby modulating
the amount of warm water flowing towards the ice shelves of the Amundsen Sea Embayment (Silvano et al., 2022). The
regional influence of these modes makes internal climate variability particularly strong in the Amundsen sector: internal climate

variability is thought to be responsible for the retreat of Pine Island’s grounding line in the 1940s (Holland et al., 2022), and
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mid-depth ocean warming trends over the 215¢ century can vary by a factor of two depending on the phasing of internal climate
variability (Naughten et al., 2023).

In this paper, we first investigate atmospheric and oceanic internal climate variability of several CMIP6 models. Then, using a
standalone ice-sheet model forced by CMIP6 model outputs, we quantify the impact of internal climate variability on Antarctic
Sea Level Contribution (SLC) over the 215 century under the medium SSP2-4.5 scenario for both the whole ice sheet and the

main basins, especially the Amundsen basin which is expected to be particularly affected by internal climate variability.

2 Methods
2.1 CMIP6 model-seleetionmodels

We choose to analyse three CMIP6 models to get a more general picture of the internal climate variability than we would get
using a single model. These-three-models-were-selected-both-for-

The selected models are UKESM1-0-LL (19 members, Sellar et al., 2020), MPI-ESM1.2-HR (10 members, Miiller et al., 2018)

and IPSL-CM6A-LR model (33 members, Boucher et al., 2020). This choice was made based on (7) the size of their ensemble

and-for-(at least 10 members), (77) the availability of 6-hourly outputs that were needed to run regional climate projections
and (4¢) their representatlon of the present day

properties.
For the third point, the

best half of the CMIP6 ensemble according to Agosta (2024) who ranked 45 models based on several atmospheric variables
relevant for precipitation over Antarctica. These three models also have a high fidelity in the representation of the mean ocean
properties, as detailed in Appendix A._

Although their oceanic and atmospheric mean state are some of the best modets in-the three studies:closest to observations.

the three selected models have distinct characteristics of their internal climate variabilities. As shown in Appendix B, the

atmospheric variability at the scale of Antarctica is close to the multi-model median in IPSL-CM6A-LR 33-members; Boucher-et-al2020)

and MPI-ESM1-2-HR, while it is much higher in
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2.2 Ice-sheet model

We use the version v9.0 of the Elmer/Ice nite element model (Gagliardini et al., 2013), in a con guration of the entire Antarctic
Ice Sheet adapted from Hill et al. (2023). The ice dynamics is computed by solving the Shallow Shelf Approximation (SSA)
of the Stokes equations (MacAyeal, 1989), assuming an isotropic rheology following Glen's ow law (Glen, 1955) and a linear

of the grounding line is determined using a otation criterion and a sub-grid scheme is applied for the friction in partially

oating elements (SEP3 in Seroussi et al., 2014).
The mesh issreferentiallyre ned both close to the grounding line and in areas where observed surface velocities and

has a maximum size of 50 km in the very interior of the ice sheet and a minimum size of 1 km in the re ned areas. The model

domain does not change over time, but the ice thickness is subject to a lower limit of 1 m and elements that reach this limit

are considered deglaciated in the post-processing. For stability reasons, the domain boundary is slightly smoothed and isolate:
icebergs (ice-covered area disconnected from the ice sheet) with less than 7 elements, are removed if they appear during th
simulation (i.e, their thickness is set to the critical thickness of 1 m). Apart from these corrections, we assume a steady calving

front.
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Inverse methods (Gillet-Chaulet et al., 2012; Brondex et al., 2019) provide viscosity and friction parameters by minimising
the mis t between modelled and observed velocities from Mouginot et al. (2019) using the ice thickness from BedMachine-
Antarctica-v2 (Morlighem et al., 2020). Details of the inversion are available in Hill et al. (2023). Our model con guration does
not represent a prognostic evolution of ice temperature and damage that may affect viscosity in transient simulations. From the
inversion step, we run a 20-year “relaxation” under the present-day forcing described hereafter. This attenuates the arti cial
high surface elevation rate of change that occurs when we switch from a diagnostic to a prognostic simulation (Gillet-Chaulet
etal., 2012).

The PICO box model (Reese et al., 2018) is used to parameterise ice-shelf basal melting, with a distinct calibration from Hill
etal. (2023). Here, the parameters are those detailed in Reese et al. (20Z3);i2Svm3kg *and t =5:5 10 ms 1,

sea oor temperature and salinity for each of the 19 regions de ned in Reese et al. (2018) are extracted from the ISMIP6 ocean
climatology (Jourdain et al., 2020) and averaged within 50 km of the ice-shelf front as described in Burgard et al. (2022). A
correction of temperature, ranging from -1.8°C to 0.6°C with respect to the ocean climatology, is added to match the 1994-2018

The present-day Surface Mass Balance (SMB) is based on the 1995-2014 climatology (a period of relatively stable SMB)

of the RACMO-2.3.p2 regional climate model (Van Wessem et al., 2018). In contrast to Hill et al. (2023), we do not correct

coef cients te-beeloserto-thehy 10%to reducethe modeldrift. For this, we minimisethe RMSE betweerthe modelledand




Figure 1. Basal melt rate of main ice shelves over the period 1994-2014 before (lightblue) and after calibration (blue) compared to the
melting estimates over the period 1994-2018 from Adusumilli et al. (2020, in red). Observed data uncertainties correspond to one standard

deviation. Note that the data from Adusumilli et al. (2020) only cover the area northward of 81.5°S, which excludes part of the Filchner-

IMBIE estimates (1992-2017) Elmer/Ice (1994-2014)
AlS -109 56 +36
EAIS +5 46 +107
WAIS -94 27 -127
APIS -20 15 +35
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We use the medium SSP2-4.5 scenario, which corresponds to a global warming of 1.4 to 3.0°C from 1995-2014 to 2081-

(Nowicki et al., 2020). All the anomalies are calculated with respect to the 1995-2014 period of a given member.

The annual ocean potential temperature and practical salinity from CMIP model outputs were interpolated to a stereographic
(8km 8km 60 m) grid, then extrapolated to Il unrepresented areas as in Jourdain et al. (2020). The corresponding ocean
anomalies were then added to the present-day temperature and salinity to feed the ice-shelf basal melt parameterisation.

Regional climate projections were not used to calculate the future SMB of ISMIP6-Antarctica (Nowicki et al., 2020; Seroussi
et al., 2020), mostly because they were not available early enough in the intercomparison process. Since then, this kind of
simulations have been used to re ne SMB projections (Kittel et al., 2021, 2022). Using a dedicated regional climate model is
particularly important for the IPSL-CM6A-LR model given that its snow physics over ice sheets is too simple to simulate rn
saturation and runoff in a warmer climate. However, running the regional climate model driven by many members of the CMIP
ensemble would be computationally too expensive and practically not feasible due to the non availability of 6-hourly output
for most members, which are needed:tastrairdrive the regional model.

In this paper, we therefore use the approach developed by Jourdain et al. (2024) to emulate the behaviddoaglehe
Atmosphériqgue RégiondMAR, Kittel et al., 2021). This method uses exponential ts of accumulation sumacemelt-

ing perturbations due to changes in surface air temperature, as well as simple physical relationships to derive runoff and

SMB. Fhe-t—parametersrecaleulatedrom-1980-2100MAR-simulationsfercedby-the correspondingeMiP-meodel eithe
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respect to 1995-2014 mean SMB) and add them to the present-day SMB.

3 Results

We rst characterize internal climate variability of the oceanic (subsect. 3.1) and atmospheric (subsect. 3.2) components in the
selected CMIP6 models. For this, we use all available members and we describe the effect of internal climate variability on
the present-day mean state, i.e., 1995-2014, which is used as a reference for the calculation of anomalies in ISMIP6 and in

at mid-depth is much weaker in MPI-ESM1.2-HR than in IPSL-CM6A-LR and UKESM1-0-LL (Fig. 2). MPI-ESM1.2-
HR shows a relatively low and homogeneous internal climate variability on the continental shelfypithi-standard

deviations 0f6-630.02 g kg 1 and 0.06°C across the members (Fig. 2a,d). The mean salinity of this model is too low
over the whole continental shelf (34gXg ') compared to the World Ocean Atlas data@&OA 2018 Boyer-et-al;2018)

UKESM1-0-LL is the region extending westward from the Bellingshausen Sea to the western Ross Sea. There are nonetheles:
noticeable differences between the two models.

For IPSL-CM6A-LR, the largest variability in mid-depth salinity is found in the western part of the Ross Sea, where High
Salinity Shelf Water (HSSW) is formed (Fig. 2b)s-deseribedby-Mathiotand-Jourdain-(2023nd Siahaan-etak(2022)

by the densestvatermass,sothatthereis a competitionbetweenintrusionsof relatively warm and salty Circumpolar Deep

(Fig. 2b) is probably too weak to be associated with any CDW intrusion (Fig. 2e).



230

235

240

245

250

255

For UKESM1-0-LL, the highest variability in mid-depth salinity is located around Prydz Bay in East Antarctica (Fig. 2c),
which is an area of important dense shelf water formation (Williams et al., 2016). It nonetheless does not induce a strong
temperature variability near the ice shelves (Fig. 2f). An interesting feature of UKESM1-0-LL (and IPSL-CM6A-LR to a

(Fig. 2c), which coincides with a region of high variabili#fin sea-ice concentration (not shown) and air temperature (Fig. 4f).

We nowexaminefocuson the Amundsen Seereclosely, as the region igparticularlyimpertantfer-theice-sheemass

observed and than in the two other models (Fig. 2g), and the entire water column is too warm with an overly strong and
shallow thermocline (Fig. 2j). Sea-ice concentration is considerably lower than for the other two models and observations

tic temperature pro les than MPI-ESM1.2-HR in the Amundsen Sea. All the IPSL-CM6A-LR members are nonetheless cold
biased at depth (weakest bias of -0.75°C at 900 m depth in Fig. 2k), while all the UKESM1-0-LL members are warm biased
(weakest bias of +0.54°C at 900 m depth in Fig. 2I). The spread across the ensemble is large for both models, with 0.79°C
(IPSL-CM6A-LR) and 0.39°C (UKESM1-0-LL) difference in the 1995-2014 mean temperature at 900 m between the extreme
members.

These conclusions remain valid for 60-year averagegadof-aswell as20-year averages, albeit with attenuated internal

climate variability. For example, there is still 0.43°C (IPSL-CM6A-LR) and 0.34°C (UKESM1-0-LL) difference in the 1955-
2014 mean temperature at 900 m between the extreme memibessiéwitig. C1). This nding is consistent with a strong
internal climate variability at multi-decadal time scales in the Amundsen Sea, as previously pointed out by Purich and England
(2021) who identi ed typical periodicity of approximately 30 years for MPI-ESM1.2-HR, 70 years for IPSL-CM6A-LR and
120 years for UKESM1-0-LL (their Fig. S6). In comparison, paleoclimate reconstructions indic&@-gear period for the

wind variability at the Amundsen Sea shelf break (Holland et al., 2022).

3.2 Atmospheric internal climate variability

The SMB is de ned as the difference between precipitation (liquid and solid, positive contribution) and evaporation, sublima-

increase largely due to the increased water vapour saturation in warkeegalitrinneret-al;2008:-Agestaetal;2033ere,



Figure 2. Comparison of the saline and thermal properties of the CMIP6 models MPI-ESM1.2-HR (left), IPSL-CM6A-LR (middle) and
UKESM1-0-LL (right). (a-c) standard deviation of the 1995-2014 mean practical salinity across the ensemble relative to the multi-member
mean, considering the salinity averaged from 200 m to 700 m depth. The 1500 m isobath (pink) delimits the continental shelf. (d-f) same as
(a-c) but for potential temperature and with the 1500 m isobath in blue. (g-i) mean vertical pro les of practical salinity on the Amundsen Sea
continental shelf (as de ned in Caillet et al., 2023). For each model, the blue curves represent the individual members (1995-2014 mean), and
the red line the multi-member mean. The grey curve corresponds to the 2018 World Ocean Atlas data (WOA 2018, Boyer et al., 2018) over
the period 1995-2017 and the black curve to observational climatology based on the WOA, EN4 and MEOP datasets and built for ISMIP6

(Jourdain et al., 2020). (j-I) same as (g-i) but for potential tempe]rgture.



Figure 3. Comparison of the saline, thermal and sea-ice properties of observations (left) and CMIP6 models MPI-ESM1.2-HR (middle
left), IPSL-CM6A-LR (middle right) and UKESM1-0-LL (right). (a) 1995-2017 mean practical salinity from the 2018 World Ocean Atlas
datasets(WOA 2018, Boyer et al., 2018), considering the salinity averaged from 200 m to 700 m depth. (b-d) 1995-2014 mean practical
salinity across the climate model ensemble, considering the salinity averaged from 200 m to 700 m depth. The 1500 m isobath (pink)
delimits the continental shelf. () same as (a) but for potential temperature. (f-h) same as (b-d) but for potential temperature and with the
1500 m isobath in blue. (f) 1995-2014 mean sea-ice concentration from NSIDC dataset (version 4.0) (Comiso, 2023). (j-) same as (b-d) but

for sea-ice concentration.
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2641 and 289%tyr ! for all members of the three models. The present-day SMB internal climate variability is stronger in
coastal regions (Fig. 4a-c) where the average SMB is higleshiewn)consistenthFig. D1), consistentvith the precipitation

variability in the CMIP simulations (Fig. 4g-i).

Paci c-South American modes (usually referred to as PSA1 and PSA2), which are associated with wave trains originating in
the tropical Paci c and possibly modulated by feedbacks with cloudssaadeeseaice (Wang et al., 2022).

3.3 Impact of internal climate variability on the Antarctic contribution to sea level

In our ice-sheet projections, Antarctica gains mass over the century for all members of the three CMIP models, with an
estimated SLC in 2100 ranging from -1.34 to -8.46 cm (Fig. 5a). This contribution results from a compensation between

Regions behave in different ways. While the East Antarctica and the Peninsula gain mass (SLC in 2100 ranging respectively

from -3.80 t0 -6.32 cm in Fig. 5d and from -0.96 to -2.24 cm in Fig. 5j), West Antarctica looses mass (SLC in 2100 ranging from

but the simulations can still inform on the sensitivity to internal climate variability.
Internal climate variability affects the estimated SLC of Antarctica in 2100 by more than 45%, 79% and 93% for the

ference between the lowest and highest member divided by the multi-member mean). Thus, the estimated SLC can vary by

1.64 cm, 4.35 cm and 2.33 cm, respectively (Fig. 5a) (considering the difference between the lowest and highest Tinesnber).

For the three climate models and in most Antarctic regions, the effects of atmospheric internal climate variability overwhelm

the effects of oceanic internal climate variability (Figs. 5®}isis-alsetruefor-WestAntarcticawherethe SLCtrendmeostly

12



pressure in MPI-ESM1.2-HR (left), IPSL-CM6A-LR (middle) and UKESM1-0-LL (right). (a-c) standard deviation of the 1995-2014 mean

SMB across the ensemble relative to the multi-member mean, from the MAR-based reconstructions. (d-f) same as (a-c) but for air temperature

every 5 hPa) from the CMIP6 outputs.
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modeldoesnot showanyinternaloceanigvariability, asexpectedrom the analysegarriedoutin subsect3. 1.

4 Discussion
4.1 Robustness of internal climate variability in climate models

Since all the diagnoses we have done are based on CMIP models, the realism of their internal climate variability needs to be

addressed.

CMIP6 models had a high-biased temperature variability, the three models used in this study are within the observational
plausible range(.03;0.15], with standard deviation (for variability beyond 25-year timescales) of 0.12°C in IPSL-CM6A-LR,

0.09°C in UKESM1-0-LL and 0.08°C in MPI-ESM1.2-HR.

However, based on ice core reconstructions of temperatures at the surface of Antarctica over the past 1,000 years, Casad
et al. (2023) estimated that the internal climate variability was underestimated over Antarctica in the CMIP5 and CMIP6 mod-
els, although the three models used here were not part of the assessment. Previdi and Polvani (2016) suggested that the SM
interannual internal climate variability is well captured by the CMIP5 models, but this is only based on the reanalysis period and
is therefore more relevant for the interannual variability than for the multi-decadal variability that is emphasized in our work.
The higher delity of the internal climate variability in CMIP models at the interannual frequency than at multi-decadal fre-
quencies wasiseindeedreported by Cheung et al. (2017) for the main modes of variability in the Atlantic and Paci c oceans.

14



Figure 5. Antarctic Sea Level Contribution (SLC) over the’2&entury relative to year 2015 under the SSP2-4.5 scenario, for MPI-ESM1.2-

HR (green), IPSL-CM6A-LR (purple) and UKESM1-0-LL (blue). Results are displayed for the whole ice sheet (upper row) and for the main
sub-regions (as de ned in The IMBIE Team, 2018). The left rows show the combination of the dynamical ice-sheet contribution (modulated
by the oceanic internal climate variability, middle row) and the surface mass balance contribution (modulated by the atmospheric internal
climate variability, right row). The dynamical contribution is calculated from the change in volume above otation minus the accumulated
calculated over the grounded ice area of BedMachine-Antarctica-v2, which is very close to Elmer/Ice's initial state (difference of less than
0.1% in grounded area). The use of the grounded ice area frompg3edMachine-Antarctica-v2 instead of the one from Elmer/ice (which takes




Figure 6. Regional Antarctic Sea Level Contribution (SLC) in 2100 relative to year 2015 for MPI-ESM1.2-HR (green), IPSL-CM6A-LR
(purple) and UKESM1-0-LL (blue), integrated over the IMBIE drainage basins shown in (c) The IMBIE Team (2018). a) all contributions,
b) dynamical ice-sheet contribution modulated by the ocean internal climate variability and d) the SMB contribution modulated by the
atmospheric internal climate variability (see methods and de nitions in the caption of Fig. 5). The box plots correspond to the ensemble

median (line), interquartile range (box) and total range (whiskef® of each model.
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Our results also show that the amplitude of oceanic internal climate variability around Antarctica strongly depends on

Therefore, the low-frequency internal climate variability that affects the ice-sheet mass through oceanic and atmospheric
pathways is probably underestimated in current climate models and its impact on the Antarctic SLC as well.

4.2 Internal climate variability as a source of uncertainty in sealevelsea-leveprojections

altheughtherearedisparitieson-a—ner-seale. The relative importance of internal climate variability in our simulations (45-

93%) is higher than the 18-21% reported by Tsai et al. (2020). However, its absolute importance is lower in our simulations,
with a 2015-2100 SLC modulated by 1.6 to 4.4 cm, versus 8 cm in Tsai et al. (2020). This is likely due to the fact that the
SLC projections of Tsai et al. (30 to 48 cm) are at the very high end of the ensemble of other ice-sheet projections (Seroussi
et al., 2020; Payne et al., 2021; Coulon et al., 2023), which is partly due to the parameterised ice-shelf hydrofracturing and
ice cliff failure in Tsai et al. (2020) as opposed to the aforementioned other models. In contrast, our simulatiews:ais
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{Seroussi-et-al2020;Fox-Kemper-etal;2020dte-the present-day drift in East Antarctica and Peninsula that we did not

period may signi cantly shift the projections. For example, members with colder forcing over the present-day period become
warmer throughout the 21century due to the correction. Casado et al. (2023) recommend averaging over 50-years to be long
enough to weaken internal climate variability and short enough not to dilute forced trends. This corresponds to the typical
period of internal climate variability in the paleoclimate reconstructions (Holland et al., 2022). As discussed in subsect. 3.1,
some models like UKESM1-0-LL nonetheless have internal climate variability over longer periods, so that 50-year averages
do not attenuate internal climate variability to a signi cant extent. Another issue with extending the period over which the
correction is applied is that not so many observations were available 50 years ago in Antarctica.

Given the dif culties of correcting biases, it is tempting to select the members that are most in phase with observations

and notapplyingto apply any bias correction, which is investigated in the next subsection. It is nonetheless important to

consider that the anomaly method is only responsible for a part of the uncertainty associated with internal climate variability.
Indeed, Tsai et al. (2020) highlighted important internal climate variability despite correcting the 1920-2012 period. As ice-

sheetnedelieranodelerssometimes run large ensemble simulations to select or weight the members that best t observational

records (e.g., Coulon et al., 2023), it seems important that they either consider multiple climate model members or select the

more realistic ones.

4.3 Identifying the best member

The rst challenge is to de ne metrics that can be used to quantify the phasing of individual members. Among the observa-
tions that are available over several decades, it is somehow an expert judgement to decide which metrics are most relevant fo

the Antarctic mass variations.

18
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ice-sheemodel,suchasSMB for theatmospher@ndtemperaturdor theoceanFor the oceanwe focusedour analyses

of warmperiodson the continentakhelfof the AmundserSeato provideinsightson the phasingof internalvariability.

seemgo bethemostconsistentvith the observedzariability despitean overestimateAM trendandSMB butalsoanegative
sea-icerend.

In thISStUdylweShOWthat SN P (RN e et et o P F . e

45%-93%,i.e.,a variationbetweenl.6 and4.4 cm underthe SSP2-4.%cenario This may be a low estimateasthe internal

climateyvariability of the CMIP modelsis likely underestimatedn our case the uncertaintyin Antarctic contributionto sea
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— A.CMIP modelselectionbasedon the assessmerf the modelability to producea plausiblemulti-decadabariability

440 perfectmember(2 or 3 memberganalreadybevery informativeif runningmoreis too computationallyexpensive).

— Theuseof longerreferenceperiodfor thecalculationof anomalieghanthatusuallyused(e.g...20 years in ISMIP Nowicki et al., 2

445 representativef 20-30years.This nonethelesikely remainsa preferableapproactthanusingthelast20years.

Code and data availability.The ice-sheet model version and set of parameters used to run our experiments, the SMB reconstructions and

the python scripts used to build the gures will be provided in a zenodo repository after the review.

20



450

21



:racteristic:gf::the Antarctic

22



nit

Purich and England (2021)
- 22CMIP6 models

°C

°C

Schmidtko et al. (2014)

2014)

Beadling et al. (2020).-34
CMIP6 models

differencebetweert5°Sand45°S

7Zonallv and full-depnth-averaaed notential

§v

2S

°S

°C

1986-2005

1986-2005

WOA18

16)



whole Antarcticavarieshetween).06°Cand0.24°C.Both IPSL-CM6A-LR and MPI-ESM1.2-HRhavea variability closeto

460 themedian(0.12and0.13°C),while the UKESM1-0-LL modelis amongthe modelswith the highestvariability (0.20°C).For
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