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Abstract. Most climate models do not reproduce the 1979-2014 increase in Antarctic sea ice cover. This was a contributing 10 

factor in successive Intergovernmental Panel on Climate Change (IPCC) reports allocating low confidence to model 11 

projections of sea ice over the 21st century. We show that recent rapid declines bring observed sea ice area trends into line 12 

with the models. This implies that projections of substantial future Antarctic sea ice loss may be more reliable than previously 13 

thought, with substantial wide-ranging implications for the evolution of the Southern Hemisphere climate. 14 

1 Introduction 15 

The early years of the twenty-first century revealed a puzzling conundrum in Antarctic sea ice (Turner and Comiso, 2017; 16 

National Academies of Sciences and Medicine, 2017). Observations of Antarctic sea ice extent (SIE) showed a small increase 17 

during the satellite era (which began in late 1978), with annual mean values reaching a maximum in 2014, but most climate 18 

models simulated SIE declines over the same period. Various studies examined possible reasons for this discrepancy (Turner 19 

and Comiso, 2017). Specifically, the community discussed whether it could be explained by internal variability masking the 20 

anthropogenic forced signal in observations (Gagné et al., 2015; Rosenblum and Eisenman, 2017; Roach et al., 2020) and the 21 

extent to which it revealed model deficiencies in sea ice processes (Fox-Kemper, 2021). Some studies found that the observed 22 

pan-Antarctic trends lay within the distribution of modelled trends (Polvani and Smith, 2013; Zunz et al., 2013) and that only 23 

regional trends could robustly be deemed inaccurate in the models (Hobbs et al., 2015). However, these studies considered 24 

trends to 2005 only, and over this 27-year period the role of internal variability is larger than with more recent end dates. 25 

Others suggested that trends in sea ice, particularly SIE, may not be a robust metric of model performance, particularly when 26 

the observational time series is too short to separate internal variability from anthropogenic forcing (Notz, 2014). Even so, the 27 

poorly understood discrepancy between models and observations has been a contributing factor in a widespread lack of 28 

confidence in projections of 21st century Antarctic sea ice decline, and consequently in many aspects of projected climate 29 
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change around Antarctica, which are underpinned by projections of substantial sea ice decline (Bracegirdle et al., 2015; 30 

Bracegirdle et al., 2018). 31 

 32 

Recently, Antarctic sea ice has exhibited a starkly different pattern of behaviour. Following the pre-2015 era of slightly 33 

increasing ice extent, rapid ice loss beginning in early 2015 culminated in a dramatic drop in spring 2016-17 (Turner et al., 34 

2017). This led to several years of record low SIE, which has been framed as a ‘new sea ice state’ (Purich and Doddridge, 35 

2023; Hobbs et al, 2024). This situation shows no sign of abating, with further declines since 2021 leading to monthly-mean 36 

SIE records being broken in all but two eight months of 2023 so far (Fetterer, 2017; Siegert et al., 2023). The initial decline 37 

showed strong linkages to patterns of intrinsic atmospheric variability (Turner et al., 2017; Schlosser et al., 2018; Zhang et al., 38 

2022) which have high internal variability on short (sub-annual) timescales. However, growing evidence of the contribution 39 

of warming in the subsurface ocean (Zhang et al., 2022; Purich and Doddridge, 2023), and the magnitude and spatial 40 

homogeneity of the sea ice reductions since 2016/17, point to more sustained declines. 41 

 42 

In light of this sea ice loss, we re-consider whether the distribution of trends simulated by the current generation of climate 43 

models, from the Coupled Model Intercomparison Project Phase 6 (CMIP6; (Eyring et al., 2016)) dataset, allows for a trend 44 

of the observed magnitude and thus whether observed trends are consistent with the multi-model ensembleobservations. Key 45 

Whilst pprevious studies have considered trends to 2005 (Hobbs et al., 2015; Polvani and Smith, 2013; Zunz et al., 2013) or 46 

2013 (Rosenblum and Eisenman, 2017) based on CMIP5 models (Rosenblum and Eisenman, 2017) and to 2018 based on 47 

CMIP6 (Roach et al., 2020). , Wwe might expect the situation to have changed, for two reasons. First, being able to assess 48 

trends in longer timeseries (due to the longer observational record) potentially reduces the impact of short-term internal 49 

variability on trend calculations (Notz, 2014). Second, and more specifically, these data now include the recent years of 50 

observed rapid decline of sea ice, impacting decreasing long-term trends. Therefore we perform an analysis of all trends with 51 

end dates between 2005 and 2023, to place our results in the context of previous studies and show how the results change over 52 

time due to these two factors, while using a consistent set of CMIP6 model data (such that the changes are not attributable to 53 

changes in model components or resolution). 54 

2. Data and Methods 55 

2.1 Sea Ice Metric 56 

Sea ice cover is calculated as either sea ice extent, SIE (the total area of all gridboxes where sea ice concentration SIC exceeds 57 

a 15% threshold), or sea ice area, SIA (the sum of gridbox areas multiplied by gridbox SIC). SIA has larger observational 58 

uncertainties, as it is more sensitive to differences in SIC. However, SIE is a non-linear measure and so can give misleading 59 

results when comparing models and observations or when calculating trends (Notz, 2014). Therefore, in contrast to some 60 
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previous assessments, but following community precedent (Roach et al., 2020), we assess SIA. SIA and SIE have similar 61 

trends (Fig.ure AB1).  62 

2.2 Model Data 63 

We use data from 39 CMIP6 models, from multiple modelling centres. Across the ensemble, there are multiple different model 64 

components and resolutions of each component. MCMIP6 monthly SIA is obtained from the University of Hamburg (UHH) 65 

CMIP6 Sea Ice Area directory (https://www.cen.uni-hamburg.de/en/icdc/data/cryosphere/cmip6-sea-ice-area.html, accessed 66 

2023-08-17) and aggregated into weighted annual means. This is supplemented by SIA for the two NorESM models, which 67 

are not available in the UHH dataset due to a bug in an earlier version of NorESM released SIA data. We merge historical 68 

simulations ending in December 2014 with the ssp585 forcing scenario run for 2015 to 2023. ssp585 indicates a global average 69 

radiative forcing of 8.5 W m-2 by 2100 (O'Nneill et al., 2016). This is a high-emissions forcing scenario; however, emissions 70 

scenarios have little bearing on model spreadresults for the time periodtime period considered here. The resulting historical-71 

ssp585 merger constitutes 188 ensemble members from 39 models (Table A1), each contributing between 1 and 57 members 72 

of an initial condition ensemble.  73 

 74 

By using a large number of ensemble members of the historical multi-model ensemble, we sample internal variability under 75 

historical anthropogenic forcing.  However, Ssince only four models contain more than six members, we use a maximum of 76 

six members from each model to avoid weighting the results too heavily towards models with large ensembles., leading Thus 77 

the final ensemble analyzed has to using 98 members (Fig. B1) from 39 models (Table B1). The sensitivity of our results to 78 

this treatment of model ensembles and to the emission scenario is discussed in Appendix C.  79 

  80 

Since many models have drifts in their pre-industrial runs, we calculated linear trends over the full pre-industrial period 81 

available (in the range 150 to 500 years across the 32 models with data available in the UHH dataset; Table B1), henceforward 82 

referred to as ‘drift’. In all cases, drifts are an order of magnitude smaller than the trends for years 1979-2023, and there is no 83 

significant inter-model relationship between the drift in a model’s pre-industrial simulation and the ensemble mean of linear 84 

trends in that model (p=0.48). This implies drifts are negligible in the context of historical trends, consistent with results for 85 

CMIP5 (Gupta et al., 2013), and so they are not considered further.  86 

2.3 Observational Data 87 

For an estimate of observed sea ice cover, NSIDC Sea Ice Index v3.0 SIA (Fetterer, 2017) is used, available from January 88 

1979-September 2023. We investigate the role of observational uncertainty by also using other observational estimates for 89 

1979-2019 from the UHH SIA dataset (Dörr, 2021). Data for missing months (December 1987-January 1988 for the Sea Ice 90 

Index v3.0) are infilled by interpolating between the same month in the previous and following year (Rosenblum and Eisenman, 91 

2017). To allow analysis of 2023, we create synthetic extensions of the data for October-December 2023, by linearly decaying 92 

https://www.cen.uni-hamburg.de/en/icdc/data/cryosphere/cmip6-sea-ice-area.html
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the anomaly from the 2017-2022 mean to zero by January 2024. A conservative alternative, of decaying instead to the high-93 

valued 2008-2016 mean by January 2024, has negligible impact on the p-values shown in Fig. 1c, so our analysis is robust to 94 

this assumption. 95 

2.4 Trend evaluation methodology 96 

Our evaluation methodology is an extension of that previously used for CMIP5 (Rosenblum and Eisenman, 2017). Linear 97 

trends are calculated for all periods of at least 35 years overlapping with the satellite record (January 1979-September 2023) 98 

using the OLS method of the pPython package statsmodels.api package. For comparison with the earlier studies mentioned in 99 

the Introduction, we additionally calculate trends for periods 1979–y2 where y2 is between 2005 and 2012. We calculate the 100 

mean and standard deviation of the trends from the model ensemble trends and use these to fit a Gaussian distribution, with 101 

cumulative distribution function F(X), to the distribution of modelled  these trends. To estimate the probability that a trend at 102 

least as large as observed would occur in the climate model population, we calculate the p-value for a one-tailed test asis 1-103 

F(x), where x is the observed trend. The extent to which a linear trend is an appropriate description of the time evolution of 104 

SIA is considered in the Discussion below. 105 

3 Results 106 

3.1 Trend evaluation 107 

The recent decade of data has reduced the significant positive trend (Parkinson, 2019)  in observed annual-mean and monthly 108 

SIA, which peaked in the period ending 2015, to near-zero (Fig. 1a)-c) and 1b, red lines; Fig.ure CB1a, A1). For some months 109 

and in the annual mean, the trend since 1979 is now weakly negative, and trends are statistically insignificant in all months 110 

(Fig.ure AB1). Meanwhile, adding the extra yearsfurther decade of data hardly changed the multi-model mean trend at all (Fig. 111 

1a)-c) and 1b, blue lines). The mean trend remains strongly negative, although a few simulations have weakly positive trends. 112 

The simulated trends are less influenced by internal climate variability as more years are added, and therefore the standard 113 

deviation of the modelled trends for a fixed start year of 1979 decreases over time (Fig. C1c).  114 

 115 

In light of these findings, we test the null hypothesis that observed sea ice trends are consistent with trends simulated across 116 

the CMIP6 multi-model ensemble, and consider how additional years of data affect the outcome of this test. We consider 117 

trends calculated with both a fixed start date (1979) and fixed duration (35 years) to aid our interpretation. Until 2010 inclusive, 118 

the probability of a CMIP6 model trend matching or exceeding the observed trend exceeds 0.05, so we would accept the null 119 

hypothesis that modelled and observed trends are consistent (as concluded in (Zunz et al., 2013; Hobbs et al., 2015; Polvani 120 

and Smith, 2013)).  Until However, in the period 2005 through 2015, the multi-model mean trend and observed trend diverge 121 

while the modelled trend distribution narrows (Fig. C1), reducing the likelihood that the observed trend falls within the 122 

modelled distribution. As a result, between 2011 and 2018, the probability of a CMIP6 model trend matching or exceeding the 123 
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observed trend is very low (p<0.05; Fig. 1dc), so the null hypothesis is rejected and the model trends may be deemed 124 

inconsistent with observations. This can be interpreted as saying that the models’ anthropogenic forced trend, as estimated by 125 

the multi-model mean trend, is inconsistent with the observed trend, when allowing for modelled internal variability. Indeed, 126 

sensitivity experiments in climate models have also implied that the forced trend in models is too strong (Schneider and Deser, 127 

2018). This test provides a clear result; the short time period of under forty years should allow for a generous range of modelled 128 

trends due to internal variability, but this range still fails to accommodate the observations.  129 

 130 
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 131 

From 2015, the probability of CMIP6 trends matching or exceeding the observed trend starts to increase, as the ice loss brings 132 

observations into line with the models (Fig.ure 1dc). However, if trends are calculated with a fixed 1979 start date, 133 

progressively lengthening the trend under consideration decreases the modelled trend standard deviation while hardly affecting 134 

the model mean trend (Fig.ure CC1). This makes it less likely that the observed trends will fall within the distribution of 135 

modelled trends.  136 

 

Figure 1 (a-b) Linear trends in annual mean SIA in satellite observations (red) and CMIP6 models (blue histogram) and Gaussian 

fit to CMIP6 distribution (black) for the periods (a) 1979-2013 and (b) 1979-2022. The dashed vertical line indicates zero trend and 

the blue line indicates the multi-model mean. (c) the probability of observing a trend at least as large as observed (a one-tailed test) 

under the null hypothesis that observations are taken from the same population as the CMIP6 multi-model ensemble, for varying 

end dates and either a fixed start date of 1979 as in panels a) and b) (crosses) or fixed trend length of 35 years (dots). The 2023 

estimate (grey) is based on a synthetic extension of the observed time series (Section 2.3). 

 

Figure 1 (a-c) Linear trends in annual mean SIA in satellite observations (red) and CMIP6 models (blue histogram) and Gaussian 

fit to CMIP6 distribution (black) for the periods (a) 1979-2005, (b) 1979-2013 and (c) 1979-2023. The dashed vertical line indicates 

zero trend and the blue line indicates the multi-model mean. (d) the probability of observing a trend at least as large as observed (a 

one-tailed test) under the null hypothesis that observations are taken from the same population as the CMIP6 multi-model 

ensemble, for varying end dates and either a fixed start date of 1979 as in panels a) and b) (crosses) or fixed trend length of 35 years 

(dots).       
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Only in 2022 does the recent rapid decline in observations counteract this effect and finally bring observed trends into line 137 

with the models (null hypothesis not rejected at p=0.05; Fig.ure 1d). In contrast, for ‘fixed duration’ trends, the standard 138 

deviation of modelled trends remains large, while the observed trend more rapidly declines and becomes negative due to the 139 

neglect of early low SIA years (Gagné et al., 2015; Schroeter et al., 2023) in addition to the inclusion of the recent low SIA 140 

years. Therefore, the null hypothesis is no longer rejected at p=0.05 as early as 2019 under this methodmeasure.  141 

 142 

3.2 Relationship of trends with mean state 143 

It is known that, seasonally and especially in summer, there is a relationship between sea ice area climatology and future trends, 144 

which is to be expected as, for example, very low sea ice constrains trends (Holmes et al, 2022). Therefore, we investigated 145 

the relevance of this for our trend assessment. The relationship between both summer and annual mean climatology and the 146 

annual mean trends is highly statistically significant, but has a very weak slope (Fig C2a,b). Since there are two models (from 147 

the MIROC family) which are clear outliers, having far too little sea ice in the annual mean (Fig C2b; Shu et al, 2020), we test 148 

the sensitivity to removing these models. This does not change our conclusion that trends are consistent for an end date of 149 

2023 (Fig. C2c). Therefore, while there is some evidence that the models with trends closest to observations tend to be biased 150 

low (Fig. C2a,b), this does not appear to dominate our conclusion that observed and modelled trends are now consistent.  151 

 152 

4 Discussion and Conclusions 153 

The results aboveOur results show that the consistency between observed and modelled trends changes over time. Firstly, for 154 

early end dates (prior to 2011) there is no evidence of inconsistency between observed and modelled trends, as noted by earlier 155 

studies (Hobbs et al., 2015; Zunz et al., 2013; Polvani and Smith, 2013). Secondly, firstly, there is a mismatch between 156 

observed and modelled trends for the earlier period up to around 2018, as discussed in the Introductionpreviously shown, 157 

suggesting that modelled anthropogenic trends are too strong relative to modelled variability during that period. However, 158 

secondlyFinally, our results study shows the novel result that the persistent low Antarctic SIA of 2022 and 2023 brings 159 

observed trends back into line with the ensemble of modelled trends, permitting the interpretation that modelled forced trends 160 

and variability are realistic on 45-year timescales (the full length of the modern satellite record). This is an important 161 

conclusion, since these longer timescales are of greatest relevance to centennial projections of climate change, and to the 162 

attribution of anthropogenically forced change. Moreover, even trends on the shorter 35-year timescale fall within the model 163 

ensemble for the five most recent 35-year periods (Fig. 1dc).   164 

Focussing on trends with a fixed start date, The fact that these assessments of model skill changed after the addition of recent 165 

yearsthe changing assessment of skill with increasing years of data could be explained in several ways. Conceptually, for any 166 

time period there is a distribution of model trends and also a distribution of possible real trends that could have occurred 167 

(depending upon the evolution of internal climate variability). Each The observed trend is a single realisation of the distribution 168 
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of possible real trends. The observed trends with earlier end dates between 2011 and 2021 were outside the model trend 169 

distribution. Now, the latest observed trends fall within with the distribution of modelled trends, as do observed trends for 170 

periods ending before 2011. In other words, the observed trends previously lay withinover the middle period lay in the region 171 

where the modelled and real trend distributions did not overlap, and observed trends in the earlier and most recent periods lie 172 

in the region where they do overlap. now lie within the region where they do.  173 

 174 

The modelled and real trend distributions will differ in their spread if the models have inaccurate variability, and in their mean 175 

if the models have an inaccurate anthropogenic forced trend. Therefore, inaccurate variability, particularly on multidecadal 176 

timescales, could explain the changing assessment of skill. . Indeed, modelled variability exceeds observed variability and 177 

varies greatly between models (Zunz et al., 2013, Roach et al., 2020, Diamond et al., 2024), with some models containing 178 

large centennial variability (Zhang et al., 2019). Alternatively, it could be that the modelled anthropogenic trends are too strong 179 

(Schneider and Deser, 2018), or emerge too early. For example, this is consistent with the hypothesis that models under-180 

estimateing the timescale or magnitude of the cooling phase of the ‘two-timescale’ response to stratospheric ozone forcing, 181 

whereby increasing westerlies cause a cooling ( sea ice increase) on ‘short’ timescales and warming (decline) on ‘long’ 182 

timescales (Ferreira et al., 2015; Kostov et al., 2017). However, other evidence from models suggests this mechanism is 183 

unlikely to be a primary driver of the model-observation mismatch (Seviour et al., 2019). The latest observed ice decline may 184 

be finally revealing the influence of anthropogenic forcing, bringing the observations closer to the models, which have long 185 

predicted this a decline. 186 

 187 

The importance of our results is in showing that we can no longer rule out climate model simulations of Antarctic sea ice based 188 

on linear trends alone. There are of course many further measures by which modelled sea ice may be assessed, including 189 

seasonal and interannual variability (Zunz et al., 2013), spatial patterns (Hobbs et al., 2015), and physical processes (Holmes 190 

et al., 2019), and relationships between trends and other variables (e.g. global warming; Rosenblum and Eisenman, 2017, or 191 

mean state, as discussed above). Moreover, linear trends are a limited parametric assessment of a timeseries and one could 192 

argue that the observed time series appears to display more complexity than a linear trend with noise imposed (Fig B1). 193 

However, complex behaviours, revealing the interplay of trends and variability including on long timescales, are also apparent 194 

in individual model ensemble members (Fig B1). Therefore, our argument is simply that being able to simulate linear trends 195 

is a fundamental test, and We simply argue that  models no longer fail thise fundamental test of being able to simulate trends, 196 

at least over the 45-year modern satellite era. Future studies can therefore move on to more detailed model assessments, 197 

including representation of the recent rapid decline itself (Diamond et al., 2024). The rapid decline iss are as yet short-lived, 198 

so an improved understanding of multi-decadal sea ice variability and its representation in climate models is critical for further 199 

interpreting these results. Further, processes lacking from models, such as increasing freshwater input from accelerating ice 200 

sheet melt (Swart et al., 2023), may provide further complications in the relative evolution of modelled and observed sea ice 201 

over the 21st century. 202 
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 203 

Our results have broad ramifications for future assessments of CMIP6 outputs. First, revising our confidence in the climate 204 

models has consequences for the attribution of historical climate changes. Secondly, we should now have some level of greater 205 

confidence in the strong projected declines in Antarctic sea ice under anthropogenic forcing (Roach et al., 2020), whereby ice 206 

becomes near-absent in summer (Holmes et al., 2022). This in turn will influence our understanding of the future evolution of 207 

all aspects of the Southern Hemisphere climate - including Southern Ocean heat and carbon uptake, circumpolar winds 208 

(Bracegirdle et al., 2018), and melting of the Antarctic Ice Sheet – and of marine ecosystem function; all of which underpins 209 

decisions about the mitigation of future greenhouse gas emissions and about ecosystem management. 210 

Appendix A: Monthly trends 211 

212 

 213 

Figure A1: Observed sea ice trends in individual months for (squares) 1979-2014, (crosses) full 45-year trend 1979-214 

2023, and (circles) 35-year trend to 2023. 1979-2023 trends are highlighted in shades of red as this period is the focus 215 

of the paper. a) Sea Ice Area, b) Sea Ice Extent. 5th-95th percentile uncertainties are indicated by vertical lines. Data 216 

are from the Sea Ice Index (see Methods). 217 

  218 
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Appendix B: CMIP6 models 219 

 Mean Trend Climatology 
Trend  
piControl 

n members 
used 
(available) Model 1979-2013  1979-2023  1989-2023  

February 
1979-2023 

Annual 
1979-2023 

ACCESS_CM2 -0.049 -0.173 -0.265 0.532 7.435 -0.021 1 

ACCESS_ESM1 -0.151 -0.099 -0.104 2.120 8.238 N/A 3 

AWICM1 -0.405 -0.473 -0.420 1.171 9.802 0.004 1 

BCC_CSM2 0.194 -0.443 -0.803 0.294 6.644 -0.027 1 

CAMS_CSM1 -0.067 -0.096 -0.230 0.012 5.846 -0.023 2 

CESM2 -0.369 -0.382 -0.388 1.602 8.960 -0.007 3 

CESM2_WACCM -0.474 -0.447 -0.446 1.760 9.181 -0.012 3 

CIESM -0.251 -0.261 -0.261 0.079 5.487 -0.019 1 

CMCC_CM2_SR5 -0.356 -0.330 -0.328 0.679 7.568 -0.040 1 

CMCC_ESM2 -0.297 -0.247 -0.254 0.719 7.699 -0.045 1 

CNRM_CM6 -0.362 -0.379 -0.376 0.940 9.192 -0.018 6 

CNRM_CM6_1_HR -0.443 -0.583 -0.950 0.499 8.065 -0.065 1 

CanESM5 -0.386 -0.356 -0.373 4.014 11.841 0.005 6 (19) 

E3SM_1_1 -0.323 -0.360 -0.422 1.320 9.166 0.003 1 

ECEarth3 -0.267 -0.222 -0.236 0.263 4.654 -0.009 6 (57) 

ECEarth3_CC -0.231 -0.126 -0.147 0.056 3.187 -0.013 1 

ECEarth3_Veg -0.149 -0.196 -0.276 0.298 4.816 -0.008 5 

ECEarth3_Veg_LR -0.325 -0.280 -0.293 0.182 4.819 -0.005 1 

FGOALS_f3L -0.122 -0.159 -0.109 0.277 6.360 N/A 1 

FGOALS_g3 -0.279 -0.226 -0.135 2.214 10.813 0.000 4 

FIO_ESM -0.316 -0.342 -0.339 2.035 9.448 -0.001 3 

GFDL_CM4 -0.223 -0.193 -0.159 0.529 9.791 -0.019 1 

GFDL_ESM4 -0.039 -0.111 -0.075 0.641 8.455 -0.019 1 

GISS_E2_1_G -0.135 0.008 0.062 0.731 8.049 N/A 1 

HadGEM3_GC31_LL -0.514 -0.607 -0.674 1.957 8.692 N/A 3 

HadGEM3_GC31_MM -0.312 -0.313 -0.362 1.482 6.144 -0.047 4 

INM_CM4_8 -0.193 -0.210 -0.228 0.242 4.386 -0.012 1 

INM_CM5_0 -0.238 -0.232 -0.200 0.904 6.231 0.021 1 

IPSL_CM6A_LR -0.363 -0.384 -0.414 1.616 10.606 0.006 6 

KIOST_ESM -0.259 -0.215 -0.156 0.725 6.252 N/A 1 

MIROC6 -0.014 -0.015 -0.006 0.017 1.505 -0.001 3 

MIROC_ES2L -0.072 -0.084 -0.108 0.019 1.398 0.002 6 (8) 

MPI_ESM1_2_HR -0.277 -0.274 -0.356 0.298 5.833 -0.004 2 

MPI_ESM1_2_LR -0.108 -0.078 0.019 0.259 4.325 0.000 6 (30) 
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MRI_ESM2 -0.325 -0.377 -0.436 2.537 11.964 -0.009 1 

NESM3 -0.202 -0.283 -0.374 0.485 7.746 -0.010 2 

NorESM2_LM -0.096 -0.082 -0.102 1.385 6.238 N/A 1 

NorESM2_MM -0.014 -0.077 -0.041 1.402 6.543 N/A 1 

UKESM1_0_LL -0.721 -0.666 -0.652 2.947 9.954 0.005 5 

 220 

MODEL 

1979-

2013 

MEAN 

TREND 

1979-

2023 

MEAN 

TREND 

1989-

2023 

MEAN 

TREND 

N MEMBERS 
N MEMBERS 

USED 

ACCESS_CM2 -0.04944 -0.17256 -0.26519 1 1 

ACCESS_ESM1 -0.15064 -0.09875 -0.10404 3 3 

AWICM1 -0.40479 -0.47263 -0.41977 1 1 

BCC_CSM2 0.19367 -0.44325 -0.80301 1 1 

CAMS_CSM1 -0.06683 -0.09611 -0.22959 2 2 

CESM2 -0.36938 -0.38158 -0.38781 3 3 

CESM2_WACCM -0.47352 -0.44688 -0.44569 3 3 

CIESM -0.25127 -0.26142 -0.26097 1 1 

CMCC_CM2_SR5 -0.35578 -0.33006 -0.3281 1 1 

CMCC_ESM2 -0.29702 -0.24735 -0.25416 1 1 

CNRM_CM6 -0.36236 -0.37923 -0.37553 6 6 

CNRM_CM6_1_HR -0.44265 -0.58323 -0.95026 1 1 

CANESM5 -0.44423 -0.38181 -0.35671 19 6 

E3SM_1_1 -0.32336 -0.35954 -0.42247 1 1 

ECEARTH3 -0.18492 -0.17402 -0.18675 57 6 

ECEARTH3_CC -0.23065 -0.12555 -0.14672 1 1 

ECEARTH3_VEG -0.14929 -0.19563 -0.27552 5 5 

ECEARTH3_VEG_LR -0.32488 -0.27959 -0.29294 1 1 

FGOALS_F3L -0.12234 -0.15916 -0.10923 1 1 

FGOALS_G3 -0.27949 -0.2264 -0.13548 4 4 

FIO_ESM -0.31626 -0.34199 -0.33857 3 3 

GFDL_CM4 -0.2228 -0.19287 -0.15889 1 1 

GFDL_ESM4 -0.0388 -0.11107 -0.07462 1 1 
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GISS_E2_1_G -0.13518 0.007827 0.062373 1 1 

HADGEM3_GC31_LL -0.5135 -0.60736 -0.67449 3 3 

HADGEM3_GC31_M

M 
-0.31207 -0.31269 -0.36247 4 4 

INM_CM4_8 -0.19266 -0.21018 -0.22783 1 1 

INM_CM5_0 -0.23805 -0.23203 -0.2004 1 1 

IPSL_CM6A_LR -0.36316 -0.38448 -0.41388 6 6 

KIOST_ESM -0.25891 -0.2145 -0.15571 1 1 

MIROC6 -0.01415 -0.01507 -0.00588 3 3 

MIROC_ES2L -0.06164 -0.0762 -0.09581 8 6 

MPI_ESM1_2_HR -0.27659 -0.27352 -0.35618 2 2 

MPI_ESM1_2_LR -0.13685 -0.12264 -0.08424 30 6 

MRI_ESM2 -0.3255 -0.3771 -0.43644 1 1 

NESM3 -0.20193 -0.28303 -0.37379 2 2 

NORESM2_LM -0.09616 -0.08174 -0.10233 1 1 

NORESM2_MM -0.0136 -0.0771 -0.04084 1 1 

UKESM1_0_LL -0.72078 -0.66572 -0.65195 5 5 

Table BA1: The models available for the study and summary values:, the number of ensemble members available and the 221 

number used (and the number available where this differs); , and the ensemble mean trend (Mkm2/decade) (and across the 222 

ensemble members used only) for the period specifiedthe climatology (Mkm2) across the ensemble members used only for the 223 

period specified; and the trend in the pre-industrial simulation (Mkm2/decade) . NorESM values were calculated by the authors 224 

from SIC data; all other values were obtained from the CMIP6 SIA Directory made available by the University of Hamburg 225 

and methods are fully detailed there.  226 
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 227 

 
Figure B1: 1979-2023 annual mean sea ice area in observations (Sea Ice Index v3, top left) and in all CMIP6 model 

ensemble members considered in the analysis. Panels are sorted by their linear trend over 1979-2023. Linear trends 

are shown and indicated in red (statistically significant at p<0.05) or grey (statistically insignificant). Each panel 

includes annotation showing the simulation’s 1979-2023 climatology and trend. Y-axis shows SIA anomaly from 1979-

2023 climatology (Mkm2). 
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Appendix B: Monthly trends 229 

 230 

231 

 232 

Table B2: Observed sea ice trends in individual months for (squares) 1979-2014, (crosses) full 45-year trend 1979-present, 233 

and (circles) 35-year trend to present. ‘Present’ indicates 2023 for January to September and 2022 for October to December; 234 

trends ending in 2022 are in a lighter colour for distinction. 1979-present trends are highlighted in shades of red as this period 235 

is the focus of the paper. a) Sea Ice Area, b) Sea Ice Extent. 5th-95th percentile uncertainties are indicated by vertical lines. 236 

Data are from the Sea Ice Index (see Methods). 237 

  238 
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Appendix CC: Sensitivity Tests 239 
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 241 

Figure CC1: Contributions to the p-value shown in Figure 1dc). a) observed trend; Sea Ice Index in black as in main 242 

text, other datasets as indicated. b) mean of modelled trends, c) standard deviation of modelled trends, d) p-value (as 243 

main text Figure 1d but with alternative observational estimates (Dörr, 2021)).  244 
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Figure C2: The role of ice-free conditions in explaining model spread, and result sensitivity to ensemble 

treatment. a) Scatter plot of summer (February) sea ice climatology for 1979-2023 against the annual-mean 

trend over 1979-2023. Maximum 6 ensemble members per model shown. b) as a) but for annual mean 

climatology against trend, with cutoff threshold (observed climatology/4) to exclude MIROC models indicated 

in grey dashed line. c) As figure 1d) but excluding MIROC models. d) As figure 1d) but using 1 random 

ensemble member from each model, resampled 10000 times; mean of p-values.  

Sensitivity to Observational Dataset 245 

Observational uncertainty in SIA is particularly high prior to winter 1987 (not shown) due to missing SIC data. Trends in the 246 

other datasets, in particular OSI-SAF (Figure C1, green), are in general more strongly positive than those in the Sea Ice Index 247 

(Figure C1a). Therefore, for the ‘1979 start date’ trends, these might exhibit consistency with model-simulated trends at later 248 

end dates than 2022 (Figure C1d, crosses); note that all datasets already display consistency for the 35-year trends ending in 249 

2019 onwards (Figure C1d, dots).  250 

Sensitivity to treatment of CMIP6 models 251 

We also tested the sensitivity of our conclusions to our treatment of CMIP6 models. First, we tested the sensitivity to treatment 252 

of individual model ensembles. bAs stated in the main text, the choice of using a maximum of six ensemble members per 253 

model was to sample internal variability adequately without weighting towards models with large ensembles. By including all 254 
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ensemble members (instead of a maximum of six per model), we largely add simulations from models with weak negative 255 

average trends (Table BA1) and so increase consistency with observations (not shown). However, the evolution with end year 256 

of the model-observation comparison (Fig. 1dc) and the broad timings of threshold crossings are unchanged.  On the other 257 

hand, since curtailment to a maximum six members per model still constitutes uneven sampling across models which have 258 

different internal variabilities, we also verified that when using one ensemble member per model, results remain on average 259 

the same for 2023 end dates (Fig. C2d).  260 

 261 

Second, we tested sensitivity to using the weaker forcing scenario ssp245 instead of ssp585 for the extension of modelled 262 

trends after 2014. The effect of forcing scenario is small early in the 21st century (Hawkins and Sutton, 2012), so that any 263 

difference arising is due to internal variability or structural differences between the models with simulations available. For the 264 

overlapping subset of 147 model-realisation combinations, ssp245 has marginally stronger trends and so is slightly less 265 

consistent with observations. In contrast, using the full ssp245 ensemble (with all available members) means including a larger 266 

ensemble of MIROC6 than in the overlapping subset or in the ssp585 ensemble; MIROC6 implausibly has virtually no sea ice 267 

year-round (Shu et al., 2020) and therefore zero trends (Holmes et al., 2022) leading to weaker mean trends and slightly greater 268 

consistency with observations. In summary, these effects are small, and so our conclusions are robust to these sensitivity tests.      269 

 270 

Code Availability 271 

The code for calculating trends, performing the evaluation and preparing figures is available from the corresponding author on 272 

request. 273 

Data Availability 274 

Sea Ice Area from the CMIP6 models is available from the University of Hamburg (UHH) CMIP6 Sea Ice Area directory 275 

(https://www.cen.uni-hamburg.de/en/icdc/data/cryosphere/cmip6-sea-ice-area.html, accessed 2023-08-17). The NSIDC Sea 276 

Ice Index v3.0 SIA (Fetterer, 2017) is available from https://nsidc.org/arcticseaicenews/sea-ice-tools/. Other observational 277 

estimates of sea ice area (Dörr, 2021) are available from https://doi.org/10.25592/uhhfdm.8559.  278 
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