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Abstract 11 

The uncertainty in equilibrium climate sensitivity (ECS) has remained persistently unchanged for 12 

the past four decades1–4, with cloud feedback3,5–11 as a primary source of the uncertainty. Here we 13 

show that a key component of this uncertainty is rooted in the impact of base-state Southern Ocean 14 

salinity on cloud feedback. Sea surface salinity in the sinking zone of the Southern Ocean (45o-15 

60oS) statistically explains half of the inter-model variance in shortwave cloud feedback from a 16 

set of 40 Coupled Model Intercomparison Project Phase 6 climate models. Models with greater 17 

salinity in this region sequester more heat in the deep ocean12, reducing the surface warming in the 18 

Southern Ocean. This acts to increase lower tropospheric stability13 which, combined with reduced 19 

surface warming, induce a more negative shortwave cloud feedback14,15, both locally and over 20 

remote tropical and subtropical oceans. This remote impact16–19 is related to enhanced northward 21 

advection of Southern Ocean surface waters associated with the strengthening of the southeasterly 22 

trade winds, especially in the Southeastern Pacific, transporting the surface warming differences 23 

to subtropical oceans. Using observed surface salinity as an emergent constraint argues against 24 

models with a strongly positive cloud feedback and high ECS due to their fresh bias in the Southern 25 

Ocean20. Our results highlight the potential of improved simulation of cloud feedback through 26 

dynamical constraint of climate models with salinity observations.   27 
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Main 28 

Reducing the uncertainty in equilibrium climate sensitivity (ECS) has been a long-standing 29 

challenge facing the climate modeling community. This uncertainty, roughly 1.5-4.5oC warming 30 

in response to a CO2 doubling, has remained largely unchanged from the Charney report1 in 1979 31 

to the present-day Coupled Model Intercomparison Project Phase 6 (CMIP6)2,3. At the heart of this 32 

uncertainty is the cloud feedback3,5–11, long recognized to be primarily due to the profound 33 

challenge for climate models in simulating clouds, arising from their multi-scale nature and our 34 

incomplete understanding of processes5.  35 

In recent years, it has been well-established that climate sensitivity is not constant but 36 

evolves substantially over time13,17,21–27. The time-dependent nature of climate sensitivity is 37 

strongly determined by the evolving spatial pattern of ocean heat uptake (OHU)16,17. Subpolar 38 

OHU, primarily in Southern Ocean18, tends to have a larger OHU efficacy25 – a higher efficiency 39 

in cooling the Earth – than tropical OHU. The OHU impact on time-dependent climate sensitivity 40 

is regulated by shortwave (SW) cloud feedback16–18, consistent with Andrews et al.28 that the 41 

increased climate sensitivity over time is largely attributed to the SW cloud feedback. Building on 42 

these previous studies, we further demonstrate that this well-established physical link between 43 

OHU, cloud feedback, and climate sensitivity applies not only in the time dimension, but also in 44 

models’ dimension; that is, the extensive spread in cloud feedback and climate sensitivity among 45 

CMIP climate models largely depends on their simulation of Southern Ocean heat uptake. This 46 

spread is, in turn, regulated by the spread in models’ base-state surface salinity in the Southern 47 

Ocean. 48 

Southern Ocean heat uptake is strongly linked to the upper cell of the meridional 49 

overturning circulation (MOC)29. A recent study30 on the delayed Southern Ocean warming 50 
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provides a useful framework: surface waters south of the Antarctic Circumpolar Current (ACC) 51 

warmed due to increased greenhouse gas emissions are transported northward by the anomalous 52 

Ekman current and sequestrated into ocean interior north of the ACC through transformed sinking 53 

water masses31,32; this process is sustained by the damping effect in warming by unmodulated deep 54 

waters upwelled southward to supply the surface waters.  55 

The importance of ocean stratification in the subduction rate of these surface waters is 56 

demonstrated by a recent study33 applying a stratification index for statistically constraining both 57 

heat and carbon uptake in the Southern Ocean from a set of CMIP5&6 earth system models. Ocean 58 

salinity, relative to temperature, is a better indicator of the stratification in the Southern ocean due 59 

to its dominant role in ocean density for cold waters20,34. Extratropical Southern Ocean sea surface 60 

salinity (SSS) has been successfully applied for an emergent constraint of Southern Ocean carbon 61 

sink in CMIP5&6 earth system models20. In addition, the important role of salinity in OHU is 62 

highlighted by a recent study12 – the subtropical salinification due to enhancement in global 63 

hydrological cycle plays an important role in enhancing the OHU and moderating climate warming. 64 

Based on these studies, we further demonstrate that ocean salinity in the sinking zones is a key 65 

player in explaining model differences in Southern Ocean heat uptake. Subsequently, the impact 66 

of Southern Ocean heat uptake on the inter-model spread of cloud feedback and climate sensitivity 67 

is regulated by ocean salinity.  68 

Statistical link between Southern Ocean salinity and cloud feedback regulated by heat 69 

uptake 70 

Consistent with our hypothesis, the long-term global-mean SW cloud feedback in response 71 

to abrupt CO2 quadrupling (see Methods) shows a significant anti-correlation with base-state 72 

extratropical Southern Ocean SSS from the pre-industrial runs among a suite of CMIP6 coupled 73 
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climate models (Extended Data Fig. 1 a). The averaged SSS within the zone of 45o-60oS (labelled 74 

45o-60oS SSS hereafter; Extended Data Fig. 1 b) accounts for more than half of the variance of the 75 

long-term global-mean SW cloud feedback (r = -0.74; p = 9e-6) among the models (Fig. 1a). The 76 

spatial pattern of correlation (Fig. 1c) further highlights the statistical link between extratropical 77 

Southern Ocean SSS and SW cloud feedback in both local extra-tropics and remote tropics and 78 

subtropics. It is worth noting that the region of the tropical and subtropical southeastern Pacific 79 

Ocean with a significant correlation is also the region with the greatest contribution to the inter-80 

model spread in SW cloud feedback9. Given the dominant role of SW cloud feedback in total cloud 81 

feedback, the anti-correlation shows a small drop for global-mean total cloud feedback (r = -0.65; 82 

p = 3e-4; Fig. 1b) and its spatial pattern (Fig. 1d), partially due to the positive correlation between 83 

salinity and longwave cloud feedback (Extended Data Fig. 2).  84 

We further sort the models based upon base-state 45o-60oS SSS (see Methods) and examine 85 

the composite differences between the top and bottom SSS models. Relative to the bottom models, 86 

the top 45o-60oS SSS models show a much weaker base-state ocean stratification due to higher 87 

upper-level density and lower deep-level density in the Southern Ocean (Fig. 2a), with a dominant 88 

contribution from ocean salinity relative to ocean temperature, especially in the 45o-60oS zone (Fig. 89 

2b, c). The weaker ocean stratification is statistically associated with more negative SW cloud 90 

feedback, highlighted by the negative (positive) correlation between Southern Ocean density and 91 

SW cloud feedback in the upper (relatively deep) oceans (Fig. 2d); stronger correlations are seen 92 

in the upper ocean, consistent with its greater contribution to the ocean stratification difference 93 

(Fig. 2a). These results suggest that the statistically significant link between 45o-60oS SSS and SW 94 

cloud feedback probably reflects the dominant role of upper-ocean salinity in Southern Ocean 95 

stratification20 and further more in OHU33 and SW cloud feedback16–18.  96 
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We examine the impact of ocean stratification on Southern Ocean heat uptake through the 97 

difference in ocean warming between top and bottom models (Fig. 2e-h). The sequestration of the 98 

anomalous CO2-induced heating in the Southern Ocean starts around 60oS and peaks around 45oS 99 

(Fig. 2e, g), consistent with previous CMIP5 model analyses29 and the salinity zone defined in this 100 

study. In addition, the dominance of upper levels in ocean warming highlights the key role of 101 

climatological upper MOC in driving Southern Ocean heat uptake30,35. The top 45o-60oS SSS 102 

models with a weaker base-state stratification produce a deeper warming in the Southern Ocean 103 

than the bottom models – less warming in the upper level  and greater warming in the relatively 104 

deep level12 (Fig. 2f). The largest difference in warming is seen in upper oceans north of around 105 

60oS where the correlation between ocean density and SW cloud feedback is the strongest (Fig. 106 

2d), and this difference becomes larger over time (Fig. 2f, h). A possible mechanism amplifying 107 

the difference is the positive feedback of salinity on ocean stratification12. Ocean warming leads 108 

to increased stratification over time (Fig. 2i, k) which, however, is increasingly weaker in top 109 

salinity models (Fig. 2j, l) due to the enhancement of deeper ocean warming (Fig. 2f, h) and 110 

therefore amplifies the difference in ocean warming. Although the less low cloud cover associated 111 

with more negative SW cloud feedback in top salinity models reduces surface OHU by reflecting 112 

more solar radiation back to space, the net surface OHU south of 35oS is higher in top models 113 

relative to bottom models due to the positive contribution from net longwave radiation and latent 114 

heat flux (Extended Data Fig. 3). Subsequently, the surface OHU difference is probably not an 115 

important contributing factor to the temporal amplification of deeper ocean warming in the top 116 

models.  117 

A recent study36 proposed the Southern Ocean deep convection related to the lower cell of 118 

MOC37–39 as a primary driver of the inter-model spread in Southern Ocean SW cloud feedback and 119 
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effective climate sensitivity from a CMIP6 model ensemble. Interestingly, the top 45o-60oS SSS 120 

models on average have a weaker stratification south of 60oS primarily driven by upper ocean 121 

salinity (Fig. 2a-c) and therefore a stronger base-state deep convection that tends to have a larger 122 

decline in response to CO2 forcing36,39; the greater reduction of cold water convection tends to 123 

cause greater ocean warming at depth and less surface warming south of  60oS36 (Fig. 2h), 124 

suggesting that the impact of 45o-60oS salinity on OHU also reflects the role of Southern Ocean 125 

deep convection. By ranking models based on the reduction in lower MOC strength36 instead of 126 

45o-60oS salinity, the difference in base-state ocean stratification (Extended Data Fig. 4a-c) and 127 

the vertical distribution of ocean warming (Extended Data Fig. 4d) south of 60oS is slightly more 128 

pronounced.  129 

Global-mean SW cloud feedback shows a much larger scattering against CO2-induced 130 

reduction in the strength of lower MOC reduction (r = -0.52; p = 0.004) than against 45o-60oS SSS 131 

(r = -0.77; p = 2e-6) for the same set of CMIP6 models (Extended Data Fig. 5a, b), suggesting that 132 

Southern Ocean deep convection36 is probably less important than surface water subduction north 133 

of ACC on the model ensemble level. Consistently, SW cloud feedback has a stronger correlation 134 

with the upper-level density north of ACC than south of it (Fig. 2d). In addition, the deep 135 

convection zone around Ross sea and Weddell sea40 with significant correlation between the 136 

reduction in lower MOC strength and base-state SSS in (Extended Data Fig. 5c) shows much 137 

weaker correlation between SW cloud feedback and base-state SSS (Extended Data Fig. 1b).  138 

However, the impact of Southern Ocean deep convection on SW cloud feedback could be 139 

significant for specific cases. For example, CESM2 and NorESM2-LM model, as highlighted by 140 

Gjermundsen et al.36, show a much larger difference in salinity-dominated base-state ocean 141 

stratification south of 60oS (Extended Data Fig. 6a-c) than model ensemble comparison (Extended 142 
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Data Fig. 4a-c), which drives a striking difference in the vertical distribution of heating in response 143 

to CO2 forcing (Extended Data Fig. 6d). The northward transport of cooler surface waters south 144 

of ACC in NorESM2-LM impacts the ocean warming in the sinking water zone.  145 

Physical mechanism linking ocean heat uptake, sea surface warming and cloud feedback 146 

A key remaining question is: how do salinity-driven differences in Southern Ocean heat 147 

uptake influence the SW cloud feedback? We propose that this connection arises through the OHU 148 

impact on sea surface temperature (SST). It is well established that the spatial evolution of SST, 149 

in addition to OHU, is another key determinant in the time-dependence of climate sensitivity13,23,26–150 

28,41–44. A recent study27 argued that the two perspectives are equivalent, that is, the dependence of 151 

climate sensitivity on the evolving pattern of OHU is exerted by the OHU impact on SST pattern. 152 

Similar to the time dimension, it is hypothesized that this mechanism is also responsible for the 153 

inter-model spread in SW cloud feedback.  154 

A consequence of the deeper ocean warming in top salinity models relative to bottom 155 

models (Fig. 2f, h) is reduced surface warming that amplifies over time (Fig. 3a-c). The surface 156 

warming difference is seen not only in the local Southern Ocean, but also in remote subtropical 157 

and tropical oceans18,19,45. The strengthening of the southeasterly trade winds, especially in the 158 

Southeastern Pacific, enhances the northward advection of surface waters and impacts the surface 159 

warming difference in tropical oceans. The difference in trade wind strengthening between top and 160 

bottom salinity models shows a much smaller magnitude than itself (Extended Data Fig. 7), 161 

implying that the difference in the strength of wind-evaporation-SST feedback46 among models 162 

may play a less important role.  163 

The difference in SW cloud feedback between top and bottom models (Extended Data Fig. 164 

8) exhibits a similar spatial pattern to SST, consistent with previous studies identifying SST as a 165 
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key low-cloud controlling factor14,15,47. In addition to SST, the lower tropospheric stability 166 

(LTS)14,48 is another key player. The top salinity models, relative to the bottom models, show a 167 

much greater LTS represented by estimated inversion strength (EIS)49 response normalized by 168 

global-mean surface warming17 in both local extratropical Southern Ocean and remote subtropical 169 

Indian and Southeastern Pacific Ocean (Fig. 3d-f). These regions are well co-located with areas 170 

with significant correlations between 45o-60oS SSS and SW cloud feedback (Fig. 1). It is worth 171 

noting that the less SST increase in the top models contributes to a less decrease in EIS, as 172 

highlighted by the similarity in spatial pattern of the two (Fig. 3). For Southeastern Pacific with 173 

the greatest difference in SW cloud feedback between top and bottom salinity models, LTS is 174 

largely controlled by the difference between local SST and West Pacific convective region due to 175 

the strong coupling between tropospheric temperature and SST in convective regions. 176 

Subsequently, the enhanced difference in west-to-east SST asymmetry between top and bottom 177 

models over time leads to temporally increased difference in inversion strength in Southeastern 178 

Pacific (Fig. 3).  179 

Consistent with our results, both SST and EIS were found important factors accounting for 180 

the spread in marine low cloud cover from CMIP3&5 climate models14. Furthermore, both 181 

OHU17,18 and SST perspective13,23,26–28,41–44 argued that their impact on time-dependent climate 182 

sensitivity is regulated by the temporal evolution of LTS13. Specifically, the Southeastern Pacific 183 

show a substantial decrease in EIS and therefore low cloud cover over time in response to CO2 184 

forcing13,18, a primary cause for temporally increasing climate sensitivity. This is also the region 185 

with the greatest spread in SW cloud feedback among models (Extended Data Fig. 8). The 186 

similarity of the physical mechanism between time and model dimension further supports our 187 

hypothesis.  188 
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Emergent constraint 189 

Here we use the physically based relation between extratropical Southern Ocean SSS and 190 

global-mean SW and total cloud feedback as an emergent constraint on the latter using long-term 191 

ocean salinity observations. We use a linear model to construct the relationship between the long-192 

term global-mean cloud feedback in response to abrupt CO2 quadrupling and 45o-60oS SSS 193 

averaged over the period of 1968-2014 from CMIP6 historical experiments (see Methods). We do 194 

not use SSS south of 60oS for emergent constraint because the impact of Southern Ocean deep 195 

convection is secondary and it is partially accounted for by using SSS in the sinking zone.  196 

For both SW and total cloud feedback, the correlation against historical SSS (Fig. 4a, c) is 197 

comparable to pre-industrial SSS (Fig. 1). Three observation-constrained ocean salinity data sets50–198 

52 averaged over the period of 1968-2014 are applied to the regression model, enabling a tighter 199 

constraint on cloud feedback. (Fig. 4b, d). The constrained distribution of cloud feedback after 200 

argues against models producing high cloud feedback. For instance, the probability of SW (total) 201 

cloud feedback exceeding 1 W m-2 K-1 drops from 17.9% (15.4%) to 0.1% (1.9%) after the 202 

constraint.  203 

In addition to cloud feedback, we further applied an emergent constraint on effective 204 

climate sensitivity (ECS)24 and obtained a narrower range (2.6-3.9oC for the 25-75% prediction 205 

interval) than the priors (2.8-4.7oC) (Fig. 4 e, f). Similar to cloud feedback, the SSS-based 206 

constraint argues against models producing high ECS due to their fresh biases in the Southern 207 

Ocean. CMIP6 models tend to produce higher ECS than the previous version2,3; 12 of 40 CMIP6 208 

models in our study produce an ECS exceeding 4.5 K. The higher ECS in CMIP6 relative to 209 

CMIP5 was partially attributed to their differences in physical representations of clouds that lead 210 

to more positive cloud feedback in CMIP6 models due to decreased extratropical low cloud cover3. 211 
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In addition to cloud parameterization, underestimation of extratropical Southern Ocean salinity in 212 

considerable CMIP6 models (Fig. 4) is likely another factor, which needs further investigation.  213 

Summary 214 

Reducing the uncertainty in estimating climate sensitivity in response to increased 215 

greenhouse gas emissions is a grand challenge facing the climate community. A primary source of 216 

the uncertainty is rooted in how clouds respond to warming. In this study, we propose that the 217 

Southern Ocean heat uptake dominated by ocean salinity, in addition to models’ difference in 218 

physical configurations of cloud microphysics parameterizations5, is another key factor impacting 219 

the inter-model spread in cloud feedback. For a suite of 40 CMIP6 coupled climate models, 45o-220 

60oS SSS statistically accounts for more than half of the variance in SW cloud feedback.  221 

The link between extratropical Southern Ocean SSS and cloud feedback has a profound 222 

physical basis that is also responsible for the time dependence of climate sensitivity16–18. Models 223 

with greater upper-ocean salinity in the sinking zones or deep convection zones of Southern Ocean 224 

tend to have a deeper ocean warming and therefore less SST increase, leading to an enhanced 225 

stabilization of lower troposphere which, in combination with SST pattern, causes increased low 226 

cloud cover and more negative cloud feedback in both local Southern Ocean and remote tropics 227 

due to Southern Ocean-tropics teleconnection.  228 

The salinity impact on cloud feedback enables a tighter constraint on cloud feedback based 229 

on observational SSS data sets, which argues against models with ECS exceeding 4.5 K. Model 230 

experiments by artificially modifying extratropical SSS with observations are needed to further 231 

evaluate the high ECS models. In addition, our study highlights the importance of continuous 232 

salinity measurements based on both satellites and Argo floats for monitoring future cloud 233 
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feedback and climate sensitivity by statistical constraining or calibrating dynamical models 234 

through salinity assimilation.  235 

  236 



 13 

Methods 237 

Coupled Model Intercomparison Project Phase 6 (CMIP6) models 238 

We use a suite of 40 CMIP6 coupled climate models focusing on both pre-industrial runs and 239 

abrupt-4xCO2 runs in which the atmospheric CO2 concentration is increased abruptly by a factor 240 

of four. To account for models’ difference in spatial resolution, all model outputs are resampled to 241 

the same resolution. Not all variables we use are fully available. Data availability and values of 242 

key variables are listed in Extended Data Table 1.  243 

Radiative feedback, ECS and estimated inversion strength 244 

The radiative kernel method53 is employed to compute the radiative feedbacks. The radiative 245 

kernel used in this study is derived from CloudSat/CALIPSO measurements9,54,55. The radiative 246 

kernel for a feedback variable x is defined as Kx = ∂R/∂x, where R is the net TOA flux and x is an 247 

individual radiative state variable. Cloud feedback is further decomposed to longwave and 248 

shortwave components. The long-term radiative feedback in response to abrupt CO2 quadrupling 249 

is computed as the slope of a linear regression between annual global-mean radiative flux 250 

anomalies and corresponding global-mean surface temperature anomalies from the standard 150-251 

year abrupt-4xCO2 experiment.  252 

The equilibrium climate sensitivity (ECS) is approximated as the effective climate sensitivity 253 

computed using the Gregory method24 based on the 150-year abrupt-4xCO2 experiment.  254 

We focus on the 700-hPa estimated inversion strength (EIS)49 and compute it by employing the 255 

climlab package in Python (https://climlab.readthedocs.io/en/latest/index.html).  256 

Ocean analysis  257 

The difference in ocean density between top and bottom models is computed as follows: 258 

∆𝜌 = 𝜌𝑡𝑜𝑝 − 𝜌𝑏𝑜𝑡                                                                  (1) 259 

https://climlab.readthedocs.io/en/latest/index.html)
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Contribution from both salinity (∆𝜌𝑆) and temperature (∆𝜌𝑇) to this difference is computed as 260 

follows:   261 

∆𝜌𝑆 = 𝛽∆𝑆𝜌𝑏𝑜𝑡 − 𝜌𝑏𝑜𝑡                                                          (2) 262 

∆𝜌𝑇 = −𝛼∆𝑇𝜌𝑏𝑜𝑡 − 𝜌𝑏𝑜𝑡                                                        (3) 263 

in which 𝜌𝑡𝑜𝑝 and 𝜌𝑏𝑜𝑡  are the ocean density from top and bottom models, respectively, ∆𝑆 and 264 

∆𝑇  are the difference in ocean salinity and temperature between top and bottom models, 265 

respectively, 𝛽 is the haline contraction coefficient, and 𝛼 is the thermal expansion coefficient.  𝜌, 266 

𝛼, 𝛽 are computed using salinity and temperature as inputs based on Thermodynamic Equation of 267 

SeaWater 2010 (TEOS-10) standards56 implemented in a Python package (GSW-Python; 268 

https://teos-10.github.io/GSW-Python/).  269 

The reduction in lower MOC strength in response to CO2 forcing is adopted from Gjermundsen 270 

et al.36. In their study, the strength of lower MOC is defined as the averaged minimum stream 271 

function within the zone of 35o-90oS and the depth below 2,000 m. The reduction in lower MOC 272 

strength is then computed as the difference between averages of year 121-150 of the abrupt-4×CO2 273 

runs and corresponding model years of pre-industrial runs.  274 

Observation-constrained ocean salinity data 275 

Three ocean salinity data sets for the period of 1968-2014 are used for the emergent constraint of 276 

cloud feedback and ECS: Japan Meteorological Agency (JMA), Japan (labelled Ishii data50), 277 

Institute of Atmospheric Physics (IAP), China (labelled IAP data51), and Ocean Reanalysis System 278 

4 (ORAS4) (labelled ORAS4 data52).  279 

Bootstrap method 280 

To reduce the impact of individual models on the results, a bootstrap method is used for all analyses 281 

in this study. First, all models are treated equally. A certain number of models are uniformly drawn 282 

https://teos-10.github.io/GSW-Python/)
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(with replacement) from all available models. Second, for correlation analysis, the selected model 283 

samples are used to compute correlation coefficient and p-value. For model composite analyses, 284 

we rank the selected models based upon 45o-60oS SSS, select a collection of models ranked in the 285 

top and bottom, respectively, and compute the difference of mean between the two groups. Third, 286 

we repeat the second step 10,000 times and compute the mean of difference from the obtained 287 

10,000 samples.  288 

For the analyses with all 40 models available, 30 models are drawn each time and top and bottom 289 

10 models are selected for composite analyses. For surface energy flux analysis, 38 models are 290 

available, 30 models are drawn each time, and top and bottom 10 models are selected. For ocean 291 

analysis, 34 (25 for MOC) models available, 27 (20) models are drawn each time and top and 292 

bottom 9 (7) models are selected. For surface wind analysis, 29 models available, 20 models are 293 

drawn each time and top and bottom 7 models are selected. See Extended Data Table 1 for more 294 

details.  295 

Emergent constraint 296 

We conducted an ordinary least squares regression between long-term cloud feedback from the 297 

abrupt-4xCO2 experiments and 45o-60oS SSS averaged within the period of 1968–2014 from the 298 

CMIP6 historical experiments among 39 CMIP6 models. GISS-E2-2-G model is excluded due to 299 

the lack of historical SSS variable. The bootstrap method described above is used to draw 30 model 300 

samples (with replacement) from pairs of cloud feedback and SSS. The selected samples are used 301 

to conduct linear regression. We repeat this process 10,000 times and obtain 10,000 samples of 302 

slope and intercept representing their uncertainty. For each pair of slope and intercept, we 303 

computed the standard deviation of the residual (assumed to follow Gaussian distribution) and 304 
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used it to generate 100 residual samples. Subsequently, we can generate one million samples of 305 

cloud feedback for each given SSS.  306 

We then apply SSS from the three observational data sets in the bootstrap-based regression, 307 

respectively to compute the constrained cloud feedback. Cloud feedback samples estimated from 308 

the three data sets were put together to form the final sample space. Finally, we applied the 309 

Gaussian kernel to estimate the probability density function for both unstrained and constrained 310 

cloud feedback (Fig. 4).  311 

We repeat the whole process for the emergent constraint of ECS.   312 
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   461 

 462 
Figure 1. The statistical link between extratropical Southern Ocean SSS and cloud feedback. 463 

a, scatterplot of long-term global-mean SW cloud feedback from standard 150-year abrupt-4xCO2 464 

experiments and base-state SSS averaged within the zone of 45o-60oS from pre-industrial control 465 

experiments among 40 CMIP6 climate models (black dots). Pearson’s correlation and 466 

corresponding p-value are indicated in red. The red line indicates the best-fit linear regression. b, 467 

same as a, but for long-term global-mean total cloud feedback. c, Pearson’s correlation between 468 

45o-60oS SSS and the spatial pattern of long-term SW cloud feedback. Areas with significance 469 

level less than 0.05 are indicated with thin black lines. d, same as c, but for the spatial pattern of 470 

total cloud feedback.  471 

  472 
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 473 
Figure 2. Impact of base-state salinity on ocean temperature and density response. a, the 474 

difference in zonal-mean base-state ocean density between top and bottom salinity models. b, c 475 

same as a, but for the contribution of ocean salinity and temperature to ocean density difference, 476 

respectively. d, Latitude-depth distribution of Pearson’s correlation (shaded color) between zonal-477 

mean ocean density and long-term global-mean SW cloud feedback. Areas with significance level 478 

of less than 0.05 are indicated with thin white lines. The potential density is indicated with black 479 

and red (for density of 1027.6 kg m-3) lines. e, zonal-mean ocean temperature response from 480 

bottom salinity models. The response is computed as the difference between year 5–20 from the 481 

150-year abrupt-4xCO2 experiment and year 1–100 from the pre-industrial control experiment. 482 

The first five years are excluded due to fast model adjustments. f, same as e, but for the difference 483 

in zonal-mean ocean temperature response between top and bottom models. g, h, same as e, f, but 484 

for model years 131-150 from the abrupt-4xCO2 experiment. i-l, same as e-h, but for ocean density 485 

response.  486 

  487 
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 488 
Figure 3. Ocean salinity impact on responses of SST, surface wind, and estimated inversion 489 

strength to CO2 forcing. a, difference in SST response (shaded color) between top and bottom 490 

salinity models and surface wind response (arrows) averaged from all models. The response is 491 

computed as the difference between year 5–20 from the 150-year abrupt-4xCO2 experiment and 492 

year 1–100 from the pre-industrial control experiment. b, c, same as a, but for model years of 41-493 

60 and 131-150 from abrupt-4xCO2 experiment. d-f, same as a-c, but for 700-hPa estimated 494 

inversion strength response normalized by the global-mean surface temperature change.  495 

 496 

  497 
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 498 
Figure 4. Emergent constraint on cloud feedback and ECS. a, the ordinary least squares 499 

regression of 45o-60oS SSS from the historical runs over the period of 1968-2014 and long-term 500 

global-mean SW cloud feedback from 150-year abrupt-4xCO2 experiment among 39 CMIP6 501 

coupled climate models. GISS-E2-2-G model is excluded due to the lack of historical SSS variable. 502 

The orange line and shaded area indicate the linear regression fit and associated prediction level 503 

[5%, 95%], respectively. The three vertical lines denote 45o-60oS SSS over the period of 1968-504 

2014 from the three observation-constrained salinity data sets (from left to right: Ishii, ORAS4, 505 

IAP). b, the probability density function of SW cloud feedback from CMIP6 models prior to 506 

emergent constraint (black) and after constraint (orange). The density function is estimated from 507 

Gaussian kernels. c, d, same as a, b, but for total cloud feedback. e, f, same as a, b, but for ECS.  508 
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 510 
Extended Data Figure 1. Statistical link between cloud feedback and extratropical Southern 511 

Ocean SSS. a, the Pearson’s correlation between long-term global-mean SW cloud feedback and 512 

the spatial pattern of base-state SSS from the 40 CMIP6 coupled climate models. Areas with 513 

significance level less than 0.05 are indicated with thin black lines. b, same as a, but based on 514 

orthographic projection. The zonal ring between 45o-60oS is indicated by the two thick black lines. 515 
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 517 
Extended Data Figure 2. Pearson correlation between 45o-60oS SSS and long-term longwave 518 

cloud feedback. Areas with significance level of at least 0.05 are indicated with thin black lines.  519 

  520 



 27 

 521 
Extended Data Figure 3. Surface energy flux analysis.  Time series of difference in annual net 522 

surface energy flux response to CO2 forcing between top and bottom salinity models and the 523 

contribution from all components. The fluxes are computed as the latitude-weighted mean for 524 

regions south of 35oS.  525 

  526 
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 527 
Extended Data Figure 4. Impact of lower MOC on ocean temperature response. a, the 528 

difference in zonal-mean base-state ocean density between top and bottom models. The top and 529 

bottom models are selected based on the response of lower MOC strength to CO2 forcing. b, c 530 

same as a, but for the contribution of ocean salinity and temperature to ocean density difference, 531 

respectively. d, the difference in zonal-mean ocean temperature response between top and bottom 532 

models. The response is computed as the difference between year 131–150 from the 150-year 533 

abrupt-4xCO2 experiment and year 1–100 from the pre-industrial control experiment.  534 
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 536 

 537 
Extended Data Figure 5. Comparison of the impact of extratropical Southern Ocean SSS and 538 

lower MOC response on SW cloud feedback. a, scatterplot of long-term global-mean SW cloud 539 

feedback from standard 150-year abrupt-4xCO2 experiments and base-state SSS averaged within 540 

the zone of 45o-60oS from pre-industrial control experiments among 25 CMIP6 climate models 541 

(black dots) with MOC data available. Pearson’s correlation and corresponding p-value 542 

areindicated in red. The red line indicates the best-fit linear regression. b, same as a, but for the 543 

response of lower MOC to CO2 forcing. c, the spatial pattern of Pearson’s correlation between 544 

lower MOC response and spatial SSS. The two black lines indicate the latitude of 45oS and 60oS, 545 

respectively.  546 
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 548 
Extended Data Figure 6. Comparison between NorESM2-LM and CESM2 model. a-d, same 549 

as Extended Data Figure 4, but for the difference between NorESM2-LM and CESM2 instead of 550 

top and bottom models.  551 

  552 
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 553 
Extended Data Figure 7. Ocean salinity impact on responses of sea level pressure and surface 554 

winds to CO2 forcing. a, difference in sea level pressure (shaded color) and surface wind (arrows) 555 

response between top and bottom salinity models. The response is computed as the difference 556 

between year 5–20 from the 150-year abrupt-4xCO2 experiment and year 1–100 from the pre-557 

industrial control experiment. b, c, same as a, but for model years of 41-60 and 131-150 from 558 

abrupt-4xCO2 experiment.  559 

 560 
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 562 
Extended Data Figure 8. Impact of ocean salinity on the response of SW cloud feedback to 563 

CO2 forcing. Difference in long-term SW cloud feedback between top and bottom salinity models.  564 

 565 
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Extended Data Table 1. The 40 CMIP6 coupled climate models used in this study. 45oS-60oS SSS, 567 

long-term global-mean SW and total cloud feedback in response to abrupt CO2 quadrupling, ECS 568 

and reduction in lower MOC are shown in values. Models with (without) available data for surface 569 

energy flux, ocean analyses (except MOC), and surface wind are indicated with “Y” (“N”).  570 

 571 

No. Model  
45o-60oS 

SSS (PSU) 

SW cloud 

feedback 

(W m-2 K-1) 

Cloud 

feedback 

(W m-2 K-1) 

ECS 

(K) 

Reduction 

in lower 

MOC (Sv) 

Surface 

energy 

flux 

Ocean 

analysis 

Surface 

wind 

1 ACCESS-CM2 33.74 1.05 0.88 4.66 4.94 Y Y Y 

2 ACCESS-ESM1-5 33.90 0.53 0.67 3.83 3.44 Y Y Y 

3 BCC-CSM2-MR 34.01 0.24 0.62 3.05 N Y Y Y 

4 BCC-ESM1 33.91 0.17 0.69 3.27 N Y Y Y 

5 CanESM5 33.84 0.04 0.89 5.56 5.06 Y Y Y 

6 CAS-ESM2-0 33.88 0.49 0.57 3.39 N Y Y Y 

7 CESM2 33.65 0.97 1.16 5.09 0.53 Y Y N 

8 CESM2-FV2 33.69 1.08 1.21 5.15 1.40 Y Y N 

9 CESM2-WACCM 33.68 1.29 1.42 4.67 0.50 Y Y N 

10 
CESM2-WACCM-

FV2 
33.65 1.13 1.29 4.73 

1.12 Y Y N 

11 CIESM 33.88 0.74 0.90 5.48 N N Y N 

12 CMCC-CM2-SR5 33.83 0.59 0.67 3.52 2.96 Y Y Y 

13 CMCC-ESM2 33.84 0.57 0.65 3.52 N Y Y Y 

14 CNRM-CM6-1 33.83 0.08 0.68 4.90 1.19 Y Y Y 

15 CNRM-CM6-1-HR 34.10 0.00 0.64 4.40 0.05 Y N Y 

16 CNRM-ESM2-1 33.86 0.12 0.74 4.69 2.09 Y Y Y 

17 E3SM-1-0 33.41 0.87 1.08 5.25 N Y Y N 

18 
EC-Earth3-

AerChem 
33.88 0.04 0.35 3.71 

3.60 Y Y Y 

19 EC-Earth3-Veg 33.84 0.21 0.49 4.16 2.56 Y Y Y 

20 FGOALS-g3 34.34 -0.60 0.17 2.78 N Y N N 

21 GFDL-CM4 34.11 0.19 0.75 3.80 N Y Y Y 

22 GFDL-ESM4 33.97 0.17 0.77 2.62 4.09 Y Y Y 

23 GISS-E2-1-G 33.96 -0.57 0.16 2.59 4.08 Y Y Y 

24 GISS-E2-2-G 34.01 -0.79 0.10 2.28 7.87 Y Y Y 

25 
HadGEM3-GC31-

LL 
33.78 1.10 0.92 5.48 

2.07 Y Y Y 

26 IITM-ESM 34.10 -0.58 0.02 2.33 N Y N Y 

27 INM-CM5-0 33.80 -0.07 -0.08 1.89 1.1 Y N Y 

28 
IPSL-CM5A2-

INCA 
33.94 0.63 1.13 3.73 

N N Y Y 

29 IPSL-CM6A-LR 33.85 0.22 0.53 4.46 5.58 Y Y Y 

30 MIROC6 34.12 -0.06 0.21 2.57 8.12 Y Y Y 

31 MIROC-ES2L 33.99 -0.32 0.04 2.65 N Y N Y 



 34 

32 
MPI-ESM-1-2-

HAM 
34.06 -0.60 -0.20 2.83 

5.83 Y Y Y 

33 MPI-ESM1-2-HR 33.95 -0.33 0.31 2.82 4.43 Y Y Y 

34 MPI-ESM1-2-LR 33.95 -0.66 0.21 2.84 5.19 Y Y Y 

35 MRI-ESM2-0 34.09 0.28 0.56 3.11 4.65 Y Y Y 

36 NESM3 34.08 -0.16 0.49 4.46 N Y Y N 

37 NorESM2-LM 33.82 0.46 0.67 2.52 4.08 Y Y N 

38 NorESM2-MM 33.89 0.50 0.64 2.41 4.17 Y Y N 

39 SAM0-UNICON 33.70 1.04 0.84 3.64 1.55 Y Y N 

40 UKESM1-0-LL 33.77 1.08 0.97 5.26 4.71 Y N Y 
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