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Changes in sea surface temperature (SST) patterns have been recognized as a 15 

major feedback affecting the sensitivity of climate to increases in greenhouse 16 

gases1,2. Over recent decades, while most of Earth’s surface warmed, the eastern 17 

tropical Pacific and Southern Ocean unexpectedly cooled. These regional SST 18 

cooling are not quantitatively reproduced in global climate models (GCMs)3, 19 

leading to systematic biases in estimates of global climate sensitivity1,2. While 20 

Antarctic ozone depletion has been proposed as a potential driver of the cooling4, 21 

its influence has previously been considered too weak5–7. Here we provide novel 22 

evidence that suggests Antarctic ozone depletion can produce SST cooling that is 23 

comparable to the observed pattern and magnitude. Using ~4,000 years of 24 

simulation from eight GCMs, we construct a multiple linear regression model that 25 

isolates the intrinsic relationship between Antarctic ozone and SSTs, capturing 26 

robust short-timescale coupling while avoiding biases from the lack of resolved 27 

ocean eddies and their long-timescale adjustments8–10. We calculate that the 28 

ozone-driven SST pattern effect strengthened the global radiative feedback by up 29 

to 19% (0.7 W m-2 K-1) during 1979-2000, thereby reducing effective climate 30 

sensitivity. As Antarctic ozone starts to recover11,12, its stabilizing influence has 31 

begun to wane, leading to a more warming-prone climate. 32 

 33 

Although GCMs capture the historical rise in global-mean surface temperature, they fail 34 

to reproduce some key spatial features—most notably the cooling trends in the eastern 35 

tropical Pacific and the Southern Ocean that have persisted over the past four decades3 36 

(Figure 1). This discrepancy between GCMs and observations exemplifies the SST 37 
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‘pattern effect’, in which the spatial pattern of SST influences the strength of climate 38 

feedbacks and, in turn, the rate of global warming13,14. In particular, cooling in the eastern 39 

tropical Pacific promotes low-cloud cover and enhances shortwave reflection, reducing 40 

net radiative heating of the climate system15. Given the observed SST trend pattern, 41 

recent decades exhibit more stabilizing climate feedbacks and are thus less prone to 42 

warming, whereas GCMs lack this cooling pattern on average and therefore tend to have 43 

less stabilizing climate feedbacks2. In addition, the observed eastern tropical Pacific 44 

cooling may have influenced climate in remote regions through atmospheric 45 

teleconnections, such as drought in the western United States16. Understanding the 46 

observed SST cooling pattern is thus key for interpreting historical climate change, 47 

assessing global climate sensitivity, and improving future global and regional climate 48 

projections. However, the mechanisms responsible for this cooling signature remain 49 

uncertain17. 50 

 51 

Antarctic ozone depletion has been proposed as a potential driver of Southern Ocean 52 

SST cooling by strengthening and shifting the westerlies at high latitudes and thereby 53 

altering wind-driven ocean circulation4. This poleward jet shift characterizes a transition 54 

to the positive phase of the Southern Annular Mode (SAM) since the 1980s, driven largely 55 

by Antarctic ozone depletion18,19. Despite this well-established mechanistic link, evidence 56 

from empirical studies based on linear regression analysis5, GCM experiments with 57 

prescribed ozone forcing6, and studies that convolve the Southern Ocean response with 58 

observed ozone changes using idealized GCM ozone perturbation experiments7 59 

suggests that ozone depletion explains less than 10% of the observed Southern Ocean 60 
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SST cooling in recent decades. However, these approaches have limitations that may 61 

lead to an underestimate of ozone’s contribution. Decadal-scale variability of Southern 62 

Ocean SSTs is also influenced by response of the SAM to greenhouse gases18,20,21 and 63 

is further complicated by remote influences from tropical Pacific SSTs via atmospheric 64 

teleconnections22,23. As a result, regressions based on short observational records may 65 

confound ozone’s effects with other factors. In addition, standard-resolution GCMs (e.g., 66 

1° horizontal resolution) tend to simulate a spurious enhancement of poleward ocean heat 67 

transport in response to an increase in the SAM on decadal timescales, inconsistent with 68 

both observations and results from high-resolution (e.g., 0.1° horizontal resolution) eddy-69 

resolving ocean models8–10,24. This long-timescale warm bias arising from the lack of 70 

resolved ocean eddies in the Southern Ocean could substantially dampen the ozone-71 

depletion-induced cooling signal in standard-resolution GCMs, leading to an 72 

underestimate of ozone’s contribution. In principle, eddy-resolving ocean models could 73 

better represent the long-timescale Southern Ocean SST response to Antarctic ozone 74 

depletion. However, ozone-only single-forcing initial-condition large ensembles25 with a 75 

sufficient number of members to cleanly isolate the forced response from internal 76 

variability have not yet been conducted with coupled ocean eddy-resolving models26 due 77 

to their prohibitive computational cost. These limitations provide motivation to isolate the 78 

robust short-timescale response from the spurious long-timescale response when using 79 

standard-resolution GCMs to evaluate the role of Antarctic ozone depletion on Southern 80 

Ocean SST variability.  81 

 82 

SST response to Antarctic ozone depletion 83 
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To characterize the simulated short-timescale intrinsic relationship between Antarctic 84 

ozone and SST, we construct a multiple linear regression (MLR) model in which annual-85 

mean SST at each grid point is regressed onto the preceding year’s (lag 1-year) 86 

September-December polar-cap (60°S-90°S) total column ozone using ~4,000 years of 87 

pre-industrial control (PiControl) simulations from eight GCMs archived in Phase 6 of the 88 

Coupled Model Intercomparison Project (CMIP6; Extended Data Table 1 and Methods). 89 

The selected GCMs employ either simplified or fully interactive stratospheric chemistry27. 90 

Therefore, despite their fixed pre-industrial levels of ozone-depleting substances, 91 

stratospheric ozone exhibits internally generated variability consistent with two-way 92 

coupling between ozone and atmospheric dynamics. The advantage of our methodology 93 

compared to regressions based on either observations or historical simulations is that the 94 

long PiControl simulations eliminate time-varying external forcings and span many 95 

phases of natural variability, enabling a rich sampling of the simulated ozone-SST 96 

relationship. This approach also isolates the surface temperature response to Antarctic 97 

ozone changes from the direct radiative forcing effects of global ozone and the ozone-98 

depleting substances themselves. The disadvantage is that it relies on the fidelity of the 99 

simulated relationships between Antarctic ozone and SST, as well as on the assumption 100 

that the relationships derived from PiControl simulations remain valid under present-day 101 

conditions. Acknowledging GCM-specific biases, we establish robustness by considering 102 

only regions where all eight GCMs agree on the sign of the SST response to Antarctic 103 

ozone, with the spread of response magnitudes in these areas providing an estimate of 104 

inter-model uncertainty. Regression coefficients from individual GCMs and the multi-105 

model-means for each predictor in the MLR are shown in Extended Data Figures 1-3. 106 
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Details of the MLR and additional sensitivity tests are provided in the Methods section 107 

and Extended Data Figure 4, including training the MLR on historical simulations or 108 

observations to assess whether the PiControl ozone-SST relationship holds under 109 

present-day conditions, and tests of ozone seasonality and its impact on SST. 110 

 111 

To quantify SST responses to historical changes in Antarctic ozone, we apply the multi-112 

model-mean intrinsic ozone-SST relationship derived from PiControl simulations to the 113 

satellite-observed Solar Backscatter Ultraviolet (SBUV28) ozone dataset. We then 114 

compare the inferred SST response against three widely used observation-based SST 115 

reconstructions from COBE-SST2 (ref.29), ERSSTv6 (refs.30,31), and HadISST1 (ref.32). 116 

The pattern and magnitude of the 1979-2024 SST cooling driven by changes in Antarctic 117 

ozone (Figure 1d) align remarkably well with the three observed SST reconstructions 118 

(Figures 1a-c) in the eastern tropical Pacific and Southern Ocean. Averaged over this 119 

region, where all eight GCMs exhibit a robust cooling response to declining Antarctic 120 

ozone (highlighted by dashed contours in Figures 1a-d), the ozone-explained SST cooling 121 

trend based on the MLR model is -0.067 ± 0.027 K dec-1 over 1979-2024 (±1σ of the MLR 122 

regression coefficients across the eight GCMs), while the three observational SST 123 

datasets yield cooling trends of -0.017 (COBE-SST2), -0.065 (ERSSTv6), and -0.042 124 

(HadISST1) K dec-1. The large inter-dataset spread likely reflects the sparse data 125 

coverage over the Southern Ocean, which can lead to substantial uncertainties33. 126 

Although this comparison is subject to important limitations, as observed SST reflects the 127 

combined influence of different external forcings and internal variability, it nevertheless 128 
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suggests that Antarctic ozone depletion alone can produce a cooling signal comparable 129 

in magnitude to the observed change over the past four decades.  130 

 131 

The observed 22-year running mean Antarctic ozone time series (red curve in Figure 1f) 132 

exhibits a pronounced decline from ~1979 to 2000 during the ozone depletion era, 133 

followed by a plateau in the recovery period after 2000. Figure 1f also presents the 22-134 

year running-mean SST anomalies from both the observations and predicted by the MLR 135 

from the observed ozone time series, averaged over the dashed region in Figures 1a-d. 136 

(The unfiltered and 22-year running mean SST anomalies averaged separately over the 137 

eastern tropical Pacific and Southern Ocean are shown in Extended Data Figure 5.) As 138 

expected, the regional-mean ozone-explained SSTs from the MLR model (blue curve) 139 

mirror the Antarctic ozone time series, showing a rapid cooling from 1979 to 2000 followed 140 

by steady conditions thereafter. However, given the large inter-dataset uncertainties and 141 

the influence of interannual and decadal SST variability unrelated to Antarctic ozone, it 142 

remains challenging to robustly identify a transition from cooling to steady conditions in 143 

the observed SST records across the pre- and post-2000 periods. 144 

 145 

Previous studies have suggested that Antarctic ozone depletion can produce a broad 146 

spatial pattern of cooling that resembles observations, but the simulated response is 147 

typically an order of magnitude weaker than observed5,6. This raises the question: why 148 

can the MLR model, trained on the linkages between Antarctic ozone and SSTs in 149 

PiControl simulations, capture the observed magnitude of eastern tropical Pacific and 150 

Southern Ocean SST cooling? Studies using standard-resolution GCMs generally find 151 
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that the Southern Ocean cools in response to an increase in the SAM on short (i.e., annual) 152 

timescales but warms on long (i.e., multi-annual and decadal) timescales7,21,34. In contrast, 153 

recent high-resolution, eddy-resolving ocean models show a consistent short-timescale 154 

cooling response but no evidence of significant long-timescale warming response, 155 

possibly owing to mesoscale eddy compensation that suppresses the interior upwelling 156 

of warm deep water8. Consistent with this difference, fully eddy-resolving GCMs simulate 157 

substantially less Southern Ocean SST warming on decadal timescales in response to 158 

SAM increases than their standard-resolution counterparts (see Extended Data Figure 6 159 

and Methods). This distinction is also evident in ocean heat transport, with standard-160 

resolution GCMs exhibiting long-timescale enhanced poleward heat transport in response 161 

to an increase in the SAM, opposite to the trends seen in eddy-resolving models and 162 

observations8–10,24. By regressing SST on the preceding year’s Antarctic ozone, our MLR 163 

model primarily captures the short-timescale ozone-SST coupling dominated by wind-164 

driven Ekman heat transport, which is well represented in standard-resolution GCMs and 165 

supported by observations8, while excluding the spurious long-timescale response 166 

associated with the absence of resolved ocean eddies.  167 

 168 

The short-timescale coupling between Antarctic ozone and SSTs in the PiControl 169 

simulations is evident in lead-lag composites of sea-level pressure (SLP) and 500-hPa 170 

geopotential heights (Z500) between low (<10th percentile) and moderate (40th-60th 171 

percentile) Antarctic ozone years (Figure 2). Antarctic ozone variability in PiControl 172 

simulations arises primarily from the El Niño–Southern Oscillation (ENSO): El Niño/La 173 

Niña accelerates/slows the Brewer-Dobson circulation in the stratosphere, transporting 174 
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more/less ozone-rich air poleward35, with ENSO leading Antarctic ozone by ~12 months36. 175 

Consistent with this mechanism, composite SST anomalies one year before low Antarctic 176 

ozone show pronounced La Niña-like cooling in the tropical Pacific (Figure 2a). The 177 

accompanying SLP and Z500 anomaly patterns—enhanced west-east tropical Indo-178 

Pacific SLP gradient and broad tropical-mean reduction in Z500 (Figures 2d,g)—likewise 179 

reflect the canonical ENSO-troposphere coupling37,38. Once La Niña establishes 180 

anomalously low Antarctic ozone during austral spring (September-December), ozone 181 

exerts its strongest influence on Southern Hemisphere climate in the following summer 182 

(January-April). The resulting patterns resemble the positive phase of the SAM, featuring 183 

stronger meridional SLP and Z500 gradients associated with a poleward-shifted jet that 184 

intensifies equatorward Ekman heat transport, leading to SST cooling in the Southern 185 

Ocean18 (Figures 2b,e,h). Cold air originating over the Southern Ocean is advected 186 

equatorward and subsequently amplified and sustained by positive feedbacks in both the 187 

atmosphere and the ocean along the west coast of South America, thereby reinforcing 188 

cooling in the southeast and eastern tropical Pacific39,40.  189 

 190 

Impact on historical climate sensitivity 191 

‘Pattern effects’ associated with the spatial structure of SST trends, including cooling in 192 

the eastern tropical Pacific and Southern Ocean, have slowed global warming during the 193 

historical period2,41. To quantify the contribution of Antarctic ozone depletion and recovery 194 

to these pattern effects, we apply a Green’s Function approach1,15,42 to estimate the 195 

temporal evolution of the global radiative feedback parameter associated with the ozone-196 

induced component of observed SST trends (see Methods). Figure 3 shows the percent 197 
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contribution from ozone-induced changes in the pattern of SST trends for top-of-198 

atmosphere net radiation (R; negative values indicate outgoing radiation), global-mean 199 

surface temperature (T), and the global radiative feedback parameter (λ = R/T) computed 200 

from overlapping 22-year SST trend windows. The corresponding absolute contributions 201 

are shown in Extended Data Figure 7. 202 

 203 

During 1979-2000, when Antarctic ozone depletion was strongest, the resulting ozone-204 

induced SST cooling based on the MLR model was also largest in the eastern tropical 205 

Pacific (Extended Data Figure 5b), where radiative feedbacks are particularly 206 

sensitive1,15,42,43. We estimate that the ozone-induced SST trend pattern during this period 207 

increased radiative cooling to space by 2-6% (6.1-20.2 mW m-2 dec-1), with the range 208 

representing the spread in mean estimates across different Green’s functions (see 209 

Methods). At the same time, the ozone-induced SST trend pattern reduced the rate of 210 

global surface warming by 7-18% (0.01-0.02 K dec-1). Together, these effects produced 211 

an 8-19% (0.21-0.70 W m-2 K-1) strengthening of the global radiative feedback (i.e., 212 

making λ more negative). In other words, the SST trend pattern induced by ozone 213 

depletion enhanced radiative damping, leading to more energy lost to space per degree 214 

of surface warming and a more stable, less warming-prone climate state. 215 

 216 

SST pattern effect under ozone recovery 217 

When the analysis is extended into the 21st-century ozone recovery period, the ozone-218 

induced SST cooling in the eastern tropical Pacific becomes weaker and can even 219 

reverse sign (Extended Data Figure 5b). As a result, ozone’s contribution to enhanced 220 
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radiative cooling correspondingly diminishes, and global-mean surface warming 221 

accelerates. This shift yields a less stable, more warming-prone climate state, reflected 222 

in a positive change in λ for periods beginning after the mid-1990s (Figure 3). Notably, 223 

the time-varying climate sensitivity we diagnose from ozone-induced SST pattern 224 

changes closely matches the behavior reported in ref.2, which identifies a substantially 225 

lower-sensitivity state emerging after the 1980s relative to that expected from long-term 226 

CO2 increases, followed by a gradual waning of this difference after the 2000s. 227 

 228 

Due to declines in ozone-depleting substances, signs of Antarctic ozone recovery have 229 

already emerged in the 21st century11,12. However, because of the large natural variability 230 

in ozone and the short observational record, along with the exceptional 2020 Australian 231 

wildfires and the 2022 Hunga-Tonga volcanic eruption that contributed to additional ozone 232 

losses44,45, the SSTs explained by observed ozone according to our MLR method still 233 

show a weak cooling trend in the eastern tropical Pacific and Southern Ocean during 234 

2000-2024 (Figure 4a). In contrast, GCM-simulated ozone, which combines historical and 235 

scenario (SSP2-4.5) forcings and does not include the recent exceptional wildfire- and 236 

volcano-driven ozone losses (see Methods), yields a reversal in sign of the MLR-derived 237 

SST trends during 2000-2024 (i.e., a warming pattern in the eastern tropical Pacific and 238 

Southern Ocean; Figures 4b-c). 239 

 240 

Under the SSP2-4.5 scenario, Antarctic ozone is projected to return to 1980 levels by the 241 

middle of the 21st century27, implying that the SST cooling in the eastern tropical Pacific 242 

and Southern Ocean induced by ozone depletion and the associated shift toward a more 243 
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negative global radiative feedback should likewise subside by the 2050s, all other factors 244 

being equal (Figure 4c). Note that the SST projections in Figure 4c reflect only the 245 

response to changes in Antarctic ozone. As ozone recovery proceeds more gradually than 246 

the preceding rapid depletion, future changes in other factors such as anthropogenic 247 

aerosols46,47, greenhouse gases48, and Antarctic ice-sheet melt49 may increasingly 248 

dominate SST evolution and influence the timing of the ‘de-emergence’ of the SST pattern 249 

effect associated with Antarctic ozone recovery. 250 

 251 

Summary and conclusions 252 

In summary, we provide numerical evidence that suggests Antarctic ozone depletion can 253 

produce SST cooling in the eastern tropical Pacific and Southern Ocean that is 254 

comparable to the observed magnitude. This evidence is based on a MLR model 255 

developed from the statistics of interannual ozone-SST dynamical coupling in unforced 256 

(PiControl) simulations, which avoids biases arising from unresolved ocean eddy 257 

adjustments on longer timescales in standard-resolution GCMs. We find that both the 258 

spatial structure and magnitude of this short-timescale intrinsic ozone-SST relationship 259 

are robust across PiControl simulations, historical simulations, and observations. 260 

However, because long-timescale responses remain highly model dependent even in 261 

eddy-resolving ocean models8–10,50, and observational records are too short to constrain 262 

their magnitude8, our focus on the short-timescale response should be interpreted as a 263 

physically motivated upper-bound estimate of ozone-driven SST changes. 264 

 265 
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We also estimate that this ozone-depletion-induced SST trend pattern has contributed to 266 

a decrease in global climate sensitivity in recent decades, with the strongest effect during 267 

1979-2000, strengthening the global radiative feedback by 8-19%. Likewise, if Antarctic 268 

ozone continues to recover from its minimum around the turn of the 21st century, the global 269 

radiative feedback is expected to shift toward a higher-sensitivity, more warming-prone 270 

climate. In this context, it is important to emphasize that the climate sensitivity results 271 

presented here isolate only the ozone-induced SST pattern effect and do not represent 272 

the full range of radiative, chemical, and dynamical benefits associated with ozone 273 

recovery, which remain essential for climate and environmental protection. More broadly, 274 

these findings highlight Antarctic ozone as a key regulator of global climate through its 275 

impact on SST pattern effects, and underscore the importance of representing chemistry-276 

climate interactions in the coupled stratosphere-troposphere-ocean system for improved 277 

understanding of historical and future climate change. 278 

 279 
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 419 

Methods 420 

Observation and model descriptions 421 

We consider three widely used, global, gridded SST datasets from 1979 to 2024: the 422 

Japan Meteorological Agency Centennial Observation-Based Estimates of SSTs (COBE-423 
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SST2; ref.29), the U.S. National Oceanic and Atmospheric Administration Extended 424 

Reconstructed SST (ERSSTv6; refs.30,31), and the U.K. Met Office Hadley Centre Sea Ice 425 

and Sea Surface Temperature dataset (HadISST1; ref.32). These datasets are 426 

reconstructed primarily from in situ ship and buoy measurements, with HadISST1 further 427 

supplemented by satellite observations after the 1980s. The Southern Ocean remains the 428 

region with the sparsest observational coverage, even after 1980 (ref.33), resulting in 429 

substantial inter-dataset uncertainties. To account for this observational uncertainty, we 430 

include all three reconstructed SST products in our analysis. 431 

 432 

We consider satellite observations of total column ozone from the Solar Backscatter 433 

Ultraviolet (SBUV) version 8.7 (ref.28), which provides a monthly and zonally averaged 434 

ozone dataset from 1970 to 2023. We use the period from 1978 to 2023 to predict ozone-435 

explained SSTs for the period from 1979 to 2024. The SBUV observations have been 436 

validated against ground-based Dobson and Brewer measurements and are widely used 437 

in past ozone assessments to characterize long-term global and polar ozone changes51,52. 438 

 439 

The models used to construct the MLR in this study are based on PiControl simulations 440 

from eight CMIP6 GCMs that employ either simplified or fully interactive stratospheric 441 

chemistry schemes. For consistency, we use 499 years from each GCM, although some 442 

(e.g., MRI-ESM2-0 and UKESM1-0-LL) provide longer PiControl simulations. To remove 443 

any potential model drifts in the PiControl simulations, all variables are linearly detrended 444 

on a monthly basis at each grid point. We also use one realization from each GCM’s 445 

historical simulation (up to 2014) and the SSP2-4.5 scenario (after 2014) in certain 446 
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analyses (Figures 1e and 4b,c). Since two of the eight GCMs do not provide SSP 447 

simulations, the multi-model-mean after 2014 is calculated from the remaining six models. 448 

For the MLR sensitivity test shown in Extended Data Figure 4f, we use all realizations 449 

from the historical simulations of CNRM-CM6-1, CNRM-ESM2-1, MRI-ESM2-0, and 450 

UKESM1-0-LL for the period 1975-2014. The list of GCMs used is summarized in 451 

Extended Data Table 1, and additional details, including their respective chemistry 452 

schemes, are provided in ref.27.  453 

 454 

Unless otherwise specified, all spatial averages presented in this study are weighted by 455 

the cosine of latitude to account for variations in grid-cell area across latitude. 456 

 457 

Multiple linear regression and sensitivity tests 458 

We construct the following MLR for each CMIP6 GCM using its 499 years of PiControl 459 

simulations to characterize the intrinsic relationship between Antarctic ozone and SST: 460 

 𝑆𝑆𝑇(𝑖, 𝑗, 𝑡) = 𝛼(𝑖, 𝑗) ∙ 𝑂𝑧𝑜𝑛𝑒(𝑡 − 1) + 𝛽!(𝑖, 𝑗) ∙ 𝐸𝑁𝑆𝑂(𝑡 − 1) + 𝛽"(𝑖, 𝑗) ∙ 𝐸𝑁𝑆𝑂(𝑡) + 𝜖 (1) 

where the annual-mean SST anomaly at each grid point (i,j) in year t is regressed onto 461 

September-December total column ozone anomaly averaged over 60°S-90°S from the 462 

preceding year (t-1), and the ENSO indices, calculated as annual-mean SST anomalies 463 

averaged over the Niño 3.4 region (5°N-5°S, 170°W-120°W) in years t-1 and t. Integrated 464 

total column ozone is used here because it primarily reflects ozone variability in the lower 465 

stratosphere, consistent with the altitude range where present-day ozone depletion 466 

dominates53. Accordingly, the surface impact associated with lower-than-normal column 467 

ozone in PiControl simulations exhibits behavior consistent with our understanding of the 468 

surface response to present-day Antarctic ozone depletion18 (Figure 2). The observed 469 
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Antarctic ozone change over the past four decades falls reasonably within the distribution 470 

of internal variability simulated in the PiControl runs (Extended Data Figure 8). ENSO 471 

indices are included as additional predictors because Antarctic ozone variability is partly 472 

modulated by ENSO teleconnections54, which also influence global SST directly, with 473 

ENSO leading SST by about 0-1.5 years55. Including both lag 1-year and lag 0-year ENSO 474 

indices allows the partial regression coefficient on Antarctic ozone to capture, as far as 475 

possible, the local ozone influence on SST.  476 

 477 

Given differences in model physics, some GCMs (e.g., CNRM-CM6-1 and E3SM-1-0) 478 

exhibit a stronger SST response to Antarctic ozone, whereas others (e.g., GFDL-ESM4) 479 

show a weaker response, as illustrated by the partial regression coefficients for Antarctic 480 

ozone in individual GCMs (Extended Data Figures 1a-h). Our analysis focuses on regions 481 

where all eight GCMs agree on the sign of the SST response to Antarctic ozone, 482 

highlighted by dashed contours in the multi-model-mean (Extended Data Figure 1i). We 483 

also include ±1σ of the multi-model-mean coefficients to represent uncertainty associated 484 

with GCM differences. Applying this criterion, the eastern tropical Pacific and the Southern 485 

Ocean both emerge as regions with a robust SST response to Antarctic ozone variability. 486 

In both regions, all GCMs yield positive coefficients, indicating SST cooling with Antarctic 487 

ozone depletion (i.e., lower ozone). The warming in the South Indian Ocean (in response 488 

to a decrease in Antarctic ozone) and the dipole pattern in the South Atlantic Ocean are 489 

also consistent with SAM-based regression from observations4. Importantly, this robust 490 

inter-model agreement between Antarctic ozone and SST is largely confined to the 491 
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Southern Hemisphere, suggesting that ENSO teleconnections are effectively minimized 492 

in the partial regression on Antarctic ozone. 493 

 494 

We conduct additional sensitivity tests to examine the robustness and physical linkage 495 

between Antarctic ozone and SST. The key relationship between Antarctic ozone loss 496 

during springtime and lower-than-normal SSTs in the eastern tropical Pacific and the 497 

Southern Ocean is both robust across different analysis designs and consistent with 498 

physical expectations. For instance, similar patterns and magnitudes emerge in MLR 499 

analyses using Antarctic ozone averaged in September-October (Extended Data Figure 500 

4a) and November-December (Extended Data Figure 4b). In contrast, this relationship 501 

disappears when using Antarctic ozone averaged in March-April (Extended Data Figure 502 

4c), when the stratospheric polar vortex has largely broken down and ozone variability is 503 

no longer dynamically coupled to the tropospheric circulation56. We further test a simple 504 

linear regression between Antarctic ozone and SST, and the magnitude of the cooling 505 

over the eastern tropical Pacific and the Southern Ocean remains comparable to that 506 

obtained from the MLR (Extended Data Figure 4d), underscoring the robustness of the 507 

ozone-SST relationship in these regions. 508 

 509 

We further test whether the PiControl ozone-SST relationship holds under present-day 510 

conditions by constructing an MLR using both observations (based on data from 1979-511 

2022) and CMIP6 historical simulations (based on model outputs from 1975-2014). 512 

Because observations can conflate forced responses and internal variability, we first 513 

remove the forced component from observed SST, estimated as the average of the top 514 
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five most skillful methods evaluated in the Forced Component Estimation Statistical 515 

Method Intercomparison Project (ForceSMIP57). We then apply the MLR between 516 

observed ozone (from SBUV) and the SST internal variability (with the forced component 517 

removed from ERSSTv5); the resulting ozone-driven SST trend is shown in Extended 518 

Data Figure 4e. Additionally, we construct the MLR based on internal variability in a subset 519 

of four GCMs from Extended Data Table 1 (CNRM-CM6-1, CNRM-ESM2-1, MRI-ESM2-520 

0 and UKESM1-0-LL), each of which provides at least 10 historical realizations. By 521 

removing the ensemble mean from each realization, the residual largely reflects internal 522 

variability. The resulting SST trend from MLR based on these historical simulations is 523 

shown in Extended Data Figure 4f. Hatching in the eastern tropical Pacific and Southern 524 

Ocean in both Extended Data Figures 4e and 4f indicates that the ozone-driven cooling 525 

derived from internal variability in either observations or historical simulations is 526 

consistent with the PiControl ozone-SST relationship, falling within the ±1σ inter-model 527 

uncertainty. 528 

 529 

Climate response function calculation 530 

Following refs.7,58, we estimate the Southern Ocean SST response to a step increase in 531 

the SAM index using control simulations from five GCMs participating in the High 532 

Resolution Model Intercomparison Project (HighResMIP59). These GCMs provide paired 533 

standard- and high-resolution configurations, each spanning approximately 100 years, 534 

enabling a comparison of SST responses across resolutions without confounding 535 

differences in model physics. 536 

 537 
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The Southern Ocean SST anomalies can be represented as a convolution of impulse 538 

response functions 𝐺 with respect to the SAM index. A discretized form of this integral is 539 

given by: 540 

 𝑆𝑆𝑇(𝑡) ≈ ) 𝐺(𝜏)	 ∙ 𝑆𝐴𝑀(𝑡 − 𝜏) ∙ Δ𝜏 + 𝜖
!!"#

!"#

 (2) 

where the Southern Ocean SST is the annual-mean SST averaged over 50°S-70°S, and 541 

SAM is the December-May averaged SAM index, calculated as the monthly normalized 542 

SLP difference between 40°S and 65°S. These definitions follow ref.7, which shows that 543 

SST responses to SAM estimated in this way provide a good proxy for the responses to 544 

Antarctic ozone depletion. The lag 𝜏 is measured in years with a time increment Δ𝜏 = 1 545 

year. The response function 𝐺  is then estimated using MLR of Southern Ocean SST 546 

anomaly onto SAM indices at various time lags. To reduce sensitivity to fitting choices, 547 

we average results across a range of fitting parameter spaces58. Specifically, the 548 

maximum lag cutoff 𝜏$%& is varied from 55 to 75 years in 5-year increments, and the full 549 

time series is truncated by 0-10% at both the beginning and end in 2% increments. The 550 

climate response function (CRF) of the Southern Ocean SST 𝑡 years after a 1σ step 551 

increase in SAM is then estimated as:  552 

 𝐶𝑅𝐹(𝑡) =)𝐺(𝜏)	 ∙ Δ𝜏
'

!"#

 (3) 

 553 

Earlier studies calculating CRFs from standard-resolution GCMs generally find that 554 

Southern Ocean SST cools in response to a positive SAM anomaly on short timescales 555 

but warms on longer timescales, although the magnitude of long-term warming is highly 556 



 26 

uncertain and model dependent7,21,58. Extended Data Figure 6 shows the difference in 557 

CRFs between the high- and standard-resolution configurations for each HighResMIP 558 

GCM, illustrating how the Southern Ocean SST response changes with increased model 559 

resolution. For CESM1-CAM5 and HadGEM3-GC31, whose high-resolution ocean grids 560 

are finer than 0.1°, the minimum resolution required to fully resolve mesoscale ocean 561 

eddies60, their high-resolution configurations exhibit substantially weaker long-timescale 562 

warming than their standard-resolution counterparts. Although CNRM-CM6-1 and 563 

ECMWF-IFS show mixed or even opposite behavior, their high-resolution configurations 564 

adopt a 0.25° ocean grid, which may still be too coarse to fully resolve mesoscale ocean 565 

eddies60,61. 566 

 567 

Greens function approach for climate sensitivity analysis 568 

The Green’s function approach enables us to quantify how a given SST pattern modulates 569 

the global climate feedback1,15,42, defined as the global radiative response per degree of 570 

global-mean surface temperature change: 571 

 λ =
𝑅
𝑇 =

∑ 𝐺𝐹((𝑖, 𝑗) ∙ 𝑆𝑆𝑇')*+,(𝑖, 𝑗)-,/

∑ 𝐺𝐹0(𝑖, 𝑗) ∙-,/ 𝑆𝑆𝑇')*+,(𝑖, 𝑗)
 (4) 

where R and T represent the trends in top-of-atmosphere net radiation (units in W m-2 572 

dec-1) and global-mean surface temperature (units in K dec-1), obtained by integrating the 573 

Green’s functions for radiation (𝐺𝐹() and surface temperature (𝐺𝐹0) with a given SST 574 

trend pattern (𝑆𝑆𝑇')*+,) globally. The resulting λ (units in W m-2 K-1) represents the global 575 

radiative feedback associated with the SST trend pattern over the given trend period. 576 

 577 
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The Green’s functions used in this study are derived from CESM1-CAM4 (ref.1), CESM1-578 

CAM5 (ref.15), and GFDL-AM4 (ref.42) to estimate the range of uncertainty arising from 579 

differences in model physics. To ensure consistent spatial integration, all datasets 580 

(including observations, CMIP6 outputs, and the Green’s functions) are first re-gridded to 581 

the horizontal resolution of CESM1-CAM4 (approximately 1.9° × 2.5°). Note that sea ice 582 

pattern effects can also play an important role in the global energy budget62. Among the 583 

models considered here, only CESM1-CAM4 includes the effects of sea ice changes1, 584 

whereas the others mainly prescribe sea ice. This difference may partly explain why the 585 

changes in R, T, and λ associated with Antarctic ozone are more pronounced when using 586 

the Green’s function from CESM1-CAM4 (Figure 3 and Extended Data Figure 7). 587 

 588 

We apply a sliding 22-year trend window from 1979 to 2024 to capture the gradual 589 

transition from the ozone-depletion era (mainly 1979-2000) to the ozone-recovery era 590 

(after 2000). We calculate R, T, and λ for the observed SST trend patterns using three 591 

observation-based SST datasets (COBE-SST2, ERSSTv6, HadISST1), representing 592 

real-world trends that include both external forcings and internal variability. For each 593 

observed SST dataset, we also subtract the ozone-explained SST component to estimate 594 

R, T, and λ representing a hypothetical world without ozone-induced SST changes. The 595 

subtraction is applied only over regions where all eight GCMs agree on the sign of the 596 

SST response to Antarctic ozone (dashed regions in Extended Data Figure 1i), including 597 

robust SST cooling in the eastern tropical Pacific and the Southern Ocean and warming 598 

in the South Indian Ocean and South Atlantic Ocean due to Antarctic ozone depletion. 599 

The resulting differences in R, T, and λ between those derived from observed SST and 600 
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those derived from observed SST with the ozone-explained component removed 601 

represent the contribution of Antarctic ozone changes. The relative contributions are 602 

shown in Figure 3, and the absolute contributions are shown in Extended Data Figure 7. 603 
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 679 
Figure 1. Comparison of observed and modeled sea surface temperature trends. 680 

Panels a-e show linear SST trend maps from 1979 to 2024. Panels a-c show observations 681 

from three SST datasets (COBE-SST2, ERSSTv6, and HadISST1, respectively). Panel d 682 

shows the multi-model-mean ozone-explained SST from the MLR based on eight GCMs 683 

(Extended Data Table 1). Panel e shows the multi-model-mean direct SST output from 684 

the same eight GCMs. Panel f shows 22-year running-mean SST anomalies averaged 685 

over the eastern tropical Pacific and Southern Ocean (region enclosed by the dashed 686 

contours in a-e where all eight GCMs agree in the sign of the ozone-induced SST 687 

response). Black (solid, dashed, and dotted) curves denote three different SST 688 

observations, the blue curve shows the MLR-predicted SST with ±1σ shading indicating 689 

uncertainties from regression coefficients, and the red curve (right y-axis) shows the 22-690 

year running-mean September-December total column ozone anomaly from the SBUV 691 

observations, averaged over 60°S-90°S.  692 
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 693 
Figure 2. Composite sea surface temperature and atmospheric circulation 694 

anomalies associated with low Antarctic ozone. Panels a-i show multi-model-mean 695 

composite differences between low Antarctic ozone years (<10th percentile) and moderate 696 

Antarctic ozone years (40th-60th percentile) in the eight CMIP6 PiControl simulations. 697 

Differences in SST (a,b,c), SLP (d,e,f), and Z500 (g,h,i) are shown for the austral spring 698 

one year prior to low Antarctic ozone (a,d,g), the subsequent austral summer (b,e,h), and 699 

the austral summer two years later (c,f,i). Each field is normalized by its own standard 700 

deviation within each GCM’s PiControl run before averaging across the eight GCMs, 701 

resulting in anomalies in units of σ. Hatching indicates regions where all eight GCMs 702 

agree on sign, and dots mark regions where seven of eight GCMs agree on sign.  703 
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 704 
Figure 3. Climate sensitivity due to ozone-induced sea surface temperature pattern 705 

changes. Panel a shows percent difference in top-of-atmosphere net radiation R, panel 706 

b in global-mean surface temperature T, and panel c in global radiative feedback 707 

parameter λ, each estimated using the Green’s function between observed SST and its 708 

counterpart with the ozone-explained SST removed. Accordingly, these percent 709 

differences quantify the contribution of ozone-induced SST pattern changes in R, T, and 710 

λ. Results are calculated over sliding 22-year trend windows from 1979 to 2024. Each 711 

color represents a different Green’s function; the solid curve shows the mean estimate, 712 

and the shading denotes the ±1σ uncertainty arising from the spread across the three 713 

observational SST products and the uncertainty in the MLR regression coefficients.   714 
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 715 
Figure 4. Comparison of ozone-explained sea surface temperature using observed 716 

and model-simulated ozone. Panels a and b show SST trend maps from 2000 to 2024 717 

derived from the MLR using observed ozone from SBUV and simulated ozone from 718 

CMIP6 (with historical simulations prior to 2014 and SSP2-4.5 thereafter), respectively. 719 

Panel c shows 22-year running-mean SST anomalies averaged over the eastern tropical 720 

Pacific and Southern Ocean (region enclosed by the dashed contours in a-b). Blue and 721 

orange curves denote SST driven by SBUV and CMIP6 ozone, respectively, with shading 722 

indicating ±1σ from the MLR regression coefficients. Black solid, dashed, and dotted 723 

curves show the three SST observation products for comparison. The blue and black 724 

curves in c are identical to those shown in Figure 1f.  725 
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 726 
Extended Data Figure 1. Regression coefficients on Antarctic ozone in the MLR. 727 

Panels a-h show partial regression coefficients on Antarctic ozone for individual CMIP6 728 

GCMs derived from their PiControl simulations. Dots indicate regions where the p < 0.05 729 

in the MLR, denoting higher confidence in the SST response to Antarctic ozone. Panel i 730 

shows the multi-model-mean of the regression coefficients, with dashed contours 731 

highlighting regions where all eight GCMs agree on the sign of the SST response to 732 

Antarctic ozone.   733 



 37 

 734 
Extended Data Figure 2. Regression coefficients on ENSO (lag 1-year) in the MLR. 735 

Same as Extended Data Figure 1, but for ENSO with a 1-year lag.  736 
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 737 
Extended Data Figure 3. Regression coefficients on ENSO (lag 0-year) in the MLR. 738 

Same as Extended Data Figure 1, but for ENSO with a 0-year lag.  739 
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 740 
Extended Data Figure 4. Sea surface temperature trends from linear regression 741 

sensitivity tests. Panels a-c show SST trends during 1979-2024 derived from MLR using 742 

Antarctic ozone (60°S-90°S) averaged over September-October, November-December, 743 

and March-April, respectively. Panel d shows SST trends derived from a simple linear 744 

regression using Antarctic ozone as the sole predictor (without including ENSO indices). 745 

Panels a-d are based on the multi-model mean of the regression coefficients from the 746 

eight CMIP6 PiControl simulations. Panel e shows the SST trend based on MLR using 747 

September-December Antarctic ozone constructed from observations during 1979-2022, 748 

with SST data from ERSST after subtracting the forced component estimated from 749 

ForceSMIP. Panel f shows the mean SST trend based on MLR using September-750 

December Antarctic ozone constructed from internal variability in historical simulations 751 

during 1975-2014 for CNRM-CM6-1, CNRM-ESM2-1, MRI-ESM2-0, and UKESM1-0-LL. 752 

Hatching in regions where all eight PiControl regression coefficients agree on the sign of 753 

the response (dashed region in Extended Data Figure 1i) indicates where SST trends 754 

from these sensitivity tests lie within ±1σ of the multi-model mean SST trend predicted by 755 

the PiControl MLR (Figure 1d).  756 
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 757 
Extended Data Figure 5. Sea surface temperature anomalies on interannual 758 

timescales and regional averages. Panel a is the same as Figure 1f but without the 22-759 

year running mean. Panels b and c are the same as Figure 1f but show the 22-year 760 

running-mean SST anomalies averaged separately over the eastern tropical Pacific 761 

(equatorward of 45°S) and the Southern Ocean (poleward of 45°S), respectively.   762 
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 763 
Extended Data Figure 6. Climate response function differences between high- and 764 

standard-resolution ocean models. CRFs for Southern Ocean SST in response to SAM 765 

increases are calculated from HighResMIP models with paired high- and standard-766 

resolution configurations. The difference between the high- and standard-resolution CRFs 767 

is plotted, illustrating how the SST response changes with increased model resolution. 768 

The horizontal resolution of the high-resolution ocean configuration is indicated in the 769 

legend for each GCM. The two GCMs with ocean resolutions finer than 0.1° (minimum 770 

resolution required to fully resolve mesoscale ocean eddies) are shown with solid curves, 771 

whereas the three GCMs with 0.25° ocean resolution are shown with lighter dashed 772 

curves, as this resolution may still be too coarse to fully resolve mesoscale ocean eddies.  773 
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 774 
Extended Data Figure 7. Climate sensitivity associated with different sea surface 775 
temperature trend patterns. Same as Figure 3, but in absolute values.   776 
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 777 
Extended Data Figure 8. Comparison of Antarctic ozone variability between 778 
PiControl simulations and observations. The histogram shows the distribution of 779 
September-December polar-cap (60°S-90°S) total column ozone anomalies in PiControl 780 
simulations from the eight CMIP6 GCMs considered in this study. The vertical gray solid, 781 
dashed, and dotted lines indicate the ±1σ, ±2σ, and ±3σ ranges of PiControl variability, 782 
respectively. The horizontal yellow bar indicates the total change in ozone from SBUV 783 
satellite observations during 1979-2023. The observed Antarctic ozone change during the 784 
past four decades generally falls within the ±2σ to ±3σ range of ozone variability in the 785 
PiControl simulations.   786 
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Extended Data Table 1. List of CMIP6 GCMs used in this study.  787 

Model 
Years of PiControl used to 

construct MLR 

Historical and SSP 

availability 
Stratospheric ozone 

CESM2-WACCM 

499 

Historical+SSP2-4.5 Fully interactive 

CESM2-WACCM-FV2 Historical Fully interactive 

CNRM-CM6-1 Historical+SSP2-4.5 Linearized scheme 

CNRM-ESM2-1 Historical+SSP2-4.5 Fully interactive 

E3SM-1-0 Historical Linearized scheme 

GFDL-ESM4 Historical+SSP2-4.5 Fully interactive 

MRI-ESM2-0 Historical+SSP2-4.5 Fully interactive 

UKESM1-0-LL Historical+SSP2-4.5 Fully interactive 
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