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Abstract 22 

Regional climate responses can remain difficult to identify because internal variability can mask 23 

externally forced changes for decades. Here we derive an analytical scaling law showing that 24 

recoverability, the expected agreement between a sampled climate response and its underlying 25 

forced component, is determined by only two quantities: the regional signal-to-noise ratio and 26 

the number of independent realizations. Across large climate-model ensembles, the relationship 27 

predicts both the agreement attainable for a given ensemble size and the sampling required to 28 

reach a prescribed agreement, without empirical calibration. Observations of temperature, 29 

precipitation and sea-level pressure follow the same relationship in the single-realization limit, 30 

linking ensemble convergence and model-observation agreement within a common framework. 31 

Applied through time, the scaling predicts where and when regional forced responses become 32 

recoverable as signal-to-noise ratios evolve, providing a quantitative basis for assessing the 33 

robustness of regional climate information.  34 

 35 

36 
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Main  37 

Anthropogenic climate change is now detectable throughout the climate system, enabling 38 

increasingly rigorous comparisons between simulated and observed regional climate 39 

responses1,2. Yet regional climate change remains considerably more difficult to interpret than 40 

global warming because externally forced responses are often obscured by internally generated 41 

variability over several decades3–6. Consequently, regional changes in precipitation, 42 

atmospheric circulation and other hydroclimatic variables frequently appear inconsistent across 43 

climate models, individual realizations and observations7–12. Distinguishing genuine 44 

differences in externally forced climate responses from uncertainty arising through finite 45 

sampling is however essential for climate model evaluation, impact assessment and climate 46 

adaptation. 47 

Several complementary statistical frameworks have been developed to address different aspects 48 

of this problem. Large ensembles ask how many realizations are required to recover externally 49 

forced climate responses from internal variability3,13–16. Model evaluation asks whether 50 

apparent disagreements between simulations and observations arise from structural model 51 

deficiencies or simply from the limited sampling of a noisy climate system7,17–19. Climate 52 

emergence asks when externally-forced climate change becomes distinguishable from internal 53 

variability in the single realization provided by the real climate system6,20–23. Meanwhile, 54 

signal-to-noise ratio (SNR) has long been recognized as a fundamental measure of climate 55 

predictability, emergence and forecast skill24–28. 56 

Here, we explore whether these three approaches, that all seek to recover externally-forced 57 

regional climate responses from finite and noisy climate information, could represent different 58 

manifestations of the same statistical relationship. If so, seemingly distinct questions, including 59 

how many realizations are required to recover a forced response, how much agreement should 60 

be expected between models and observations, and when regional climate change becomes 61 

robustly identifiable, may ultimately have a common answer. Such a framework would provide 62 

a unified basis for interpreting regional climate uncertainty across climate models, observations 63 

and future projections. 64 

 65 

Can externally forced regional climate responses be recovered? 66 

Large initial-condition ensembles have become the standard approach for estimating forced 67 

regional climate responses because averaging across realizations progressively suppresses 68 

internal variability3–5,13,29. Consistent with this view, individual climate-model realizations 69 

recover externally forced regional precipitation responses only incompletely (Fig. 1a). 70 

Agreement with the independently-estimated forced response remains weak over large parts of 71 

the globe, particularly across western boundary current systems, tropical transition regions and 72 

mid-latitude storm tracks, where internal variability dominates regional precipitation changes. 73 

Ensemble averaging substantially improves the recovery of the forced response. Despite 74 

differences in model formulation, ensemble size and forcing implementation, the ten largest 75 

CMIP6 Single-Model Initial-condition Large Ensembles (SMILEs) recover remarkably similar 76 

large-scale precipitation responses, including high-latitude wetting and subtropical drying (Fig. 77 

1b). This consistency extends to each individual SMILE (Extended Data Fig. 1), indicating that 78 

the recovered signal is not controlled by any single model but represents a common externally 79 
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forced response. Models with larger ensembles recover this response more completely. The 80 

large-scale organization is also robust to trend estimation and detrending (Extended Data Figs. 81 

2-4). 82 

 83 

Figure 1 Recovering coherent regional forced climate responses through ensemble averaging. a) 84 

Temporal correlations between a single historical precipitation realization and the independently 85 

estimated multi-model forced response over 1940-2014. Hatching denotes correlations that are not 86 

statistically significant (P > 0.05). b) Temporal correlations between the ensemble-mean response of the 87 

ten largest CMIP6 single model initial-condition large ensembles (including CESM2-LE) and the 88 

corresponding leave-one-model-out multi-model forced response. For each model, the reference 89 

response is estimated from all remaining models to ensure statistical independence. Ensemble means 90 

are weighted according to the number of realizations contributed by each model. Hatching indicates 91 

regions where fewer than 90% of the member-weighted model contributions exhibit positive and 92 

statistically-significant correlations (P < 0.05). c) Probability density distributions of temporal 93 

correlations. Grey shading denotes the range across all individual realizations, the dashed grey curve 94 

their mean distribution, and the solid grey curve the realization shown in a. Red shading denotes the 95 

range across the ten leave-one-model-out ensemble means, with the red curve indicating their member-96 

weighted mean distribution. The black dotted curve shows the corresponding distribution for ERA5 97 

observations. d) Bootstrap estimates of the recovery of the forced precipitation response as ensemble 98 

size increases. The black curve shows the mean correlation with the independently estimated forced 99 

response, grey shading the 5th-95th percentile range. The vertical dotted line indicates the ensemble size 100 

required to reach a prescribed level of correlation agreement of r = 0.7. 101 

 102 

The contrast between individual realizations and ensemble means is also reflected in the 103 

distribution of regional agreement (Fig. 1c). Individual climate-model realizations span a broad 104 

range of generally weak correlations with the forced response, whereas ensemble means cluster 105 

around substantially higher correlation values. Importantly, the observed agreement derived 106 
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from ERA5 lies well within the distribution of individual climate-model realizations rather than 107 

ensemble means, indicating that observations exhibit the level of agreement expected from a 108 

single realization of the climate system. This result is consistent with previous studies showing 109 

that a single observational record cannot be expected to reproduce the forced regional response 110 

exactly because it contains an irreducible contribution from internally generated variability4,6,30. 111 

Bootstrap resampling confirms that agreement with the forced response increases 112 

monotonically as additional realizations are averaged (Fig. 1d), providing an empirical estimate 113 

of the sampling required to recover the forced response. Together, these results motivate a 114 

quantitative relationship linking recoverability to local SNR and sampling. 115 

 116 

Can regional climate recoverability be predicted? 117 

 118 

To explain the empirical increase in recoverability with ensemble size (Fig. 1d), we derive a simple 119 

analytical scaling law linking the agreement with the underlying forced response (r) to only two 120 

quantities: the local SNR and the number of independent realizations or sampling size (N) (see 121 

Methods): 122 𝑟 = (1 + 1ே(ௌேோ))−1 2⁄         (Eq 1) 123 

For any combination of SNR and sampling size, Eq. 1 predicts the expected agreement with the forced 124 

response; conversely, prescribing a target agreement determines the required sampling (Fig. 2a). We 125 

evaluate this prediction against bootstrap estimates of the sampling required to robustly reach r=0.7 (see 126 

Methods and Fig. 1d). Required sampling size ( ௥ܰ௘௤) varies by more than an order of magnitude across 127 

regions (Fig. 2b). Some regions recover the forced response from only a few realizations, whereas 128 

circulation-sensitive regions require substantially larger ensembles to achieve the same level of 129 

agreement. The geographical distribution of ௥ܰ௘௤  closely mirrors regional variations in 1/SNR (Fig. 2c), 130 

in agreement with Eq. 1. 131 

The analytical scaling law accurately reproduces these empirical results. The predicted relationship 132 

between ௥ܰ௘௤  and the inverse SNR closely follows the bootstrap estimates (Fig. 2d), and the analytical 133 

predictions ௧ܰℎ = ௥21−௥2 1ௌேோ agree closely with independently estimated bootstrap values across the full 134 

range of sampling requirements (Fig. 2e). Although ௥ܰ௘௤  is estimated entirely empirically from 135 

bootstrap resampling, its geographical distribution and magnitude are accurately predicted by a simple 136 

analytical expression depending only on SNR. Rather than simply confirming that larger ensembles 137 

improve estimates of externally forced climate change, a result well established by previous large-138 

ensemble studies3,13,29, the scaling law explains why sampling requirements vary geographically and 139 

quantitatively predicts the sampling requirement from the local balance between forced signal and 140 

internally generated variability. The generality of the analytical relationship is confirmed across multiple 141 

independent tests. The same scaling law is recovered from bootstrap experiments, leave-one-model-out 142 

analyses and for three contrasting climate variables (precipitation, surface temperature and seal-level 143 

pressure, see Extended Data Figs. 5-9), demonstrating that it is robust to the estimation method, the 144 

climate variable and the ensemble used to derive the forced response.  145 

 146 
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 147 

Figure 2 Regional climate recoverability is governed by a simple analytical relationship. a) 148 

Conceptual representation of the theoretical recoverability framework: 𝑟 = (1 + 1ே(ௌேோ))−1 2⁄  linking 149 

attainable agreement with the externally forced response (r), available sampling (N), and the local signal-150 

to-noise ratio (SNR). b) Spatial distribution of the required ensemble size ( ௥ܰ௘௤) to recover the forced 151 

precipitation response with a target agreement of r = 0.7 over 1940-2014. At each grid point, ( ௥ܰ௘௤) is 152 

estimated from 1,000 bootstrap resampling experiments with replacement as the smallest ensemble size 153 

for which the 5th percentile of the bootstrap correlation distribution is greater than or equal to 0.7, 154 

ensuring that at least 95% of bootstrap estimates satisfy the prescribed agreement criterion. c) Spatial 155 

distribution of the local SNR. d) Relationship between the required sampling and the inverse local SNR. 156 

Each point represents one grid cell. e) Comparison between bootstrap estimates of the required sampling 157 

and the analytical prediction ௧ܰℎ = ௥21−௥2 1ௌேோ. 158 
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Do observations follow the same recoverability relationship? 159 

A stringent independent test of the analytical scaling law is provided by observations, which 160 

represent a single realization of the climate system (N=1). In this limit, recoverability depends 161 

solely on local SNR, allowing the expected agreement with the forced response to be predicted 162 

without further calibration. Predicted recoverability differs substantially among precipitation, 163 

near-surface temperature and sea-level pressure (Fig. 3), reflecting their contrasting forced-to-164 

internal variability ratios.  165 

The theoretical predictions are confirmed across all three climate variables (Fig. 3). Observed 166 

agreement increases monotonically with the recoverability predicted for a single realization 167 

(Fig. 3c,f,i), with temperature exhibiting higher recoverability than precipitation and sea-level 168 

pressure, consistent with their contrasting SNR. Equivalently, observed agreement decreases as 169 

the sampling required to recover the forced response increases (Fig. 3b,e,h), demonstrating that 170 

regional model-observation agreement follows the same recoverability relationship derived 171 

from climate-model ensembles. 172 

Previous studies have emphasized that observations cannot be expected to reproduce externally-173 

forced regional climate responses exactly because they represent only one realization of the 174 

climate system, motivating the widespread use of large ensembles for model evaluation and 175 

uncertainty quantification11,17,31,32. In seasonal and decadal prediction, SNR has likewise been 176 

recognized as a key determinant of predictive skill and model-observation agreement24–26,33. 177 

Our results extend these ideas by showing that the expected level of regional model-observation 178 

agreement is itself quantitatively predictable from the local SNR through the same analytical 179 

scaling law that governs ensemble convergence.  180 

The observational validation is robust across datasets and temporal scales. ERA5, CRU and 181 

GPCC all exhibit the same monotonic relationship between recoverability and observed 182 

agreement (Extended Data Fig. 10), indicating that the results are not sensitive to the 183 

observational product used to estimate the climate response. The same organization also persists 184 

after applying 10-year running means (Extended Data Fig. 11). Although temporal averaging 185 

suppresses a substantial fraction of interannual internal variability and thereby increases the 186 

local SNR, the analytical scaling law continues to describe the observed agreement. This 187 

behaviour is consistent with previous studies showing that averaging over decadal timescales 188 

enhances climate predictability while preserving an important role for internally-generated 189 

variability24–26,33. Recoverability therefore appears to represent a general property of externally-190 

forced regional climate responses that is robust across observational datasets, climate variables 191 

and temporal scales. 192 
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 193 

Figure 3 Regional model-observation agreement follows predicted climate recoverability. 194 

a, d, g, Temporal correlations between observed (ERA5) precipitation, near-surface 195 

temperature and mean sea-level pressure and independently estimated multi-model forced 196 

responses over 1940-2014. Hatching denotes correlations that are not statistically significant 197 

(P>0.05). b, e, h, Distributions of observed-forced agreement as a function of the sampling 198 

required, Nreq, to get the prescribed agreement r=0.7. Regions requiring greater sampling 199 

exhibit systematically weaker agreement between the observational realization and the forced 200 

response. c, f, i, Distribution of observed-forced correlations as a function of the theoretical 201 

recoverability 𝑟 = (1 + 1ே(ௌேோ))−1 2⁄  expected from a single realization (N=1). Observed 202 

agreement increases monotonically with predicted recoverability across precipitation, near-203 

surface temperature and mean sea-level pressure. 204 

When does regional climate change become recoverable?  205 

Climate emergence is commonly defined as the time at which an externally-forced response 206 

becomes distinguishable from internal variability, but its estimated timing depends strongly on 207 

the variable, region, reference period and signal-to-noise threshold considered6,20,22,23,34. The 208 

recoverability framework proposed here provides a direct analytical interpretation of this 209 

dependence. For the single realization available from the observed climate system (N=1), the 210 

expected agreement with the forced response is 𝑟(ே=1) = (1 + 1ௌேோ)−1 2⁄ , so that climate emergence 211 

corresponds to the temporal evolution of local SNR along the N=1 trajectory of the recoverability space 212 

(Fig. 2a). This formulation translates conventional emergence thresholds into explicit levels of 213 

expected agreement. For example, 1/SNR<10 corresponds to r≈0.30 for a single realization. At 214 

the same SNR, increasing the sampling to N=10 raises the expected agreement to approximately 215 

r≈0.70. A climate response that is only weakly recoverable from the observational record may 216 

therefore be recovered much more robustly from an ensemble, illustrating that emergence and 217 

ensemble convergence represent alternative trajectories through the same recoverability space. 218 



8 

 

We evaluate this interpretation using expanding historical and SSP2-4.5 simulations beginning 219 

in 1850. For each prescribed recoverability criterion (for example 1/SNR < 10), we identify the 220 

first year at which the corresponding signal-to-noise threshold is satisfied (Fig. 4; Extended 221 

Data Figs. 12-13). Near-surface temperature becomes recoverable earliest and over the largest 222 

fraction of the globe. Large areas satisfy the 1/SNR<10 criterion during the twentieth century, 223 

and progressively more stringent recoverability levels expand across both land area and 224 

population through the twenty-first century (Extended Data Fig. 12). This early emergence is 225 

consistent with previous studies showing that anthropogenic warming rapidly exceeds internal 226 

temperature variability at regional scales21,23,34. Precipitation emerges substantially later and 227 

much less uniformly (Fig. 4). The 1/SNR<10 criterion is reached first in regions where forced 228 

hydroclimatic responses are relatively strong, whereas extensive areas remain below this weak-229 

recovery threshold by 2100. More stringent recoverability criteria are satisfied over only limited 230 

fractions of global land and population. This behaviour is consistent with earlier work showing 231 

that precipitation emergence is delayed by large internal variability and by the regional 232 

heterogeneity of forced hydrological and circulation responses10,20,35. 233 

Sea-level pressure is even less recoverable over much of the globe (Extended Data Fig. 13). 234 

Large regions fail to satisfy even permissive criteria by 2100, and only a modest fraction of 235 

land area and population reaches the more stringent levels of agreement. This weak emergence 236 

is consistent with the dominant influence of atmospheric circulation variability on regional 237 

pressure responses and with the comparatively weak and spatially heterogeneous forced signal 238 

in circulation-related variables9,11. The contrast among variables therefore reproduces the 239 

established time of emergence hierarchy: temperature emerges earliest, precipitation later, and 240 

circulation-related variables remain difficult to distinguish from internal variability. The 241 

recoverability framework adds a quantitative interpretation of this hierarchy by expressing 242 

every emergence criterion as a prescribed level of agreement. The large separation among the 243 

land-area and population curves in Fig. 4 and Extended Data Figs. 12-13 shows that regional 244 

climate emergence is not characterized by a unique date. More permissive criteria are satisfied 245 

decades before stringent ones, and the fraction of the population living in recoverable regions 246 

depends directly on the level of agreement required. 247 

Previous studies have similarly shown that the global area and population exposed to climates 248 

outside historical variability increase progressively through time, with particularly early 249 

departure in low-latitude regions21,34. Our results are broadly consistent with this pattern, but 250 

differ in interpretation: the curves represent not a binary transition into a new climate state, but 251 

a progression through increasingly stringent levels of recoverability. Regional climate 252 

emergence should therefore be viewed as a continuum whose timing depends jointly on the 253 

evolving SNR, the available sampling and the agreement required for interpretation. 254 
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 255 

Figure 4 Regional climate emergence within the recoverability framework. a) First year at which 256 

forced precipitation responses satisfy the illustrative recoverability criterion 
1ௌேோ<10, estimated from 257 

expanding historical and SSP2-4.5 simulations beginning in 1850. For a single realization, this threshold 258 

corresponds to an expected agreement of r≈0.30. Grey regions do not satisfy this criterion by 2100. b) 259 

Fraction of global land area satisfying progressively more stringent recoverability criteria. Thresholds 260 

of 
1ௌேோ<1, 3, 5, 10 and 30 correspond approximately to r≈0.7, 0.50, 0.4, 0.30 and 0.18, respectively, for 261 

N=1. c) Fraction of the global population living in regions satisfying the same criteria. 262 
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Discussion 263 

Interpreting regional climate change remains challenging because externally forced responses 264 

are observed through internally generated variability3,6,18,29,31. Here we show that problems 265 

spanning large-ensemble modelling, model evaluation and climate emergence can be 266 

understood within a common analytical framework linking local SNR, sampling and the 267 

agreement attainable with the underlying forced response. Rather than introducing another 268 

diagnostic metric, the framework predicts how much information about externally forced 269 

regional climate change can be recovered from finite sampling. The conceptual advance does 270 

not lie in recognizing that larger ensembles improve estimates of forced climate change or that 271 

SNR governs regional uncertainty; these principles are well established4,24–26. Rather, we show 272 

that their interaction follows a predictable analytical scaling, placing ensemble convergence, 273 

model-observation agreement and climate emergence within the same quantitative framework.  274 

An important implication concerns climate-model evaluation. Because observations represent 275 

a single realization (N=1), apparent discrepancies between observed and simulated regional 276 

responses should be interpreted in the context of finite sampling before being attributed to 277 

model deficiencies. This perspective complements efforts to account explicitly for internal 278 

variability in model evaluation17,36,37, particularly for hydroclimatic variables where internal 279 

variability strongly masks the forced response10,12,38. Regional differences in recoverability can 280 

also be related to their underlying forcing characteristics. Single-forcing experiments show that 281 

regions exhibiting a coherent response to a dominant external forcing generally require fewer 282 

realizations, whereas heterogeneous or competing forcing responses increase sampling 283 

requirements (Supplementary note and Figs. 1-2). This relationship provides a physical 284 

interpretation of regional SNR differences and their associated sampling requirements. 285 

The same analytical relationship naturally extends to future climates. A key implication is that 286 

historical model-observation agreement should not provide equal confidence in future 287 

projections everywhere. Where the forced response is historically recoverable, observations 288 

provide an informative test of the simulated response underlying future projections; where 289 

recoverability is low, internal variability fundamentally limits such evaluation. The framework 290 

therefore provides a basis for distinguishing discrepancies that may indicate limitations in 291 

simulated forced responses from those expected from finite observational sampling. As local 292 

SNR evolves, it further predicts how these limits change through time (Extended Data Fig. 14), 293 

extending conventional time-of-emergence concepts21–23,34 from identifying when forced 294 

change becomes distinguishable to quantifying how robustly regional climate responses can be 295 

interpreted. 296 

Several limitations nevertheless deserve consideration. Estimates of local SNR are affected by 297 

structural model uncertainty, biases in forced responses and internal variability, observational 298 

uncertainty, and limited multi-model independence8,39,40. These factors primarily affect the 299 

inputs to the theory rather than the analytical relationship itself. More fundamentally, forced 300 

responses and internal variability need not be strictly independent because forcing can alter the 301 

amplitude and dynamics of internal variability41. Nevertheless, tests across large ensembles 302 

show that regional forced-state dependence of internal variance does not systematically increase 303 

departures from the analytical prediction (Extended Data Fig. 15), supporting the scaling as a 304 

robust first-order approximation for annual-mean responses. 305 
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Whether this robustness extends to climate extremes remains an open question. Forced changes 306 

in variance and distributional shape, together with circulation changes and land–atmosphere 307 

feedbacks, may complicate the separation of forced responses from internal variability42–44. 308 

Extending recoverability to quantiles or extreme-value distribution parameters would test 309 

whether analogous scaling relationships govern the recoverability of climate extremes and other 310 

impact-relevant indicators. 311 

More broadly, the framework provides a quantitative basis for interpreting regional climate 312 

information. By linking recoverability directly to local SNR and sampling, it identifies when 313 

historical observations meaningfully constrain simulated regional responses, where additional 314 

sampling can increase confidence, and where internal variability imposes an irreducible limit 315 

on evaluation. This distinction can help assess and communicate both the robustness and the 316 

limits of regional climate information for climate assessment, risk evaluation and adaptation 317 

planning. 318 

Methods and data                                                                                                                           319 

Climate model simulations and observational datasets 320 

We analysed historical, future and single-forcing climate simulations from the Coupled Model 321 

Intercomparison Project Phase 6 (CMIP6)45. The historical ensemble comprises 782 322 

realizations from 65 CMIP6 model configurations, including 100 members from the CESM2 323 

Large Ensemble (CESM2-LE)46,47, providing an extensive sampling of internally generated 324 

climate variability over 1940-2014. Detailed analyses of ensemble convergence focus on the 325 

ten Single Model Initial-condition Large Ensembles (SMILEs) containing more than 25 326 

realizations, which allow robust estimation of externally forced responses independently within 327 

each model. Future analyses use 324 SSP2-4.5 realizations (2015-2100), while the physical 328 

drivers of recoverability are investigated using Detection and Attribution Model 329 

Intercomparison Project (DAMIP) single-forcing experiments, including greenhouse-gas 330 

(GHG), anthropogenic aerosol (AER) and natural (NAT) simulations. The complete list of 331 

climate models and ensemble members is provided in Extended Data Table 1. 332 

Observed precipitation, near-surface air temperature and mean sea-level pressure were 333 

primarily obtained from the ERA5 reanalysis48,49. To assess the robustness of precipitation 334 

results, analyses were repeated using the independent CRU TS50 and GPCC51 observational 335 

datasets. Unless otherwise stated, all analyses use annual means over 1940-2014. 336 

To ensure spatial consistency, all climate-model simulations and observational datasets were 337 

conservatively remapped onto a common 2° × 2° latitude-longitude grid using the Climate Data 338 

Operators (CDO) remapcon interpolation scheme52. All subsequent analyses were performed 339 

on this common grid. 340 

Estimation of externally-forced and internally-generated variability 341 

The climate response at each grid point was decomposed into an externally forced component 342 

and an internally-generated component following the standard large-ensemble framework3,16. 343 

For each model, the externally-forced response was estimated as the ensemble mean across all 344 

available realizations, while internally-generated variability was defined as the deviation of 345 

each individual realization from this ensemble mean, ܺ௜(ݐ) = (ݐ)ܨ +  is the 346 (ݐ)where  ܺ௜ ,(ݐ)௜ܫ
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climate response of realization ݅, (ݐ)ܨ is the externally forced response and ܫ௜(ݐ) represents 347 

internally generated variability. 348 

The local SNR was quantified as the ratio between the temporal variance of the externally-349 

forced response and the temporal variance of internally-generated variability ܴܵܰ = ఙಷ2ఙ಺2, where 350 ߪி2  represents the temporal variance of the forced ensemble-mean response and ߪூ2 represents 351 

the mean temporal variance of internal variability across ensemble members. Regions with 352 

large SNR are characterized by externally-forced responses that dominate internal variability, 353 

whereas regions with low SNR remain strongly influenced by climate noise. This definition 354 

provides the statistical basis for all subsequent recoverability analyses. 355 

Inter-model coherence analysis 356 

To quantify the consistency of externally-forced climate responses across models, we adopted 357 

a leave-one-model-out framework. For each climate model, the externally-forced response was 358 

estimated from the ensemble mean of all available realizations and compared with an 359 

independent reference response constructed from the ensemble means of all remaining models. 360 

This procedure ensures complete statistical independence between the evaluated model and its 361 

reference. 362 

Temporal Pearson correlations were computed independently at each grid point over the 1940-363 

2014 period using annual means. Statistical significance was assessed using two-sided Pearson 364 

correlation tests (P<0.05). For the probability density analyses (Fig. 1c and Extended Data Fig. 365 

4), spatial distributions of grid-point correlations were estimated using kernel density 366 

estimation. Leave-one-model-out ensemble means were weighted according to the number of 367 

realizations contributed by each model to ensure that models with larger ensembles contributed 368 

proportionally to the multi-model reference. 369 

Bootstrap estimation of recoverability 370 

Regional recoverability was estimated independently at each grid point using non-parametric 371 

bootstrap resampling of the historical CMIP6 ensemble. For each ensemble size N, realizations 372 

were randomly sampled with replacement from the complete set of 782 historical simulations, 373 

and the corresponding ensemble mean was computed. Ensemble size was varied from 1 to 1000 374 

members, and 1000 bootstrap samples were generated for each value of N. Because resampling 375 

is performed with replacement, N denotes bootstrap sample size rather than the number of 376 

distinct simulations. Values of ௥ܰ௘௤ exceeding the 782 available historical realizations are 377 

therefore interpreted as lying beyond the empirically constrained sampling range rather than as 378 

precise ensemble-size estimates. 379 

Each bootstrap ensemble mean was compared with a fixed reference forced response, defined 380 

as the ensemble mean of the complete historical ensemble, using the Pearson temporal 381 

correlation over 1940-2014. The resulting bootstrap distributions describe the level of 382 

agreement expected between a finite ensemble and the underlying externally-forced response 383 

as a function of available sampling. 384 

Recoverability was quantified by the required ensemble size, ௥ܰ௘௤, defined as the smallest 385 

ensemble size for which the 5th percentile of the bootstrap correlation distribution exceeded a 386 

prescribed agreement threshold, 5ܲ[𝑟(ܰ)] ≥ 𝑟௖ where 𝑟௖ denotes the target correlation. Unless 387 
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otherwise stated, 𝑟௖ = 0.7, corresponding to robust recovery of the externally forced response. 388 

Sensitivity analyses using alternative correlation thresholds are presented in Extended Data 389 

Table 2 and show that the bootstrap estimates consistently follow the analytical recoverability 390 

relationship across a wide range of target agreements. Using the full historical ensemble as the 391 

reference forced response ensures that bootstrap resampling modifies only the amount of 392 

available sampling while leaving the target response unchanged. Recoverability therefore 393 

quantifies the information required to estimate a fixed externally forced climate signal rather 394 

than differences arising from changes in the reference response. 395 

 396 

Theoretical relationship between signal-to-noise ratio and recoverability 397 

Following the decomposition introduced above, the climate response of realization i at a given 398 

grid point is written as: ௜ܺ(ݐ) = (ݐ)ܨ +  denotes the externally forced response 399 (ݐ)ܨ where ,(ݐ)௜ܫ

and ܫ௜(ݐ) the internally-generated component, assumed to have zero mean and to be 400 

approximately independent among realizations, ܧ[ܫ௜(ݐ)] ≈ 0. 401 

The ensemble mean of a sufficiently large number of realizations therefore converges towards 402 

the externally-forced response, ܺ̅(ݐ) ≈  which is treated throughout this study as the ensemble-403 ,(ݐ)ܨ

mean response, which suppresses member-specific internal variability as ensemble size increases. 404 

For an ensemble containing N independent realizations,  ܺ ே̅̅ ̅̅ (ݐ)  = (ݐ)ܨ + (ݐ)ே̅ܫ   where ,(ݐ)ே̅ܫ =405 1ܰ ∑ 1=݅ܰ(ݐ)݅ܫ  406 

Assuming independence among realizations, ensemble averaging reduces the variance of 407 

internally generated variability according to ܸܽ𝑟(̅̅ܰܫ ̅) = ఙ಺2ே . The expected agreement between an N-408 

member ensemble mean and the forced response can therefore be expressed as the Pearson correlation 409 𝑟ே = ̅̅ܰܺ)𝑟𝑟݋ܥ ̅̅ ,  Assuming that the forced and internally-generated components are 410 (ܨ

uncorrelated, ܨ)ݒ݋ܥ, ̅̅ܰܫ ̅) ≈ 0, this relationship simplifies to  𝑟ே = 1√1+ ഑಺2ಿ഑ಷ2
 where: ߪி2 = ܸܽ𝑟(ܨ) 411 

and ߪூ2 = ܸܽ𝑟(ܫ). 412 

Defining the signal-to-noise ratio as ܴܵܰ = ఙಷ2ఙ಺2  yields the analytical recoverability relationship 413 

    𝑟ே = 1√1+ 1ಿ(ೄಿೃ) which predicts the expected agreement attainable for a given level of sampling 414 

and local SNR. 415 

Regional recoverability is quantified by the minimum sampling requirement, ௢ܰ௣௧ , defined as 416 

the smallest ensemble size for which the 5th percentile of the bootstrap correlation distribution 417 

exceeds a prescribed target agreement 𝑟௖. Approximating the bootstrap distribution by its 418 

expected value  𝑟ே = 𝑟௖ gives: ௧ܰℎ = ௥೎21−௥೎2 1ௌேோ, demonstrating that the sampling required to 419 

recover externally-forced regional climate responses is inversely proportional to the local SNR. 420 

This analytical relationship forms the theoretical basis of the recoverability framework and is 421 

evaluated against the bootstrap estimates throughout the study. The analytical expression 422 

predicts the ensemble size required for the expected recoverability to reach 𝑟௖, whereas our 423 

bootstrap definition of Nreq is deliberately more conservative, requiring the 5th percentile of the 424 
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empirical recoverability distribution to exceed 𝑟௖. The two quantities are therefore not expected 425 

to coincide exactly. 426 

Independence of forced and internal components 427 

We decompose each realization as X=F+I, where F denotes the externally forced response and 428 

I internal variability. In general, ܸܽ𝑟(ܺ) = 2ܨߪ + 2ܫߪ + ,ܨ)ݒ݋ܥ2  Our analytical recoverability 429 .(ܫ

relationship assumes approximate statistical independence between the forced and internally 430 

generated components, such that ܨ)ݒ݋ܥ, (ܫ ≈ 0, giving ܸܽ𝑟(ܺ) = 2ܨߪ +  431 .2ܫߪ

This approximation need not hold exactly if external forcing modifies the amplitude or structure 432 

of internal variability. We therefore evaluated its robustness using large initial-condition 433 

ensembles (Extended Data Fig. 15). Within each model, members were repeatedly divided into 434 

two independent subsets: one subset was used to estimate the forced response and the other to 435 

estimate internal variability and empirical recoverability, with the roles subsequently reversed. 436 

We quantified state dependence as Corrt[F,Var(I)] and tested whether its magnitude was 437 

associated with departures between empirical and theoretically predicted recoverability. 438 

Because the forced response used for validation is itself estimated from a finite reference 439 

ensemble of ௥ܰ௘௙ members, its variance contains residual internal variability. Under the 440 

independence approximation, ܸܽ𝑟(ܨ௥௘௙) = 2ܨߪ + ி2ߪ 2ேೝ೐೑ , such that we estimateܫߪ =441 ܸܽ𝑟(ܨ௥௘௙) − ఙ಺2ேೝ೐೑ 442 

The recoverability expected against this finite-ensemble reference is therefore 443 𝑟௣௥௘ௗ௜௖௧௘ௗ = 2ܨߪ)√2ܨߪ + 2ܨߪ)(2ܫߪ + /2ܫߪ ௥ܰ௘௙) 444 

We compare this quantity with the independently cross-fitted empirical recoverability in 445 

Extended Data Fig. 15. 446 

Observational evaluation of recoverability 447 

Observed annual-mean precipitation, near-surface air temperature and mean sea-level pressure 448 

from ERA5 were compared with independently estimated multi-model forced responses using 449 

grid-point temporal Pearson correlations over 1940-2014. Precipitation analyses were repeated 450 

using the independent GPCC and CRU datasets to assess observational robustness. Statistical 451 

significance was evaluated using two-sided Pearson correlation tests (P<0.05). Additional 452 

analyses were performed after applying 10-year running means to both observations and climate 453 

simulations. 454 

Physical origins of regional climate recoverability 455 

The physical drivers of recoverability were investigated using DAMIP single-forcing 456 

simulations. Ensemble-mean responses forced by greenhouse gases (GHG), anthropogenic 457 

aerosols (AER) and natural forcing (NAT) were compared with the corresponding historical 458 

all-forcing response using grid-point temporal Pearson correlations over 1940-2014. For each 459 

grid point, the dominant forcing was defined as the forcing experiment exhibiting the largest 460 
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statistically significant positive correlation with the historical response. Regions without 461 

significant positive correlations were left unclassified. 462 

Recoverability through time 463 

Time-dependent recoverability was evaluated using expanding historical and SSP2-4.5 464 

simulations beginning in 1850. At each end year, the local SNR was recomputed using all years 465 

available from 1850 to that date. We use expanding windows beginning in 1850 because the 466 

objective is to quantify the progressive recoverability of the forced climate trajectory from the 467 

historical baseline, rather than recoverability of the contemporary climate state within a fixed 468 

moving window. The first year satisfying prescribed recoverability thresholds (1/SNR<1,3,5,10 469 

and 30) was identified at every grid point. Global land-area fractions were computed as the 470 

percentage of land grid cells satisfying each recoverability criterion. Population exposure was 471 

then estimated by intersecting annual recoverability maps with annually varying ISIMIP 472 

historical and SSP2 population projections on the same 2° × 2° grid. 473 

Population exposure analysis 474 

Population exposure was estimated using the ISIMIP bias-corrected historical and SSP2 annual 475 

population dataset53, available through the Inter-Sectoral Impact Model Intercomparison 476 

Project (ISIMIP; https://www.isimip.org/gettingstarted/input-data-bias-477 

adjustment/details/124/). Annual population fields spanning 1850-2100 were conservatively 478 

remapped onto the common 2° × 2° analysis grid using the same CDO remapcon interpolation 479 

applied to the climate data. For each year, the fraction of the global population living in regions 480 

satisfying a prescribed recoverability criterion was computed by summing the population within 481 

recoverable grid cells and dividing by the total global population for that year. 482 

Statistical analyses 483 

Unless otherwise stated, all correlations correspond to Pearson correlation coefficients 484 

computed from annual-mean time series. Statistical significance was assessed using two-sided 485 

tests (P<0.05). Bootstrap confidence intervals correspond to the 5th and 95th percentiles of 486 

1000 bootstrap realizations. All analyses were performed on the common 2° × 2° grid using 487 

annual means unless explicitly stated otherwise.  488 

Data availability  489 

The climate model historical simulations, DAMIP and SSP2-4.5 projections are accessible 490 

through the Earth System Grid Federation (ESGF) archive as part of the Coupled Model 491 

Intercomparison Project Phase 6 (CMIP6) dataset at (https://esgf-492 

node.ipsl.upmc.fr/projects/cmip6-ipsl/). ERA5 data is available from the ECMWF at 493 

https://www.ecmwf.int/en/forecasts/datasets/reanalysis-datasets/era5. CESM2 large ensemble 494 

data is available at https://www.cesm.ucar.edu/community-projects/lens2/data-sets. All data 495 

needed to evaluate and reproduce the results in the paper are publicly available.  496 
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Extended Data 633 

 634 

Table 1 Climate models and ensemble sizes included in this study. Shown are the CMIP6 635 

and CESM2 Large Ensemble (CESM2-LE) models contributing to the historical, SSP2-4.5, and 636 

DAMIP experiments. Models are listed alphabetically, and ensemble sizes indicate the number 637 

of realizations available for analysis. The ten largest ensembles are shown in bold. 638 

 

 Ensemble size 

Model Name historical SSP2-45 GHG AER NAT 

ACCESS-CM2 3 3    

ACCESS-ESM1-5 40 40 3 3 3 

AWI-CM-1-1-MR 5 1    

AWI-ESM-1-1-LR 1     

BCC-CSM2-MR 3 1 3 3 3 

BCC-ESM1 3     

CAMS-CSM1-0 3 2    

CAS-ESM2-0 4 2    

CESM2 10 3 3 2 3 

CESM2-FV2 3     

CESM2-LE 100 3 15 20  

CESM2-WACCM 3     

CESM2-WACCM-FV2 3     

CIESM 3 1    

CMCC-CM2-HR4 1     

CMCC-CM2-SR5 2 1    

CMCC-ESM2 1 1    

CNRM-CM6-1 30 10    

CNRM-CM6-1-HR 1 1    

CNRM-ESM2-1 12 10    

CanESM5 65 50 50 30 50 

CanESM5-CanOE 3 3    

E3SM-1-0 23  5 5 5 

E3SM-1-1 1 1    

E3SM-1-1-ECA 1     

E3SM-2-0 21     

E3SM-2-0-NARRM 5     

E3SM-2-1 5     

EC-Earth3 14 14    

EC-Earth3-AerChem 2     

EC-Earth3-CC 1 1    

EC-Earth3-Veg 7 5    

EC-Earth3-Veg-LR 3 3    

FGOALS-f3-L 3 1    

FGOALS-g3 6 4 2 3 2 
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FIO-ESM-2-0 3 3    

GFDL-CM4 1 1    

GFDL-ESM4 3 3 1 1 3 

GISS-E2-1-G 65 19  16  

GISS-E2-1-G-CC 1     

GISS-E2-1-H 25 5    

GISS-E2-2-G 11 5    

GISS-E2-2-H 5     

GISS-E3-G 2     

HadGEM3-GC31-LL 5 4    

HadGEM3-GC31-MM 4     

IITM-ESM 1 1    

INM-CM4-8 1 1    

INM-CM5-0 10 1    

IPSL-CM5A2-INCA 1     

IPSL-CM6A-LR 33 11    

IPSL-CM6A-LR-INCA 1     

KACE-1-0-G 3 3    

MIROC-ES2H 1     

MIROC-ES2L 29 20    

MIROC6 50 50    

MPI-ESM-1-2-HAM 3     

MPI-ESM1-2-HR 10     

MPI-ESM1-2-LR 50 10    

MRI-ESM2-0 12 5 5 5 5 

NESM3 5 2    

NorCPM1 30     

NorESM2-LM 3 3 3 3 3 

NorESM2-MM 1 2    

SAM0-UNICON 1     

TaiESM1 2 1    

UKESM1-0-LL 19 14    

Total 782 324 93 91 80 

 639 

Table 2 Comparison of theoretical and empirical (bootstrap) scaling coefficients. Shown 640 

are the theoretical coefficient (rc²/(1-rc²)) and the slope estimated from the linear regression 641 

between the inverse signal-to-noise ratio (1/SNR) and the required ensemble size (Nreq). The 642 

agreement between the two coefficients provides an assessment of the theoretical prediction. 643 

Correlation threshold rc Theoretical coefficient 

rc²/(1-rc²) 

Estimated slope 

0.7 0.96 1.18  

0.75 1.29 1.52 

0.8 1.78 2.04 

 644 
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 645 

Figure 1 Inter-model coherence of forced precipitation responses. Spatial correlation 646 

between the ensemble-mean precipitation response of each model and that of all remaining 647 

models (leave-one-model-out framework) over 1940-2014. Correlations are computed at each 648 

grid point using annual means. Hatched regions indicate correlations not statistically significant 649 

at the 5% level. High correlations indicate robust externally forced responses across models. 650 
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 651 

Figure 2 Ensemble-mean annual precipitation trends (in %) across the ten largest climate 652 

model ensembles. Each panel shows the linear trend in ensemble-mean annual precipitation 653 

over the period 1940-2014 for one of the ten largest available climate model ensembles included 654 

in this study. Trends are computed at each grid point using annual mean precipitation and are 655 

estimated from the ensemble mean to emphasize the externally forced response while reducing 656 

the influence of internal variability. Hatched regions indicate trends that are not statistically 657 

significant at the 5% level. 658 

 659 

 660 

 661 

 662 
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 663 

Figure 3 Inter-model coherence of forced detrended precipitation responses. Spatial 664 

correlation between the detrended ensemble-mean precipitation response of each model and 665 

that of all remaining models (leave-one-model-out framework) over 1940-2014. Correlations 666 

are computed at each grid point using annual means. Hatched regions indicate correlations not 667 

statistically significant at the 5% level. High correlations indicate robust externally forced 668 

responses across models. 669 

 670 
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 671 

Figure 4 Probability density functions of spatial correlations estimated using kernel 672 

density estimation. Each curve represents the distribution of grid-point correlations for a given 673 

model relative to the ensemble mean of the remaining models. Percentages indicate the fraction 674 

of grid points with positive (right) and negative (left) correlations. Bold values denote the 675 

fraction of correlations that are statistically significant at the 5% level. The x-axis shows the 676 

Pearson correlation coefficient, and the y-axis represents probability density. Grey curves are 677 

same as black but for linearly detrended precipitation. 678 

 679 
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 680 

Figure 5 The signal-to-noise relationship governing regional climate recoverability is 681 

robust across climate variables. a) Spatial distribution of the required ensemble size (Nreq) 682 

required for robust recovery of externally forced surface air temperature change over 1940-683 

2014. b) Signal-to-noise ratio (SNR) computed from externally forced and internally generated 684 

air temperature variability. Low-SNR regions closely coincide with large ensemble-size 685 

requirements. c) Relationship between Nreq and the inverse SNR. The dashed line shows the 686 

best-fit emergent scaling law Nreq=α/SNR. d) Comparison between bootstrap-derived 687 

ensemble-size estimates (Nreq) and the analytical prediction (Nth). The dashed line indicates 688 

the best-fit proportionality relationship.  689 

 690 

 691 

 692 

 693 

 694 
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 695 

Figure 6 The signal-to-noise relationship governing regional climate recoverability is 696 

robust across climate variables. a) Spatial distribution of the required ensemble size (Nreq) 697 

required for robust recovery of externally forced sea-level pressure change over 1940-2014. b) 698 

Signal-to-noise ratio (SNR) computed from externally forced and internally generated sea-level 699 

pressure variability. Low-SNR regions closely coincide with large ensemble-size requirements. 700 

c) Relationship between Nreq and the inverse SNR. The dashed line shows the best-fit emergent 701 

scaling law Nreq=α/SNR. d) Comparison between bootstrap-derived ensemble-size estimates 702 

(Nreq) and the analytical prediction (Nth). The dashed line indicates the best-fit proportionality 703 

relationship.  704 

 705 

 706 
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 707 

Figure 7 Inter-model agreement follows the theoretical signal-to-noise scaling. Area-weighted mean 708 

spatial correlation between the ensemble-mean precipitation response of individual CMIP6 models and 709 

an independent leave-one-model-out multi-model reference as a function of ensemble size (N). For each 710 

model, the forced response is estimated from the ensemble mean of that model and compared with a 711 

reference response constructed from all remaining models, ensuring statistical independence between 712 

the evaluated model and the reference field. Black circles show individual models, while the solid black 713 

curve indicates the best-fit signal-to-noise relationship,  𝑟ே = 1√1+ 1ಿ(ೄಿೃ) . Grey shading denotes the 95% 714 

bootstrap confidence interval obtained by resampling models. The horizontal dotted line marks the 715 

detectability threshold (r=0.7), and the vertical dotted line indicates the corresponding required 716 

ensemble size (Nreq). Orange shading shows the bootstrap-derived 95% confidence interval of Nreq.  717 

The close agreement between inter-model correlations and the theoretical signal-to-noise 718 

prediction demonstrates that convergence toward a common forced hydroclimate response is 719 

strongly constrained by ensemble size and SNR. The larger ensemble-size requirement obtained 720 

from this leave-one-model-out framework relative to Fig. 1d likely reflects methodological 721 

differences between the two approaches. Whereas Fig. 1d estimates detectability locally from 722 

grid-point signal-to-noise characteristics before spatial aggregation, the leave-one-model-out 723 

analysis evaluates convergence using a single area-weighted measure of global inter-model 724 

agreement. The fitted parameter therefore represents an effective large-scale SNR rather than 725 

the spatially varying detectability diagnosed at individual grid points. Despite these differences, 726 

both approaches recover the same theoretical signal-to-noise dependence of ensemble 727 

agreement, supporting the robustness of the detectability framework. 728 

 729 



30 

 

 730 

Figure 8 Inter-model agreement follows the theoretical signal-to-noise scaling. Area-weighted mean 731 

spatial correlation between the ensemble-mean surface air temperature response of individual CMIP6 732 

models and an independent leave-one-model-out multi-model reference as a function of ensemble size 733 

(N). For each model, the forced response is estimated from the ensemble mean of that model and 734 

compared with a reference response constructed from all remaining models, ensuring statistical 735 

independence between the evaluated model and the reference field. Black circles show individual 736 

models, while the solid black curve indicates the best-fit signal-to-noise relationship,  𝑟ே = 1√1+ 1ಿ(ೄಿೃ) . 737 

Grey shading denotes the 95% bootstrap confidence interval obtained by resampling models. The 738 

horizontal dotted line marks the detectability threshold (r=0.7), and the vertical dotted line indicates the 739 

corresponding required ensemble size (Nreq). Orange shading shows the bootstrap-derived 95% 740 

confidence interval of Nreq.  741 
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 743 

Figure 9 Inter-model agreement follows the theoretical signal-to-noise scaling. Area-weighted mean 744 

spatial correlation between the ensemble-mean sea-level pressure response of individual CMIP6 models 745 

and an independent leave-one-model-out multi-model reference as a function of ensemble size (N). For 746 

each model, the forced response is estimated from the ensemble mean of that model and compared with 747 

a reference response constructed from all remaining models, ensuring statistical independence between 748 

the evaluated model and the reference field. Black circles show individual models, while the solid black 749 

curve indicates the best-fit signal-to-noise relationship,  𝑟ே = 1√1+ 1ಿ(ೄಿೃ) . Grey shading denotes the 95% 750 

bootstrap confidence interval obtained by resampling models. The horizontal dotted line marks the 751 

detectability threshold (r=0.7), and the vertical dotted line indicates the corresponding required 752 

ensemble size (Nreq). Orange shading shows the bootstrap-derived 95% confidence interval of Nreq.  753 
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 759 

Figure 10 Independent observational datasets support the regional climate recoverability 760 

framework. a,c,e, Temporal correlations between observed precipitation products (ERA5, 761 

CRU and GPCC) and the full multi-model forced response. Hatching denotes non-significant 762 

correlations (P>0.05). b,d,f, Distribution of the inverse local signal-to-noise ratio (1/SNR) 763 

across bins of observed–forced correlationRegions exhibiting stronger observed coherence 764 

systematically exhibit lower inverse SNR, and therefore lower theoretical sampling 765 

requirements for recovering the forced response. 766 
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 768 

Figure 11 Regional climate recoverability is preserved across annual and decadal 769 

timescales. (a,c,e) Spatial correlation between ERA5 and the CMIP6 multi-model forced 770 

response for precipitation (PR), near-surface air temperature (TAS), and sea-level pressure 771 

(SLP), respectively, after applying a 10-year running mean to both observations and model 772 

simulations over 1940–2014. Hatched regions denote correlations that are not statistically 773 

significant (P > 0.05). (b,d,f) Distribution of the inverse local signal-to-noise ratio (1/SNR) for 774 

grid points grouped according to the corresponding ERA5-model mean correlation shown in 775 

panels (a,c,e). Correlation bins have a width of 0.1. 776 

 777 
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 783 

Figure 12 Regional climate emergence within the recoverability framework. a) First year at which 784 

forced temperature responses satisfy the illustrative recoverability criterion 1/SNR<10, estimated from 785 

expanding historical and SSP2-4.5 simulations beginning in 1850. For a single realization, this threshold 786 

corresponds to an expected agreement of r≈0.30. Grey regions do not satisfy this criterion by 2100. b) 787 

Fraction of global land area satisfying progressively more stringent recoverability criteria. Thresholds 788 

of 1/SNR<1, 3, 5, 10 and 30 correspond approximately to r≈0.7, 0.50, 0.4, 0.30 and 0.18, respectively, 789 

for N=1. c) Fraction of the global population living in regions satisfying the same criteria. 790 
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 792 

Figure 13 Regional climate emergence within the recoverability framework. a) First year at which 793 

forced sea-level pressure responses satisfy the illustrative recoverability criterion 1/SNR<10, estimated 794 

from expanding historical and SSP2-4.5 simulations beginning in 1850. For a single realization, this 795 

threshold corresponds to an expected agreement of r≈0.30. Grey regions do not satisfy this criterion by 796 

2100. b) Fraction of global land area satisfying progressively more stringent recoverability criteria. 797 

Thresholds of 1/SNR<1, 3, 5, 10 and 30 correspond approximately to r≈0.7, 0.50, 0.4, 0.30 and 0.18, 798 

respectively, for N=1. c) Fraction of the global population living in regions satisfying the same criteria. 799 
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 801 

Figure 14 Projected evolution of regional climate recoverability. a,c,e, Theoretical 802 

agreement attainable from a single realization (N=1), 𝑟௧ℎ = 1√1+ 1ಿ(ೄಿೃ), for precipitation, near-803 

surface air temperature and sea-level pressure over 2026-2100 under SSP2-4.5. Larger values 804 

indicate regions where the externally forced response is expected to be more readily recoverable 805 

from a single climate realization. b,d,f, Distribution of future theoretical recoverability as a 806 

function of historical recoverability over 1940-2014. Grid points are grouped into historical 𝑟௧ℎ 807 

bins of width 0.1; boxes show the interquartile range, centre lines the median, and whiskers the 808 

5th-95th percentile range. The one-to-one reference indicates unchanged recoverability between 809 

the historical and future periods. Values above this reference denote an increase in the 810 

agreement theoretically attainable from a single realization. 811 
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 812 

Figure 15 Robustness of the recoverability relationship to forcing-variability dependence. 813 

a) Forced-state dependence of internal variability, quantified at each grid cell as the temporal 814 

correlation between the cross-fitted forced response, F, and the contemporaneous ensemble 815 

variance of the residual internal component, Var(I). Values show the median across large-816 

ensemble model families; stippling denotes locations where at least 75% of model families with 817 

valid estimates agree on the sign of the relationship. b) Residual departure of empirical 818 

recoverability from the prediction obtained under the independence approximation, (߂𝑟 =819 𝑟௘௠௣௜௥௜௖௔௟ − 𝑟݌𝑟݁݀݅ܿ݀݁ݐ), after accounting for uncertainty in the forced response estimated from a 820 

finite reference ensemble. c) Empirical versus predicted recoverability across model families 821 

and grid cells. The dashed red line denotes the 1:1 relationship; reported bias and mean absolute 822 

error (MAE) are area weighted. d) Absolute residual error, ∣Δr∣, as a function of the magnitude 823 

of forcing-variability state dependence, ∣Corrt[F,Var(I)]∣. The black line show the multi-model 824 

(10 SMILEs) median and shading the inter-model interquartile range. Diagnostics are 825 

calculated over 1940-2014 using repeated two-fold cross-fitting, such that the forced response 826 

and internal variability are estimated from independent subsets of ensemble members. The 827 

small residual errors and absence of a systematic increase in ∣Δr∣ with forcing–variability state 828 

dependence indicate that the independence approximation provides a useful first-order 829 

description of annual-mean recoverability, despite detectable regional modulation of internal 830 

variability by the forced state. 831 
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