



Peer review status:


This is a non-peer-reviewed preprint submitted to EarthArXiv.



2 
File generated with AMS Word template 2.0 

Accounting for uncertainty from internal variability in global-temperature 1 

based attribution of climate extremes with single realisations 2 

 3 

Maximilian Kotz,a, b, c Markus Donat,a, d  4 

a Barcelona Supercomputing Center, Barcelona, Spain 5 
b Potsdam Institute for Climate Impact Research, Potsdam, Germany 6 

c Centre for Biodiversity and Conservation Science, University of Queensland, Brisbane, Australia 7 
d Institució Catalana de Recerca i Estudis Avançats (ICREA), Barcelona, Spain 8 

 9 

Corresponding author: Maximilian Kotz, maximilian.kotz@bsc.es 10 

 11 



3 
File generated with AMS Word template 2.0 

ABSTRACT 12 

Attribution of regional climate change to anthropogenic forcing within the single realisation 13 

available from observations is an important but challenging goal for statistical methods in 14 

climate science. Correlating regional conditions with global temperatures is a popular 15 

approach, especially for attributing downstream impacts on human health or the economy. 16 

However, the influence of internal variability on such approaches remains unquantified. Here, 17 

we use large ensembles from three climate models to quantify the role of internal variability 18 

for attribution of climate extremes. For temperature extremes, internal variability brings 19 

uncertainties exceeding 40% of the climate change signal across 50, 38, and 9% of the global 20 

surface area in the MIROC6, MPI-ESM1-2-LR and CanESM5 models respectively. We 21 

furthermore show that these uncertainties can be accurately inferred from individual ensemble 22 

members using a block-bootstrap procedure - offering potential for application to observations. 23 

For precipitation extremes however, relative uncertainties are substantially larger, exceeding 24 

100% across 90%, 75% and 55% of the global surface area in the three models used, and the 25 

block-bootstrapping fails to replicate the uncertainty of the large ensemble - although spatial 26 

aggregation reduces the discrepancies between them to some extent. This work provides a basis 27 

for the attribution of temperature extremes from observations which can robustly capture the 28 

uncertainty driven by internal climate variability, but indicates the need for caution when 29 

applying such approaches to noisier variables such as precipitation. 30 

SIGNIFICANCE STATEMENT 31 

Attributing climate change to human forcing is crucial to many aspects of climate policy 32 

regarding adaptation, mitigation and climate justice. Approaches which correlate local climate 33 

with global temperature using observations alone are particularly popular for the attribution of 34 

climate impacts on the economy and human health. Confidence in these methods relies on the 35 

correlations having been unlikely to occur due to internal variability alone. We test these 36 

approaches with large ensembles, finding large uncertainties due to internal variability 37 

sufficient to preclude robust attribution in certain regions. We also show that for temperature 38 

extremes, these uncertainties can be recovered from individual ensemble members via block-39 

bootstrapping. This provides a robust basis for attribution of temperature extremes and their 40 

impacts with observations alone. 41 

 42 
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1. Introduction 43 

As global temperatures continue to rise and pass internationally agreed limits (Copernicus 44 

2025), understanding the impacts of climate change gains further relevance. The increasing 45 

exposure to high temperature and heavy precipitation extremes is of particular concern given 46 

their known impact on socioeconomic (Kotz et al. 2022; Callahan and Mankin 2022a; 47 

Davenport et al. 2021; Dasgupta et al. 2021) and natural systems (Kotz et al. 2025; Murali et 48 

al. 2023). At the regional level, these extremes increase in intensity quasi-linearly with global 49 

mean surface temperature and therefore with increasing cumulative human emissions 50 

(Seneviratne et al. 2016). Formalising the attribution of these extremes and their impacts to 51 

human influence remains an important and active area of climate science with ongoing 52 

challenges and developments (Trok et al. 2024; Clarke et al. 2022), especially for attribution 53 

of impacts (King et al. 2023; Noy et al. 2023). 54 

 55 

Numerical simulations from General Circulation and Earth System Models (GCMs/ESMs) 56 

under different historical forcing scenarios have played a crucial role in the attribution of 57 

climatic changes and their impacts (Ortiz-Bobea et al. 2021; Diffenbaugh and Burke 2019) - 58 

especially within the framework of the Detection and Attribution Model Intercomparison 59 

Project (Gillett et al. 2016) where simulations are run under counterfactual historical 60 

scenarios with different anthropogenic emissions removed. The development of large 61 

ensembles of climate models under different initialisations have also been valuable in 62 

separating human-forced changes from internal variability (Deser et al. 2020). As a 63 

complementary approach, statistical methods offer possibilities to detect externally driven 64 

climatic changes from a single realisation of the climate system directly within observations 65 

(Wills et al. 2020, 2025). These approaches offer value due to their lower computational 66 

requirements and the avoidance of certain biases which climate models are known to exhibit 67 

(Wills et al. 2022; Donat et al. 2023).  68 

 69 

Amongst these statistical methods, the correlation of regional climate conditions with global 70 

temperatures has become a popular choice, especially for the attribution of downstream 71 

climate impacts to human influence (Mengel et al. 2021). These methods are motivated by 72 

the fact that virtually all of the observed historical global warming signal (0.84-1.10C 73 
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between 1850-1900 and 2001-2020) is attributable to human influence (likely range of human 74 

contribution of 0.8-1.3C) (Lee et al. 2023) and that forced changes in extremes - amongst 75 

other characteristics - are known to scale with global temperatures (Seneviratne et al. 2016). 76 

A further advantage is the ability to evaluate the changes in conditions associated with 77 

particular levels of global warming, allowing their further connection and attribution to 78 

individual sources of emissions (Quilcaille et al. 2025; Callahan and Mankin 2025, 2022b). 79 

The application of such attribution approaches to quantifying downstream impacts has grown 80 

rapidly across diverse fields from agriculture (Ortiz-Bobea et al. 2021) and the economy 81 

(Diffenbaugh and Burke 2019) to human health (Carlson et al. 2025; Beck et al. 2024) and 82 

biodiversity (Kotz et al. 2025), and has potential to inform policy making and even legal 83 

proceedings in relation to loss and damage (Tavoni et al. 2024). 84 

 85 

Despite the promise of these methods, the role of internal climate variability in confounding 86 

global-temperature based attribution approaches remains largely unquantified. For example, 87 

widely-used sources of counterfactual climate data for impact attribution based on this 88 

approach do not yet provide quantification of uncertainty at all (Mengel et al. 2021; 89 

Dimitrova et al. 2024). Even in studies which do provide estimates of uncertainty, the extent 90 

to which this reflects the role of internal climate variability remains unclear (Beck et al. 91 

2024). Given the substantial contributions of internal variability to regional climate trends 92 

(Hawkins and Sutton 2009; Lehner et al. 2020), especially under historical levels of 93 

anthropogenic forcing and for variables such as precipitation (Deser et al. 2012), this 94 

represents a major limitation in the development of robust impact-attribution statements. 95 

 96 

Our paper aims to quantify the role of internal variability in these attribution methods, using 97 

large ensembles of climate models as an idealised setting to test these approaches. Large 98 

ensembles involve simulations of a given climate model under the same climate forcing, with 99 

variations in initial conditions used to generate diverse realisations of internal climate 100 

variability within which the ensemble mean represents the expected response to forcing. Our 101 

paper has three main objectives: (1) to quantify the uncertainty in the relationships between 102 

global temperature and regional climate conditions driven by internal variability; (2) to test 103 

whether statistical methods like bootstrapping could theoretically infer these uncertainties 104 

when applied to individual realisations of the climate system; and (3) to apply such methods 105 
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to observational data. We focus our analysis on the frequency and intensity of climate 106 

extremes, given their important role for impacts as reflected in recent work on the economy 107 

(Callahan and Mankin 2025) and biodiversity (Kotz et al. 2025). We furthermore consider 108 

both temperature and precipitation extremes, to explore variables for which the relative 109 

importance of internal variability and anthropogenic forcing differs. 110 

2. Methods 111 

Data 112 

We use data of daily surface temperature (“tas”) and precipitation (“pr”) from three Earth 113 

System Models providing large ensembles within the Coupled Model Intercomparison 114 

Project phase 6 (Eyring et al. 2016) (CanESM5, MIROC6 and MPI-ESM1-2-LR), each with 115 

50 ensemble members based on different initialisations. We primarily use data from 116 

simulations under the historical forcing scenario, using data from 1940 onwards to replicate 117 

the time-frame of availability in major observational data products like the ERA-5 reanalysis 118 

(Hersbach et al. 2020). We additionally use data from simulations for the period 2015-2024 119 

under the SSP5-8.5 forcing scenario, to provide a full time-series until 2024 which more 120 

closely matches the ERA-5 timeseries. We use SSP5-8.5 which has closely followed 121 

historical cumulative emissions within this timeframe (Schwalm et al. 2020), but note that the 122 

radiative forcing is similar across other scenarios between 2014 and 2024 (Riahi et al. 2017) 123 

and would therefore likely provide similar results. Moreover, we emphasise that we only use 124 

these simulations to test attribution methodologies in an idealised setting rather than to make 125 

predictions about developments over the period 2015-2024. We also use data on daily surface 126 

temperature and precipitation from the ERA-5 reanalysis for the period 1940-2024 (Hersbach 127 

et al. 2020). 128 

Climate extreme metrics 129 

We use two complementary metrics to capture the intensity and frequency of climate 130 

extremes. We use the annual maximum of 5 day averages of daily temperature and 131 

precipitation (𝑇𝑋5𝑑, 𝑃𝑋5d) to measure the intensity of multi-day climate extremes which are 132 

relevant for impacts (Callahan and Mankin 2025). We also use the annual number of days 133 

exceeding the 99th percentile of the historical distribution (𝑇99𝑝, 𝑃99𝑝) - using the period 134 

1940-1970 and a consideration of all seasons to define these thresholds. This choice focuses 135 
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on the exceedance of absolute temperature and precipitation thresholds rather than 136 

seasonally-defined thresholds, as has been shown to be relevant for impacts (Kotz et al. 137 

2025). We use the threshold obtained from the historical period of each ensemble member 138 

separately (rather than taking an average across ensemble members), such that each ensemble 139 

member is treated independently as would be the case when applying such attribution 140 

methods to observations which we aim to test.  141 

Global-temperature based attribution 142 

The climate impact attribution literature typically uses smoothed global mean temperatures to 143 

learn a relationship between large-scale forcing and local climate conditions, with which to 144 

then detrend local climate conditions and generate a counterfactual (Mengel et al. 2021). We 145 

calculate global mean surface temperature as the area weighted surface temperature (𝐺𝑀𝑇𝑚,𝑦) 146 

for each ensemble member (m), and smooth it with an 11-year running mean centred on the 147 

year of interest. We then fit relationships between smoothed global mean surface 148 

temperatures (𝐺𝑀𝑇𝑚,𝑦) and local climatic conditions (𝑇𝑋5𝑑𝑚,𝑥,𝑦, 𝑃𝑋5𝑑𝑚,𝑥,𝑦, 𝑇99𝑝𝑚,𝑥,𝑦, 149 

𝑃99𝑝𝑚,𝑥,𝑦) for each ensemble member, m, using either linear OLS models for the climate 150 

extreme intensity metrics: 151 

 𝑇𝑋5𝑑𝑚,𝑥,𝑦 = 𝛽𝑚,𝑥 𝐺𝑀𝑇̃𝑚,𝑦  + 𝛼𝑚,𝑥  +  𝜖𝑚,𝑥,𝑦                            (1) 152 

or a Poisson model for the climate extreme frequency metrics: 153 

𝑙𝑜𝑔(𝐸(𝑇99𝑝𝑚,𝑥,𝑦 | 𝐺𝑀𝑇̃𝑚,𝑦 )) = 𝛽𝑚,𝑥 𝐺𝑀𝑇̃𝑚,𝑦  + 𝛼𝑚,𝑥  +  𝜖𝑚,𝑥,𝑦  ,                  (2) 154 

where 𝛽𝑚,𝑥  is the linear relationship between global temperatures and local climate extremes 155 

for each ensemble member and grid cell, 𝑥, 𝛼𝑚,𝑥   is the intercept, and  𝜖𝑚,𝑥,𝑦 the error term. 156 

We note that the local climate conditions themselves are not smoothed. The attributable 157 

climate change signal essentially depends on the estimates of 𝛽𝑚,𝑥, which represents the 158 

scaling relationship between global mean temperature and local extremes, and on which we 159 

therefore focus our assessment of uncertainty due to internal climate variability. 160 

Uncertainty due to internal variability 161 

We evaluate uncertainty in climate impact attribution approaches due to internal variability 162 

based on the spread of estimates of 𝛽𝑚,𝑥 across ensemble members. We express this through 163 



8 
File generated with AMS Word template 2.0 

the relative error, measured as the ratio of the standard deviation, , to the mean, , of these 164 

estimates across ensemble members: 165 

𝜒𝑥 =  100 ∗  𝜎𝑥(𝛽𝑚,𝑥)
𝜇𝑥(𝛽𝑚,𝑥)

.              (3) 166 

 167 

We proceed with these calculations separately for each climate extreme metric and each of the 168 

three large ensembles. 169 

 170 

Block-bootstrap estimates of uncertainty 171 

 172 

The multiple realisations of the simulated climate system within the large ensembles provide 173 

an idealised setting in which to evaluate the uncertainty due to internal variability inherent in 174 

these climate impact-attribution approaches. However, approaches based on observations will 175 

always be constrained to work with a single realisation of the climate system. We therefore 176 

propose block-bootstrapping as a potential method to infer estimates of uncertainty from 177 

individual realisations which might reflect the uncertainty driven by internal variability. 178 

Similar approaches have been used to construct so-called “observational large ensembles” 179 

(McKinnon and Deser 2018; McKinnon et al. 2017) and we draw on the intuition of these 180 

approaches in the context of attribution.  181 

 182 

A crucial part of the block-bootstrapping approach is the choice of block width, which should 183 

balance the competing objectives of (i) capturing time-frames of sufficient length to represent 184 

key processes contributing to uncertainty, and (ii) to remain short enough to enable a 185 

sufficiently large number of potential bootstrap samples. To choose the block width, we 186 

calculate the autocorrelation function of the residuals from the regressions between global 187 

temperatures and local climate conditions, using the actual residuals in the case of the extreme 188 

intensity metrics and the residuals on the deviance scale for the Poisson regressions applied to 189 

the frequency metrics - both of these are represented as  𝜖𝑚,𝑥,𝑦 in equations (1) and (2). We use 190 

plots of the autocorrelation strength to guide the choice of block widths, and explore results 191 

under a range of block widths as outlined in the results section. Variance estimates of the 192 

autocorrelation functions are calculated using Bartlett’s formula (Bartlett 1946) and two sided 193 

significance tests are calculated for each ensemble member.  194 

 195 
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The autocorrelation functions are then used to determine the block width for the block-196 

bootstrap of the joint time series of local climate extremes and global temperatures. We apply 197 

consistent block sampling across different grid-cells and different members of the same large 198 

ensemble, and then re-evaluate the regressions outlined in equations (1) and (2). We use 100 199 

samples with replacement (𝑁𝑠 = 100). These provide us with a distribution of the relationship 200 

between global temperature and local climate extremes for each individual ensemble member, 201 

𝛽̂𝑠,𝑚,𝑥, with which we can estimate the relative uncertainty in these relationships derived from 202 

the bootstrap: 203 

𝜒̂𝑚,𝑥 =  100 ∗  𝜎𝑚,𝑥(𝛽𝑠,𝑚,𝑥)
𝜇𝑚,𝑥(𝛽𝑠,𝑚,𝑥)

.          (4) 204 

 205 

Note that this estimate of relative uncertainty via bootstrapping is therefore available for each 206 

individual ensemble member. We then compare estimates of uncertainty derived from the 207 

bootstrap approach (equation 4) to those derived from the true ensemble (equation 3), to test 208 

the ability of the bootstrap to reproduce uncertainty due to internal variability as estimated from 209 

the large ensemble simulations. We do so based on a weighted pattern correlation statistic, and 210 

estimates of the fraction of the global surface area with a certain level of relative uncertainty 211 

(see Results).  212 

 213 

The relative uncertainty is poorly defined in regions where 𝜇𝑚,𝑥  approaches zero, and in some 214 

instances can therefore diverge strongly and bias the values of the weighted pattern correlation 215 

statistics. For the calculation of the weighted pattern correlation statistics, we therefore cap 216 

values of relative uncertainty at 100%. This choice is also motivated by the fact that values of 217 

relative uncertainty greater than 100% reflect instances of signal-to-noise ratio less than 1 in 218 

which a robust attribution to human influence is essentially not possible. Differences in values 219 

already greater than 100% are therefore not of substantial interest in the context of attribution. 220 

Increasing this cap to higher values typically reduces the values of the pattern correlations - for 221 

example, increasing the cap to 200% roughly decreases the values shown in Figure 3 by 0.1.  222 

 223 

Finally, we apply the block-bootstrap procedure outlined here to the historical observations of 224 

ERA-5, carrying out the procedures described above with the distinction that in this case only 225 

one realisation of the climate system is available. We note that in the context of observations 226 

where only a single realisation is available, no assessment of the forced-response in terms of 227 
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the mean across realisations of internal variability can be made, but an assessment of 228 

uncertainty in the observed response due to internal variability is possible (McKinnon et al. 229 

2017). 230 

3. Results 231 

Internal variability generates diverse attribution outcomes for temperature extremes  232 

 233 
Figure 1. Internal variability generates diverse relationships between global temperatures and local 234 
climate extremes. (a) Global temperatures smoothed with an 11-year centred running mean from 50 235 

members of the MIROC6 ensemble under historical (1945-2014) and SSP585 (2015-2020) forcing. The 236 
names of only five are highlighted in the figure legend. The annual number of days exceeding the 99th 237 
percentile of temperature (b, c) and precipitation (d, e) across the members of the MIROC6 ensemble 238 
under the same forcing, for grid-cells in Berlin and Sao Paolo (the coordinates in degrees latitude and 239 
longitude are indicated above each panel). The variation of local temperature (f, g) and precipitation 240 

extremes (h, i) which is considered “attributable” based on the regression with global mean temperature 241 
(based on a Poisson regression, see Methods). 242 

 243 
Comparing global temperatures and regional climate extremes across realisations of the same 244 

climate model under the same forcing, we see that local climate extremes can evolve in diverse 245 
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ways despite similar evolutions of the global mean temperature (Figure 1a-e). Moreover, the 246 

component of local climate extremes which is correlated with global mean temperatures also 247 

differs substantially across different realisations of the same model (Figure 1f-i). This 248 

highlights the diverse outcomes which could be attributed to human-induced climate change 249 

under observationally-derived attribution approaches due to the uncertainty generated by 250 

internal variability. Figure 1 shows examples for the frequency of temperature and precipitation 251 

extremes (𝑇99𝑝, 𝑃99𝑝), while Supplementary Figure 1 shows similar behaviour for the 252 

intensity of extremes (𝑇𝑋5𝑑, 𝑃𝑋5𝑑). 253 

 254 

To formally quantify the role of internal variability, we calculate the relative uncertainty 255 

(standard deviation as a percentage of the mean) in the coefficients of the regressions between 256 

global mean temperature and local climate extremes across different realisations of the same 257 

climate model. For temperature extremes, we see diversity across regions and climate models 258 

in the magnitude of uncertainty due to internal climate variability (Figure 2a, e, i). Uncertainty 259 

is largest in the Southern Ocean and South-East Pacific, where it exceeds 100% in many regions 260 

in all models. Such high levels of uncertainty are also found across further widespread areas in 261 

the MIROC6 and MPI-ESM1-2-LR climate models, particularly across central Africa, the 262 

Indian sub-continent and Tibetan plateau. In general, CanESM exhibits generally lower levels 263 

of uncertainty implying a less substantial role of internal variability for temperature extreme 264 

changes.  265 

 266 

We note that levels of uncertainty above 100% imply a signal to noise ratio between the forced 267 

climate change signal and internal variability of less than 1, which would typically preclude a 268 

robust statement regarding attribution of human-driven temperature extreme change. This 269 

demonstrates the importance of accounting for uncertainty due to internal climate variability 270 

in observationally-derived attribution approaches. Nevertheless, for temperature extremes 271 

80%, 85% and 95% of the global area exhibits uncertainties less than 100% for MIROC6, MPI-272 

ESM1-2-LR and CanESM5 respectively, and 50, 62, and 91% exhibit uncertainties under 40% 273 

(Figure 3a). Our analysis of these models therefore suggests that robust attribution with single 274 

realisations for temperature extremes may be feasible across large areas of the Earth. However, 275 

the diverse levels of uncertainty between climate models begs the question of what the true 276 

level of uncertainty in observations may be, and whether this could be inferred directly from 277 

observations. 278 
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 279 

 280 
Figure 2. Uncertainty in the attribution of heat extreme frequency due to internal variability in the 281 

large ensembles and as inferred from block-bootstrapping of individual ensemble members. The 282 
relative uncertainty (ratio of standard deviation to the mean) of the correlation between global 283 

temperatures and the frequency of temperature extremes, estimated from the large ensemble (a, e, i) 284 
and by block-bootstrapping individual ensemble members (b-d, f-h, j-l). Examples are shown for three 285 

ensemble members with the highest (b, f, j), median (c, g, k) and lowest (d, h l) weighted pattern 286 
correlation between their uncertainty and that derived from the large ensemble. These weighted 287 

pattern correlations are shown above the map for each ensemble member. Results are shown for the 288 
MPI-ESM1-2-LR (a-d), MIROC6 (e-h) and CanESM5 (i-l) models.  289 

 290 

Reproducing uncertainty from individual realisations with a block-bootstrap 291 

We suggest that block-bootstrapping may offer the potential to infer the uncertainty due to 292 

internal climate variability from single realisations, which would imply potential for a robust 293 

application to observations. This hypothesis is partially motivated by “observational large 294 

ensembles” which have successfully used bootstrapping to develop ensembles of temperature 295 

trends from observations which accurately reflect the uncertainty due to internal variability 296 

(McKinnon et al. 2017). Block-bootstrapping individual ensemble members and re-calculating 297 

the relative uncertainty across bootstrap samples produces patterns of uncertainty which match 298 

those derived from the large ensemble well for temperature extremes (Figure 2b-d, f-h, j-l). We 299 

especially note that bootstrapping appears able to accurately capture the differences between 300 

climate models (comparing different rows of Figure 2). In general, block-bootstrapping 301 

skilfully reproduces the fractions of the global land-area under different levels of uncertainty 302 

(Figure 3a). Furthermore, weighted pattern correlations between the uncertainty maps derived 303 

from the large ensemble and the block-bootstrapped ensemble members are generally high, 304 
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with a median value of 0.65, 0.74 and 0.76 for MIROC6, MPI-ESM1-2-LR and CanESM5 305 

respectively (Figure 3b).  306 

 307 

These results are derived with a block width of 5 years, based on a conservative choice to 308 

capture all significant autocorrelation seen in the residuals between global temperatures and 309 

temperature extremes (Figures S2-4). We note that shorter block widths perform almost 310 

equivalently well in terms of reproducing the uncertainty from the large ensemble, with only 311 

minor under-estimation of uncertainty when using a block width of only 1 year (i.e. a normal 312 

bootstrap) (Figure A5). Using larger block widths - such as 10 years (Figure A6) - substantially 313 

reduces the ability of the bootstrap to reproduce both the patterns and magnitude of uncertainty 314 

seen in the large ensemble. The results so far described pertain to the frequency of exposure to 315 

temperature extremes (𝑇99𝑝). We note that very similar results are obtained for the intensity 316 

of temperature extremes (𝑇𝑋5𝑑), as presented in Figures S7 and S8. 317 

 318 
Figure 3. Comparing uncertainty in temperature extreme frequency attribution between the large 319 
ensemble and the block-bootstrapping of individual ensemble members. (a) The cumulative surface 320 

area fraction under different levels of relative uncertainty estimated from the true ensemble (solid 321 
line) and block-bootstrapped individual ensemble members (median across ensemble members: 322 

dashed line, 5-95th percentile range across ensemble members: shaded). Results of applying the same 323 
block-bootstrap procedure to the ERA5 historical reanalysis are shown in the black dashed line. (b) 324 

The distribution of weighted pattern correlations between relative uncertainty estimates from the large 325 
ensemble and the bootstrapped ensemble members. Relative uncertainty is for the correlations 326 

between global temperatures and the frequency of temperature extremes as displayed in Figures 1 and 327 
2.  328 

Uncertainty in attribution of precipitation extremes 329 

Turning our attention to precipitation extremes, we note that for the examples selected in Figure 330 

1, local precipitation extremes can show even more diverse relationships with global 331 

temperatures due to different realisations of internal variability. When quantifying this 332 
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contribution globally, we see much larger uncertainty compared to temperature (Figure 4, 333 

noting the colour scale now extending to 200% rather than 100% as in Figure 2). Relative 334 

uncertainty within the large ensemble exceeds 100% for approximately 90%, 75% and 55% of 335 

the global surface area in the MIROC6, MPI-ESM1-2-LR and CanESM5 models respectively 336 

(Figure 5a). We note that these substantially higher levels of uncertainty compared to 337 

temperature extremes are to be expected given the much stronger role of internal variability 338 

compared to human forcing for precipitation (Deser et al. 2012). The patterns of uncertainty 339 

are also distinct across climate models, although lower uncertainty is observed across central 340 

Africa and Northern mid-to-high latitudes in all three models.  341 

 342 
Figure 4. Relative uncertainty in attribution of precipitation extreme frequency due to internal 343 

variability in the large ensembles and block-bootstrapping of individual ensemble members. The 344 
relative uncertainty of the correlation between global temperatures and the frequency of precipitation 345 

extremes estimated from the large ensemble (left column). The relative uncertainty estimated by 346 
block-bootstrapping individual ensemble members (right columns), for the member with the best, 347 
median and worst pattern correlation compared to the uncertainty derived from the large ensemble 348 

(respectively left to right). Results are shown for the MPI-ESM1-2-LR (top row), MIROC6 (second 349 
row) and CanESM5 (lower row) models. 350 

 351 
Investigating the capacity of the block-bootstrap approach to capture these uncertainties within 352 

individual ensemble members, we see that it performs considerably worse than in the context 353 

of temperature extremes (Figure 4). Extensive small-scale spatial variability in the relative error 354 

is present in the bootstrapped estimates of uncertainty which does not reflect the uncertainty 355 

measured in the large ensemble. Pattern correlations between the uncertainty derived from the 356 

large ensemble and the block-bootstraps are also much lower (Figure 5b), and the block-357 

bootstrap typically underestimates uncertainty by a substantial margin (Figure 5a). Further 358 
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analysis indicates that this discrepancy is primarily driven by the average correlations between 359 

global temperatures and precipitation extremes. These correlations exhibit large discrepancies 360 

between the large ensemble average and individual ensemble members, particularly at small 361 

spatial scales (Figure A9). By contrast, the standard deviation of correlations identified with 362 

the block-bootstrap approach shows close agreement with that identified by the large ensemble 363 

(Figure A9). Equivalent analysis for the intensity of precipitation extremes (𝑃𝑋5𝑑) shows very 364 

similar results in terms of larger uncertainty and poor reproduction by the block-bootstrap 365 

(Figure A10, 11). 366 

 367 
Figure 5. Comparing uncertainty in precipitation extreme frequency attribution between the large 368 
ensemble and the block-bootstrapping of individual ensemble members. (a) The cumulative surface 369 

area fraction under different levels of relative uncertainty estimated from the true ensemble (solid 370 
line) and bootstrapped ensemble members (median across ensemble members: dashed line, 5-95th 371 

percentile range: shaded). Note the extended x-axis scale compared to Figure 3. (b) The distribution of 372 
weighted pattern correlations between relative uncertainty estimated from the true ensemble and the 373 

bootstrapped ensemble members.Relative uncertainty is for the correlations between global 374 
temperatures and the frequency of precipitation extremes as displayed in Figure 4. 375 

 376 

Spatial aggregation improves representation of internal variability for precipitation 377 

extremes 378 

 379 

Given that small-scale features appear to drive the poor performance of the block-bootstrap for 380 

precipitation extremes, we explore whether spatial aggregation could improve its performance. 381 

This follows work indicating that spatially aggregated climate extremes exhibit changes which 382 

are much more robust to internal variability (Fischer et al. 2013). Aggregating precipitation 383 

extremes spatially to scales of five to ten degrees before running the attribution procedures 384 

notably reduces the levels of uncertainty due to internal variability and also improves the ability 385 

https://www.zotero.org/google-docs/?cYBQLP
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of the block-bootstrap to capture this uncertainty (Figure A12). However, discrepancies in the 386 

spatial pattern of uncertainty between the large ensemble and the block-bootstrapped individual 387 

members are still substantially larger than in the case of temperature extremes even under this 388 

spatial aggregation. This suggests that averaging over larger spatial scales removes some of the 389 

internal variability which contributes to limitations in the attribution approaches, but 390 

substantial sources of internal variability across larger spatial scales remain which are not well 391 

captured by the block-bootstrap. This likely reflects the important role of large scale modes of 392 

climate variability like the Pacific Decadal Oscillation or North Atlantic Oscillation for 393 

precipitation, which exert influences over larger spatial domains and longer-timescales, making 394 

the application of a bootstrapping approach to capture this variability challenging within an 395 

observational time-series of relatively short length. 396 

 397 
4 Discussion 398 
 399 
To confidently attribute impacts to climate change one must be clear that they would have been 400 

unlikely to occur due to internal climate variability alone. Our work provides a formalised 401 

framework in which to assess whether approaches for attribution from a single realisation using 402 

correlations with global temperatures currently meet this criteria (Kotz et al. 2025; Mengel et 403 

al. 2021; Park et al. 2024; Dimitrova et al. 2024; Beyer et al. 2024), and whether improvements 404 

may enable them to do so. 405 

 406 

Our first contribution is to show that internal variability contributes substantial uncertainties to 407 

these attribution approaches, generating relative uncertainties exceeding 100% across large 408 

parts of Earth, even for temperature extremes. For precipitation extremes, the contribution of 409 

internal variability is much larger, and both examples make the case that internal variability 410 

should be considered in these approaches to ensure robust uncertainty estimates for climate 411 

attribution statements. Current approaches which do not capture this source of uncertainty 412 

(Mengel et al. 2021) likely over-state the confidence of attribution to human influence, 413 

particularly for heavy precipitation extremes. 414 

 415 

However, our second contribution is to show that robust uncertainty estimates can be derived 416 

for observationally-based attribution statements for temperature extremes. The block-bootstrap 417 

approach is easy to implement and offers an estimate of uncertainty which closely matches that 418 

which a large ensemble would provide (Figure 3). This means researchers may work with 419 

https://www.zotero.org/google-docs/?Eeb2w0
https://www.zotero.org/google-docs/?Eeb2w0
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observations rather than climate models to benefit from lower computational costs and better 420 

representation of the forced climate system and still attain attribution statements which 421 

accurately capture the role of internal variability for temperature extremes. However, our work 422 

indicates that observationally-derived attribution statements with robust uncertainty estimates 423 

are likely not possible for precipitation extremes at current levels of global warming, at least at 424 

local scales. Aggregation to larger spatial scales appears to reduce uncertainties and improve 425 

the performance of the bootstrap, but discrepancies in the spatial patterns of uncertainty still 426 

persist between the large ensemble and the bootstrap estimates even at aggregation to scales of 427 

five and ten degrees. Future work could consider incorporating indices of large scale climate 428 

variability in order to better capture sources of inter-annual to multi-decadal internal variability 429 

which may not be well captured by the current block-bootstrap approach.  430 

 431 

An important limitation of our work is that we considered only high temperature and heavy 432 

precipitation extremes. While this choice was necessary to contain the scope of our analysis 433 

and to focus on impact-relevant variables, other climate variables may exhibit different 434 

behaviour. The strong consistency between the frequency and intensity of temperature 435 

extremes (Figure 2 and Figure A7) indicates that some generalities may exist across the 436 

temperature distribution, but further analysis will be beneficial for exploring other variables 437 

more thoroughly. 438 

 439 

Our study has focussed on the application of this approach to observationally-derived 440 

attribution statements (Mengel et al. 2021), but we note that the results are relevant to a number 441 

of other methods. Two important contexts are pattern scaling approaches (Tebaldi and 442 

Arblaster 2014) and climate model emulators (Byers et al. 2025; Quilcaille et al. 2025), both 443 

of which derive relationships between local climate conditions and global mean temperature 444 

from multi-model ensembles like CMIP6. Our work indicates that observations could be used 445 

directly to identify these relationships, substantially reducing computational demands without 446 

limiting the representation of uncertainty due to internal variability. Most importantly, our 447 

work provides a formal basis from which to use observations alone to attribute changes in 448 

temperature extremes and their impacts to human influence while robustly capturing the 449 

uncertainty driven by internal climate variability. 450 

 451 
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Data Availability Statement. 452 

Temperature and precipitation data from ERA5 are publicly available from Copernicus 453 

(https://cds.climate.copernicus.eu/datasets/reanalysis-era5-single-levels?tab=overview). 454 

Temperature and precipitation data from the three CMIP6 models used are available publicly 455 

from the Earth System Grid Federation (https://esgf.github.io/). Specific data and code for 456 

this analysis will be made available upon request.  457 
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APPENDIX 464 

Additional figures 465 
 466 

 467 
Figure A1. Internal variability generates diverse relationships between global temperature and 468 
local climate extreme intensity. The structure of the Figure is the same as Figure 1, but results are 469 

shown for the intensity of climate extremes, based on the annual maximum of 5 day average of daily 470 
surface temperature and precipitation (“TX5d” and “PX5d”).  471 
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 472 
 473 

 474 
 475 
Fig. A2. Autocorrelation of the residuals of the global temperature to local extremes regression. 476 
The upper row shows the autocorrelation values, averaged across ensemble members of MPI-ESM1-477 
2-LR. The lower row shows the number of ensemble members with autocorrelation values which are 478 
significant at the 5% level based on a two-sided significance test. Uncertainty in the autocorrelation 479 

values are calculated based on the Bartlett formula. 480 

 481 
Fig. A3. Autocorrelation of the residuals of the global temperature to local extremes regression for 482 

the MIROC6 model. Details as in Fig. A2. 483 

 484 
Fig. A4. Autocorrelation of the residuals of the global temperature to local extremes regression for 485 
the CanESM5 model. Details as in Fig. A2.  486 
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 487 
Figure A5. Uncertainty in temperature extreme frequency attribution when using a block-bootstrap 488 

with block width of 1 year. Figure is otherwise as Figure 3. 489 
 490 

 491 
Figure A6. Uncertainty in temperature extreme frequency attribution when using a block-bootstrap 492 
with block width of 10 years. Figure is otherwise as Figure 3.  493 
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 494 
Figure A7. Relative uncertainty in temperature extreme intensity attribution due to internal 495 
variability; as reflected in large ensembles and block-bootstrapping of individual ensemble 496 

members. As Figure 2 of the main manuscript but for the intensity metric 𝑇𝑋5𝑑. Results are shown 497 
for a block width of 5, based on an assessment of the autocorrelation of residuals as outlined in the 498 

manuscript. 499 
 500 

 501 



23 
File generated with AMS Word template 2.0 

 502 
Figure A8. Comparing uncertainty in temperature extreme intensity attribution between the large 503 
ensemble and the block-bootstrapping of individual ensemble members. As Figure 3 of the main 504 

manuscript but for the temperature extreme intensity metric 𝑇𝑋5d.  505 
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 506 
Figure A9. Composition of relative uncertainty for precipitation extreme frequency in the large 507 

ensemble and block-bootstrap approaches. Average (upper row), standard deviation (second row), 508 
and relative uncertainties (lower row) of correlations between global temperatures and precipitation 509 
extremes. Estimates from the true large ensemble (left column) and for four examples of individual 510 

ensemble members to which the block-bootstrap procedure has been applied. 511 
 512 

 513 
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 514 
Figure A10. Relative uncertainty in precipitation extreme intensity attribution due to internal 515 

variability; as reflected in large ensembles and block-bootstrapping of individual ensemble 516 
members. As Figure 4 of the main manuscript but for the intensity metric 𝑃𝑋5𝑑. Results are shown 517 
for a block width of 2, based on an assessment of the autocorrelation of residuals as outlined in the 518 

manuscript. 519 
 520 
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 521 
Figure A11. Comparing uncertainty in precipitation extreme intensity attribution between the large 522 

ensemble and the block-bootstrapping of individual ensemble members. As Figure 5 of the main 523 
manuscript but for the temperature extreme intensity metric 𝑃𝑋5d.  524 
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 525 

 526 

 527 
Figure A12. Comparing uncertainty in precipitation extreme frequency attribution when using 528 
spatial aggregation. As Figure 5 of the main manuscript but having first aggregated precipitation 529 

extreme frequency (𝑃99𝑝) to approximately five (upper) and ten (lower) degree grid-cells. We 530 
average climate extremes over 𝑁 adjacent grid-cells where 𝑁 ≈ 5

𝑟
, 10

𝑟
 (with 𝑟 the native model 531 

resolution) before applying the attribution and other analytical procedures. 532 
 533 

 534 
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