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ABSTRACT

Attribution of climate change to anthropogenic forcing is an important goal in climate

science. Regression of local conditions on global temperatures is a popular statistical

approach, but whether the uncertainty derived from observations alone can reflect the range

of outcomes possible due to internal variability remains unclear. Here, we use large

ensembles from three climate models as an idealized testbed to quantify the role of internal

variability for such attribution of climate extremes with single climate realisations. Internal

variability generates large uncertainty in the linear-regression slope between global

temperatures and regional temperature extremes, exceeding 40% of the ensemble mean slope

across 50, 38, and 9% of the global surface area in the MIROC6, MPI-ESM1-2-LR and

CanESM5 models respectively. Nevertheless, we show that these uncertainties can be

accurately inferred from individual ensemble members using a block-bootstrap procedure -

offering potential for a robust application to observations. Block-bootstrapping also

accurately captures the absolute uncertainty for precipitation extremes, despite a substantially

smaller signal-to-noise ratio which leads to underestimated and overly noisy estimates of

relative uncertainty at present-day warming levels. This work provides a basis for the

attribution of climate extremes from observations which can robustly capture the uncertainty

associated with internal climate variability.

SIGNIFICANCE STATEMENT

Attribution of climate changes is crucial to many aspects of climate policy regarding

adaptation, mitigation and climate justice. Approaches using regressions of observed regional

climate conditions on global temperatures are increasingly popular, especially for the

attribution of downstream impacts e.g. on human health. Confidence in these methods relies

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

approaches with large ensembles, finding large uncertainties due to internal variability. We

show that for attribution of temperature and precipitation extremes, robust confidence

intervals can be recovered from individual ensemble members via block-bootstrapping. This

provides a robust basis for attribution of climate extremes and impacts with observations

alone.
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1. Introduction

As global temperatures continue to rise and are set to pass internationally agreed limits of

1.5C within the coming decades (Bevacqua et al. 2025), understanding the impacts of climate

change gains further relevance (Allen et al. 2019). The increasing exposure to high

temperature and heavy precipitation extremes is of particular concern given their known

impact on socioeconomic (Kotz et al. 2022; Callahan and Mankin 2022; Davenport et al.

2021) and natural systems (Kotz et al. 2025; Murali et al. 2023). At the regional level,

increases in these extremes scale with global mean surface temperature (GMST) and

therefore with increasing cumulative human emissions (Seneviratne et al. 2016). Formalising

the attribution of these extremes and their impacts to human influence remains an important

and active area of climate science with ongoing challenges and developments (Trok et al.

2024; Clarke et al. 2022), especially for attribution of impacts (King et al. 2023; Noy et al.

2023).

Early IPCC guidelines on attribution laid out separate stages for the detection of changes in

observations using statistical methods, and the attribution of those changes to human

influence based on counterfactual simulations of General Circulation and Earth System

Models (GCMs/ESMs) in the absence of anthropogenic emissions (Hegerl et al. 2007; Gillett

et al. 2016). Often conducted with an optimal-fingerprinting analysis (Hegerl et al. 1996), a

central goal of these approaches is to distinguish between changes which could have

occurred due to internal variability alone and those which could not. However, as the strength

of the anthropogenic signal has become the increasingly dominant source of multidecadal

change (Arias et al. 2021) - particularly for temperature - statistical methods which aim to

identify the forced signal of climate change directly from observations have proliferated and

gained traction (Wills et al. 2026), gaining particular popularity for attributing downstream

sectoral impacts (Mengel et al. 2021). Key benefits of these approaches are their low

computational requirements and the avoidance of certain trend biases which climate models

are known to exhibit (Wills et al. 2022; Donat et al. 2023).

Amongst these statistical methods, the linear regression of regional climate conditions on

GMST is a popular approach. Two major examples of its use are for Extreme Event
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Attribution using Generalised Extreme Value functions (Van Oldenborgh et al. 2021), and for

de-trending methodologies used to generate counterfactuals for impact-attribution (Mengel et

al. 2021). These methods are motivated by the fact that virtually all of the observed historical

global warming signal (0.84-1.10C between 1850-1900 and 2001-2020) is attributable to

human influence (likely range of human contribution of 0.8-1.3C) (Lee et al. 2023) and that

forced changes in extremes are known to scale linearly with GMST in scenarios with

monotonically increasing forcing (Seneviratne et al. 2016), although hysteresis has been

reported in overshoot scenarios (Roldán-Gómez et al. 2025; Pfleiderer et al. 2024). The

particular uptake of GMST regressions for counterfactual generation and the attribution of

downstream impacts on marine heatwaves (Marcos et al. 2025), streamflow changes (Wang

et al. 2025), health (Beck et al. 2024; Dimitrova et al. 2024; Erazo et al. 2024) and

biodiversity (Kotz et al. 2025) underscores the widespread potential of this method and the

importance of understanding its robustness.

Despite the promise of widespread application, it remains unclear whether uncertainty

estimates from GMST-regression approaches to attribution and counterfactual generation

reflect the full range of outcomes possible due to internal variability. For example,

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

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

Dimitrova et al. 2024). Studies which do provide uncertainty estimates typically report

parametric uncertainty from the GMST-regression (Beck et al. 2024; Van Oldenborgh et al.

2021), but whether this reflects the actual range of outcomes which could be possible under

different realisations of climate variability is so far unquantified. Given the substantial

contributions of internal variability to regional climate trends (Hawkins and Sutton 2009;

Lehner et al. 2020), especially under historical levels of anthropogenic forcing and for

variables such as precipitation (Deser et al. 2012), this represents a major limitation in the

development of robust impact-attribution statements. Community initiatives have tested how

well a statistically detected trend matches the average of a large ensemble, including when

using GMST-regression (Wills et al. 2025), but the extent to which uncertainty in the

statistically detected changes reflects the full range of possible outcomes under different

realisations of internal climate variability has not yet been tested. This has particular

relevance for downstream applications to attribution with observations wherein uncertainty
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in the human-driven component of change determines the strength of the attribution

statement.

Our paper aims to quantify the role of internal variability in GMST-regression based

attribution methods, using large ensembles of climate models as an idealised setting to test

these approaches. Large ensembles involve simulations of a given climate model under the

same climate forcing, with variations in initial conditions used to generate diverse

realisations of internal climate variability within which the ensemble mean represents the

expected response to forcing. Our paper has three main objectives: (1) to quantify the

uncertainty in the relationships between GMST and regional climate conditions driven by

internal variability; (2) to test whether statistical methods could theoretically infer these

uncertainties when applied to individual realisations of the climate system; and (3) to apply

such methods to observational data. We focus our analysis on the frequency and intensity of

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

economy (Callahan and Mankin 2022) and biodiversity (Kotz et al. 2025). We consider both

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

importance of internal variability and anthropogenic forcing differs.

2. Methods

Data

We use data of daily average surface temperature (“tas”) and daily precipitation sums (“pr”)

from three Earth System Models providing large ensembles within the Coupled Model

Intercomparison Project phase 6 (Eyring et al. 2016) (CanESM5, MIROC6 and

MPI-ESM1-2-LR), each with 50 ensemble members based on different initialisations. We

primarily use data from simulations under the historical forcing scenario, using data from

1940 onwards to replicate the time-frame of availability in the ERA-5 reanalysis (Hersbach

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

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

matches the data period available from ERA-5. We note that the radiative forcing is similar

across other scenarios between 2014 and 2024 (Riahi et al. 2017) and would therefore likely

provide similar results. Moreover, we emphasise that we only use these simulations to test

attribution methodologies in an idealised setting rather than to make predictions about
6
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developments over the period 2015-2024. We also use data on daily surface temperature and

precipitation from the ERA-5 reanalysis for the period 1940-2024 (Hersbach et al. 2020).

Climate extreme metrics

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

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

daily total precipitation (here referred to as , ) to measure the intensity of𝑇5𝑑𝑥 𝑃5𝑑𝑥

multi-day climate extremes which are relevant for impacts (Callahan and Mankin 2022). We

also use the annual number of days exceeding the 99th percentile of the historical distribution

( ) - using the period 1940-1970 and a consideration of all seasons to define these𝑇99𝑝,  𝑃99𝑝

thresholds. This choice focuses on the exceedance of absolute temperature and precipitation

thresholds rather than seasonally-defined thresholds, as has been shown to be relevant for

impacts (Kotz et al. 2025). We use the threshold obtained from the historical period of each

ensemble member separately (rather than taking an average across ensemble members), such

that each ensemble member is treated independently as would be the case when applying

such attribution methods to observations which we aim to test.

Global-temperature based attribution

The climate impact attribution literature typically uses smoothed GMST to fit a linear

relationship between large-scale forcing and local climate conditions, with which to then

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

calculate GMST as the area weighted average of daily surface temperature ( ) for𝐺𝑀𝑇
𝑚, 𝑦

each ensemble member, m, and year, y, and smooth it with an 11-year running mean centered

on the year of interest. We then fit linear relationships between smoothed GMST ( )𝐺𝑀𝑇
~

𝑚, 𝑦

and local climatic conditions ( , , , ) at each grid-cell,𝑇5𝑑𝑥
𝑚, 𝑥, 𝑦

𝑃5𝑑𝑥
𝑚, 𝑥, 𝑦

𝑇99𝑝
𝑚, 𝑥, 𝑦

𝑃99𝑝
𝑚, 𝑥, 𝑦

x, for each ensemble member, m, using linear Ordinary Least Squares regression for the

climate extreme intensity metrics:

(1)𝑇5𝑑𝑥
𝑚, 𝑥, 𝑦

= β
𝑚, 𝑥

 𝐺𝑀𝑇
~

𝑚, 𝑦
 + α

𝑚, 𝑥
 +  ϵ

𝑚, 𝑥, 𝑦
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where is the linear relationship between global temperatures and local climate extremesβ
𝑚, 𝑥

for each ensemble member and grid cell, , is the intercept, and the error term.𝑥 α
𝑚, 𝑥

  ϵ
𝑚, 𝑥, 𝑦

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

For metrics of climate extreme frequency, we instead use a linear Poisson model - designed

specifically for count data:

, (2)𝑙𝑜𝑔(𝐸(𝑇99𝑝
𝑚, 𝑥, 𝑦

 | 𝐺𝑀𝑇
~

𝑚, 𝑦
 )) = β

𝑚, 𝑥
 𝐺𝑀𝑇

~

𝑚, 𝑦
 + α

𝑚, 𝑥
 +  ϵ

𝑚, 𝑥, 𝑦

in which case the coefficient denotes the expected change in the logarithm of theβ
𝑚, 𝑥

number of days exceeding the climate extreme threshold for each change in the GMST.

In both the linear and Poisson model cases outlined in equations 1 and 2, the attributable

climate change signal essentially depends on the estimates of , which represents theβ
𝑚, 𝑥

scaling relationship between GMST and local extremes, and on which we therefore focus our

assessment of uncertainty due to internal climate variability.

Uncertainty due to internal variability

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

based on the spread of estimates of across ensemble members. We express this throughβ
𝑚, 𝑥

both the absolute uncertainty - the standard deviation of estimates across ensemble members.

- as well as the relative uncertainty, measured as the ratio of the standard deviation,σ
𝑥
(β

𝑚, 𝑥
)

to the mean, ), of these estimates across ensemble members:μ
𝑥
(β

𝑚, 𝑥

. (3)χ
𝑥

=  100 *  
σ
𝑥
(β

𝑚, 𝑥
)

μ
𝑥
(β

𝑚, 𝑥
)

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

the three large ensembles.

Block-bootstrap estimates of uncertainty
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The multiple realisations of the simulated climate system within the large ensembles provide

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

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

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

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

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

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

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

approaches in the context of attribution.

Block-bootstrapping generates synthetic time series by sampling contiguous blocks of the

original time series (with replacement) to create a new artificial time series of the original

data. This can provide an accurate reflection of uncertainty in certain statistical properties of

the data if the synthetic time-series retains the auto-correlation structure of the original data

within the blocks (McKinnon et al. 2017; McKinnon and Deser 2018). Our block-bootstrap

approach only samples across time, thereby preserving all spatial autocorrelation structure.

The most important choice in our block-bootstrap approach is therefore the choice of block

width which determines how much of the temporal autocorrelation structure of the original

data is preserved. The block width should be sufficiently large to capture the autocorrelation

structure of the internal variability which contributes to uncertainty in the forced trend, but

should be small enough to enable a large number of block samples. A block width which is

too small may underestimate uncertainty by ignoring processes which are important sources

of temporal autocorrelation, whereas a block width which is too large may overestimate

uncertainty by causing insufficient blocks to be available to generate a sufficient number of

bootstrap samples. For example, block widths of one year produce time series with 85

randomly selected blocks (for the 85-year 1940-2024 time period), whereas block widths of 5

years produce time series derived from 17 randomly-selected, contiguous blocks. We

consistently sample from both local climate conditions and GMST to preserve their

correlation structure which reflects the attribution relationship we aim to identify.

To inform our choice of the block width, we therefore calculate the autocorrelation function

of the residuals of the regressions between global temperatures and local climate conditions

(Figures A2-A4), using the actual residuals in the case of the extreme intensity metrics and

9
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the residuals on the deviance scale for the Poisson regressions applied to the frequency

metrics - both of these are represented as in equations (1) and (2). We use plots of the ϵ
𝑚, 𝑥, 𝑦

autocorrelation strength to guide the choice of block widths, and explore results under a

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

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

sided significance tests are calculated for each ensemble member. The residuals of

temperature extremes show significant autocorrelation up to 3 years in the tropics, decaying

more quickly over land regions and within CanESM5 (Figures A2-4). Residuals of

precipitation extremes show similar patterns. We therefore use a primary block width of 5

years such that individual blocks retain relevant information on internal variability, while

testing our results for smaller and larger block sizes.

We apply consistent block sampling across different grid-cells and different members of the

same large ensemble, and then re-evaluate the regressions outlined in equations (1) and (2).

We use 100 samples with replacement ( ). Note that, unlike McKinnon et al.𝑁
𝑠

= 100

(2017), who block-bootstrap residuals around an estimated forced component, we resample

blocks of paired (GMST, local extreme) values and re-estimate the regressions, i.e. a block

'pairs' bootstrap. This choice is motivated by (i) our investigation of a Poisson regression for

frequency metrics, for which residual resampling is ill-suited, as resampling residuals on the

deviance scale could result in non-integer and even negative counts for the 𝑇99𝑝,  𝑃99𝑝

metrics; (ii) potential heteroskedasticity due to changes in the variance of extremes with

warming which would not be preserved by a residual bootstrap, most relevant given

increasing precipitation variability with global warming (Zhang et al. 2021); and (iii) our aim

of estimating the sampling distribution of the regression coefficient - for which a paired

bootstrap is the textbook approach - rather than generating synthetic time series.

These samples provide us with a distribution of the relationship between global temperature

and local climate extremes for each individual ensemble member, , with which we canβ
^

𝑠, 𝑚, 𝑥

estimate the absolute uncertainty, , and relative uncertainty in these relationshipsσ
𝑚, 𝑥

(β
𝑠,𝑚,  𝑥

)

derived from the bootstrap:

. (4)χ
^

𝑚, 𝑥
=  100 *  

σ
𝑚, 𝑥

(β
𝑠,𝑚,  𝑥

)

μ
𝑚, 𝑥

(β
𝑠, 𝑚, 𝑥

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

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

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

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

from the large ensemble simulations. We do so based on a range of approaches (see next

section, “Evaluation of the block-bootstrap estimates of uncertainty”).

The relative uncertainty is poorly defined in regions where approaches zero, and inμ
𝑚, 𝑥

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

correlation statistics. For the calculation of the weighted pattern correlation statistics, we

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

that values of relative uncertainty greater than 100% reflect instances of signal-to-noise ratio

less than 1 in which a robust attribution to human influence is essentially not possible.

Differences in values already greater than 100% are therefore not of substantial interest in the

context of attribution.

Finally, we apply the block-bootstrap procedure outlined here to ERA-5 reanalysis data from

1940-2025 as a representation of real-world climate changes, carrying out the procedures

described above with the distinction that in this case only one realisation of the (real-world)

climate system is available. Having calculated the linear regression of local conditions on

GMST using linear-regression (equation 1), we quantify a distribution of the

linear-regression slopes ( ) based on block-bootstrapping with a block-width of 5 yearsβ
 𝑥

using the methods outlined above. We then detrend the observations based on this

linear-regression by subtracting the product of and the smoothed GMST time-series fromβ
 𝑥

the observed conditions. We note that in the context of observations or reanalysis where only

a single climate realisation is available, no assessment of the forced response in terms of the

mean across realisations of internal variability can be made, but an assessment of uncertainty

in the observed response due to internal variability is possible (McKinnon et al. 2017).

Evaluation of the block-bootstrap estimates of uncertainty
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We provide a range of metrics to evaluate the representation of uncertainty by the bootstrap

of individual ensemble members with reference to the uncertainty estimated from the large

ensemble. First, we evaluate the area-weighted fraction of the global surface area which is

below a given level of relative uncertainty in both the bootstrapped individual ensemble

members and large ensemble to compare the general level of uncertainty represented by each

approach (see e.g. Figure 3a). Second, we calculate area-weighted, centred pattern

correlation statistics between the uncertainty maps derived from both the bootstrapped

individual ensemble members and the large ensemble. We do this for both the relative (as in

Figure 3c) and absolute uncertainty (as in Figure 5b). To further assess whether the extent to

which these pattern correlations reflect substantial differences between climate models, we

assess these correlations between each individual ensemble member and the large ensemble

to which it belongs, as well as to the other two large ensemble members based on a different

climate model (as in Figure 3d). When making this comparison of pattern correlations

between different climate model ensembles, we first re-grid all uncertainty maps to a

common grid (that of the coarsest climate model, CanESM5) using a first-order conservative

remapping (from xESMF). Finally, we calculate precision metrics for the uncertainty maps

derived from block-bootstraps of individual ensemble members, comparing them to the

uncertainty derived from the large ensemble as an estimate of the ground truth. Precision is

here defined as the area-weighted fraction of grid-cells which are identified by the bootstrap

as having uncertainty below a given level and in which the uncertainty as represented by the

large ensemble is also below that level. By evaluating the fraction of predictions of low

uncertainty which are accurately correct, this metric reflects the potential confidence of

attribution statements made on the basis of this method. For comparison, we also compare

this precision level to that which would be obtained with the expected precision of a random

guess (with 50% likelihood of success) of whether a grid-cell is below a given level of

uncertainty.

3. Results

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

members of the MIROC6 ensemble under historical (1945-2014) and SSP5-8.5 (2015-2020) forcing are
shown in light grey, with three ensemble members shown coloured for illustration purposes, and the

ensemble mean in black. The annual number of days exceeding the 99th percentile of temperature (b, c)
and precipitation (d, e) across the members of the MIROC6 ensemble under the same forcing, for grid-cells
in Berlin and Sao Paolo (the coordinates in degrees latitude and longitude are indicated above each panel).
Time-series of the attributable change in local temperature (f, g) and precipitation extremes (h, i), based on

a linear Poisson regression with global mean surface temperature (see Methods) are shown. The
distribution of regression slopes ( ) with the global mean temperature are shown adjacent, with theirβ

relative uncertainty ( ) across ensemble members shown inset.χ

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

climate model under the same forcing, we see that local climate extremes can evolve in

diverse ways despite similar evolutions of the GMST (Figure 1a-e). Moreover, the

component of local climate extremes which is correlated with GMST also differs

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

diverse outcomes which could be attributed to human-induced climate change under

observationally-derived attribution approaches using GMST-regression due to the uncertainty

generated by internal variability. Figure 1 shows examples for the frequency of temperature

13
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and precipitation extremes ( , ), while Figure A1 shows similar behaviour for the𝑇99𝑝 𝑃99𝑝

intensity of extremes ( ).𝑇5𝑑𝑥,  𝑃5𝑑𝑥

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

(standard deviation) and relative uncertainty (standard deviation as a percentage of the mean)

in the coefficients of the regressions between GMST and local climate extremes across

different realisations of the same climate model. The relative uncertainty reflects the

magnitude of uncertainty in the relationship with GMST as well as the uncertainty in this

relationship, both crucial for quantifying anthropogenic contributions to local climate

change. For temperature extremes, we see diversity across regions and climate models in the

magnitude of relative uncertainty due to internal climate variability (Figure 2a, e, i).

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

in many regions in all models. Such high levels of uncertainty are also found across further

widespread areas in the MIROC6 and MPI-ESM1-2-LR climate models, particularly across

central Africa, the Indian sub-continent and Tibetan plateau. In general, CanESM exhibits

generally lower levels of relative uncertainty likely reflecting its larger climate sensitivity

and therefore stronger signal-to-noise ratio of temperature extreme change (Swart et al.

2019).

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

forced climate change signal and internal variability of less than 1, which would typically

preclude a robust statement regarding attribution of human-driven temperature extreme

change. This demonstrates the importance of accounting for uncertainty due to internal

climate variability in observationally-derived attribution approaches. Nevertheless, the large

ensembles indicate that for temperature extremes 80%, 85% and 95% of the global area

exhibits uncertainties less than 100% for MIROC6, MPI-ESM1-2-LR and CanESM5

respectively, and 50, 62, and 91% exhibit uncertainties under 40% (Figure 3a). Our analysis

of these models therefore suggests that robust attribution with single realisations may be

feasible for temperature extremes across large areas of the Earth. However, the diverse levels

of uncertainty between climate models begs the question of what the true level of uncertainty

in observations may be, and whether this could be inferred directly from observations.
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Figure 2. Relative uncertainty in the attribution of heat extreme frequency due to internal
variability in the large ensembles and as inferred from block-bootstrapping of individual ensemble
members. The relative uncertainty (ratio of standard deviation to the mean, ) of the linear-regressionχ

slope between global temperatures and the frequency of temperature extremes, estimated from the
large ensemble (a, e, i) and by block-bootstrapping individual ensemble members (b-d, f-h, j-l).

Examples are shown for three ensemble members with the highest (b, f, j), median (c, g, k) and lowest
(d, h l) area-weighted pattern correlation between their uncertainty and that derived from the large
ensemble. These area-weighted pattern correlations are shown above the map for each ensemble
member. Results are shown for the MPI-ESM1-2-LR (a-d), MIROC6 (e-h) and CanESM5 (i-l)

models.

Reproducing uncertainty from individual realisations with a block-bootstrap

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

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

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

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

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

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

re-calculating the relative uncertainty across bootstrap samples produces patterns of

uncertainty which match those derived from the large ensemble for temperature extremes

(Figure 2b-d, f-h, j-l). While the performance of the bootstrap can vary across ensemble

members and shows differences in certain regions (Figure 2b-d, f-h, j-l), we note that it is

clearly able to capture the spatial patterns within each model and broad differences between

climate models (comparing different rows of Figure 2).
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Specifically, block-bootstrapping skilfully reproduces the fractions of the global surface-area

under different levels of uncertainty (Figure 3a). The precision of the block-bootstrap in

correctly identifying areas with relative uncertainty below a certain threshold is also high -

exceeding 0.85 across climate models for a level of uncertainty of 60% - and substantially

higher than the expectation from a random guess (Figure 3b). Furthermore, area-weighted

pattern correlations between the uncertainty maps derived from the large ensemble and the

block-bootstrapped ensemble members are generally high, with a median value of 0.65, 0.74

and 0.76 for MIROC6, MPI-ESM1-2-LR and CanESM5 respectively (Figure 3c). These

pattern correlations are also substantially higher than those obtained when correlating the

uncertainty derived from block-bootstraps of one ensemble member to those from the large

ensemble of a different climate model - demonstrating that the bootstrap captures

quantitatively different spatial patterns of uncertainty between models (Figure 3d). In

particular, all of the 150 individual ensemble members show the highest pattern correlation to

their own climate model. We note that for these pattern correlations uncertainty is capped at

100% to avoid the dominance of regions where relative uncertainty diverges due to a very

weak anthropogenic signal. Increasing this cap to 200% roughly decreases the values shown

in Figure 3c by 0.1.

These results are derived with a bootstrap block width of 5 years, based on a conservative

choice to capture all significant autocorrelation seen in the residuals between global

temperatures and temperature extremes (Figures A2-4). We note that shorter block widths

perform almost equivalently well in terms of reproducing the uncertainty from the large

ensemble, with only minor under-estimation of uncertainty when using a block width of only

1 year (i.e. a normal bootstrap) (Figure A5). Using larger block widths - such as 10 years

(Figure A6) - substantially reduces the ability of the bootstrap to reproduce both the patterns

and magnitude of uncertainty seen in the large ensemble. The results so far described pertain

to the frequency of exposure to temperature extremes ( ). We note that very similar𝑇99𝑝

results are obtained for the intensity of temperature extremes ( ), as presented in Figures𝑇5𝑑𝑥

A7 and A8.
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Figure 3. Comparing uncertainty in temperature extreme frequency attribution between the large
ensemble and the block-bootstrapping of individual ensemble members. (a) The cumulative surface

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

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

The precision with which the block-bootstrap estimates of uncertainty correctly identify a given
grid-cell as having uncertainty below a given threshold - taking the uncertainty from the large

ensemble as the ground truth (see Methods). Solid curves show the median and shaded areas the
5-95th percentile range across the ensemble members. Dotted lines show the expectation from a

random guess with a 50% likelihood. Estimates of precision are restricted to cases where at least 1%
of the global surface area is below a certain level of uncertainty within the large ensemble. (c) The
distribution of area-weighted pattern correlations between relative uncertainty estimates from the

large ensemble and the bootstrapped ensemble members, calculated on each model's native grid with
relative uncertainty capped at 100%. Relative uncertainty is for the linear-regression slope between
global temperatures and the frequency of temperature extremes as displayed in Figures 1 and 2. (d)
The median pattern correlation of relative uncertainty between bootstrapped individual ensemble

members and different large ensembles. Uncertainty maps are first regridded to the coarsest climate
model grid (CanESM5, see Methods).
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Uncertainty in attribution of precipitation extremes

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

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

temperatures due to different realisations of internal variability. When quantifying this

contribution globally, we see much larger relative uncertainty compared to temperature

(Figure 4, noting the colour scale now extending to 200% rather than 100% as in Figure 2).

Relative uncertainty within the large ensemble exceeds 100% for approximately 90%, 75%

and 55% of the global surface area in the MIROC6, MPI-ESM1-2-LR and CanESM5 models

respectively (Figure 5a). We note that these substantially higher levels of relative uncertainty

compared to temperature extremes are to be expected given the much stronger role of

internal variability compared to human forcing for precipitation (Deser et al. 2012). The

patterns of uncertainty are also distinct across climate models, although lower uncertainty is

observed across central Africa and Northern mid-to-high latitudes in all three models.

Figure 4. Relative uncertainty in attribution of precipitation extreme frequency due to internal
variability in the large ensembles and block-bootstrapping of individual ensemble members. The

relative uncertainty (ratio of standard deviation to the mean, ) of the linear-regression slope betweenχ
global temperatures and the frequency of precipitation extremes, P99p, estimated from the large

ensemble (left column). The relative uncertainty estimated by block-bootstrapping individual
ensemble members (right columns), for the member with the best, median and worst pattern

correlation compared to the uncertainty derived from the large ensemble (respectively left to right).
Results are shown for the MPI-ESM1-2-LR (top row), MIROC6 (second row) and CanESM5 (lower

row) models.

Investigating the capacity of the block-bootstrap to capture these relative uncertainties within

individual ensemble members, we find that it performs considerably worse for precipitation
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than for temperature extremes. Bootstrapped estimates show extensive small-scale spatial

variability which is not present in the large ensemble (Figure 4), relative uncertainty is

typically underestimated by a substantial margin (Figure 5a), and pattern correlations with

the large ensemble relative uncertainty are low (median 0.19–0.38 across models, Figure 5b).

Since relative uncertainty is the ratio of the standard deviation of the linear-regression slope

to its mean, this discrepancy may arise from either component. The absolute uncertainty (the

standard deviation, without dividing by the mean) estimated by the bootstrap agrees closely

with that of the large ensemble’s absolute uncertainty (Figure 6). Pattern correlations of

absolute uncertainty with the large ensemble are comparable for precipitation and

temperature extremes (Figure 5b), and they reflect quantitatively meaningful differences

between climate models: in all 150 bootstrapped ensemble members, the absolute uncertainty

derived via bootstrapping correlates most strongly with that from the correct model's large

ensemble (Figure 5c). The discrepancy therefore arises from the denominator: the slope

estimated from a single ensemble member deviates substantially from the large-ensemble

mean, particularly at small spatial scales (Figure A9).

In other words, the bootstrap accurately captures the absolute uncertainty due to internal

variability, but where the forced signal is weak, the slope estimated from a single realisation

is itself dominated by internal variability, and dividing by it biases the relative uncertainty

low. This behaviour is common to all metrics: across grid-cells and climate models,

bootstrapped and large-ensemble relative uncertainty agree without systematic bias up to

levels of around 100% for both temperature and precipitation extremes, with the bootstrap

estimates saturating at approximately 150% beyond this (Figure 5d). This saturation matches

the theoretical expectation for cases where the signal to noise ratio approaches zero (see

Appendix B). Precipitation extremes therefore do not behave differently from temperature

extremes in this respect; they simply occupy the high end of the relative uncertainty range

where the forced signal is still small compared to the noise from internal variability.

Equivalent analysis for the intensity of precipitation extremes (P5dx) shows very similar

results (Figure 5b, d; Figures A10, A11).
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Figure 5. Relative and absolute uncertainty in bootstrap attribution for temperature and
precipitation extremes. (a) The cumulative surface area fraction under different levels of relative

uncertainty estimated from the true ensemble (solid line) and bootstrapped ensemble members
(median across ensemble members: dashed line, 5-95th percentile range: shaded) for heavy

precipitation extreme frequency, P99p. Note the extended x-axis scale compared to Figure 3a. (b)
Area-weighted pattern correlations of absolute (filled circles) and relative (open circles) uncertainty
between the true ensemble and the bootstrapped ensemble members, showing the median (circles)
and 5-95th percentile range (bars) across ensemble members for each model. Uncertainty is for the

linear-regression slope between global temperatures and local extremes, shown for all climate metrics
for comparison, including P5dx over 1940-2100 using forcing from SSP5-8.5 from 2015. (c) The

median pattern correlation of absolute uncertainty for precipitation extreme frequency, P99p, between
bootstrapped individual ensemble members and different large ensembles. Uncertainty maps are first

regridded to the coarsest climate model grid (CanESM5). (d) The scaling of relative uncertainty
estimated from the bootstrap with that estimated from the large ensemble across climate extreme
metrics. Solid lines show the median, and shaded area the interquartile range, estimated across

grid-cells, ensemble members and climate models (area-weighted) for different binned levels of the
relative uncertainty derived from the large ensemble, showing only bins which cover at least 1% of
the global surface area. Dashed black shows the 1:1 line and dotted grey the theoretically expected
relative uncertainty in a case where the signal-to-noise ratio approaches zero (100/0.674 ≈ 148%;

Appendix B).
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Figure 6. Absolute uncertainty in attribution of precipitation extreme frequency due to internal
variability in the large ensembles and block-bootstrapping of individual ensemble members. The

absolute uncertainty (standard deviation, ) of the linear-regression slope between globalσ
temperatures and the frequency of precipitation extremes, P99p, estimated from the large ensemble

(left column). The absolute uncertainty estimated by block-bootstrapping individual ensemble
members (right columns), for the member with the best, median and worst pattern correlation

compared to the uncertainty derived from the large ensemble (respectively left to right). Results are
shown for the MPI-ESM1-2-LR (top row), MIROC6 (second row) and CanESM5 (lower row)

models.

We explore two ways in which enhancing the strength of the signal-to-noise ratio could yield

better representation of the relative uncertainty by the bootstrap approach for precipitation

extremes. First, by block-averaging adjacent grid cells to spatial scales of 5 or 10 degrees, the

signal-to-noise ratio is increased by reducing noise (Fischer et al. 2013). While this brings

reductions in the general levels of relative uncertainty and a better comparison between the

bootstrap and large ensemble, some bias remains and pattern correlations remain lower than

for temperature extremes (Figures A12 & A13). Second, under an extended time-series to

2100 with strong anthropogenic forcing (SSP5-8.5), the forced signal is stronger than at

present-day, and therefore levels of relative uncertainty are much lower across most of the

global surface area except in regions with strong dynamical contributions to precipitation

decline (Pfahl et al. 2017) (Figure A14). In this latter case, bootstrap estimates no longer

under-estimate the levels of relative uncertainty compared to the large ensemble (Figure

A15) and their spatial patterns are highly similar, as in the case of temperature extremes

(Figure 5b). This demonstrates that with a stronger forced signal, estimates of the relative
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uncertainty of the linear-regression slope of precipitation extremes with GMST also become

accurate with the bootstrap approach.

Practical recommendations on application to observations

Given the difference in performance of the block-bootstrap for absolute and relative

uncertainty when the signal-to-noise ratio is low, as found for precipitation extremes, we

make a number of practical recommendations for its application to single realisations such as

observations. The close agreement between the absolute uncertainty estimated by

bootstrapping and that of the large ensembles implies that confidence intervals on the

GMST-regression slope estimated from a single realisation can be trusted to represent the

uncertainty arising from internal variability. Indeed, across grid-cells and climate models,

confidence intervals from bootstrapping individual ensemble members contain the true

forced response (the large-ensemble mean) close to the nominal fraction of the time (Figure

A16a). The slight under-coverage of a few percentage points for all climate metrics (e.g.

84–88% for nominal 90% intervals) likely reflects a modest underestimation of sampling

variability by the bootstrap, as 5-year blocks cannot retain all variability, particularly that on

multi-decadal timescales (while noting that increasing block-widths reduces performance due

to insufficient bootstrap samples, Figure A6). This holds for both temperature and

precipitation extremes, and we recommend confidence intervals on the GMST-regression

slope as the primary use of the bootstrap approach.

By contrast, relative uncertainty from the bootstrap requires more careful interpretation.

While it is not systematically biased relative to the large ensemble up to levels of around

100% (Figure 5d), its noise means that a low bootstrapped relative uncertainty does not

guarantee a low true relative uncertainty. How reliable it is depends on how common

grid-cells with a robust forced signal are. For temperature extremes, where most of the globe

has a true relative uncertainty below 100%, a bootstrapped relative uncertainty of 40–50%

corresponds to a true (large-ensemble) relative uncertainty below 100% in 88–95% of cases

(Figure A16b). For precipitation extremes at current levels of global warming, grid-cells with

a robust forced signal are rare. A low bootstrapped relative uncertainty is then frequently a

chance outcome in a grid-cell without a robust signal, and the same 40–50% corresponds to a

true relative uncertainty below 100% in only 8–62% of cases, depending on metric and
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model (Figure A16b). Under stronger forcing (SSP5-8.5 to 2100), precipitation extremes

reach confidence levels similar to temperature extremes (Figure A16b). Nevertheless, even at

current levels of warming, a bootstrapped relative uncertainty of 40–50% identifies the sign

of GMST-regression slope correctly in 78–93% of cases for precipitation extremes, and in

98–99% of cases for temperature extremes (Figure A16c). In practice, we therefore suggest

that for temperature extremes a bootstrapped relative uncertainty below ~50% can be taken

as indicating a robust, attributable signal. For precipitation extremes at current warming

levels, it should be interpreted as evidence for the direction of an attributable signal rather

than for its robustness, and values above 100% should be treated as not attributable for both.

Application to the attribution of real-world changes

Given the demonstrated skill of the bootstrap approach for quantifying both absolute and

relative uncertainty in attribution of temperature extremes with single realisations (Fig. 3),

we apply this approach to historical reanalysis data of temperature extreme intensity from

ERA5. Patterns of uncertainty in ERA5 (Fig. 7a) show some similarities and distinctions

from those identified in the climate model large ensembles (Fig. 2). Uncertainty in the

South-East Pacific in ERA5 is substantially lower than the consistently high levels of

uncertainty seen in the three climate models. South America and central-Southern Africa

show higher uncertainty than the Indo-Pacific and North Africa consistently across both

ERA5 and the three climate models. Across the Northern mid-latitudes, Europe shows the

lowest levels of relative uncertainty in ERA5 - likely a reflection of the high rate of recent

warming observed across the continent. Aggregating spatially, approximately 90% of the

global surface area has uncertainty levels below 100% in ERA5, with uncertainty lower than

that observed in MIROC6, but substantially higher than in CanESM5, most closely

resembling that seen in MPI-ESM1-2-LR (Figure A8).

We choose a set of cities across continents to demonstrate the application of this

block-bootstrap approach to generate counterfactuals of temperature extremes in the absence

of climate change (see Methods). These demonstrate diverse attribution outcomes at the local

level. On the one hand, counterfactuals generated for Madrid and Riyadh indicate that heat

extremes are now 2-3C warmer than in a counterfactual in which global temperatures

remained at 1940-1970 levels. On the other hand, the counterfactual for Sydney does not

show a clear heat intensification signal, and Delhi even shows a weak cooling due to climate

change. Importantly, the quantification of uncertainty using the bootstrap approach allows
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greater confidence in intermediate cases like Sao Paolo and Jakarta, where the warming

signal is less strong but the quantification of counterfactuals and their uncertainties clearly

shows the significant role of climate change in intensifying these heat extremes. We note that

for heat extremes, regions of large relative uncertainty often reflect those of weak observed

trends in temperature extremes, as well as regions of high absolute uncertainty, both in ERA5

and the climate model ensembles (Figure A17).

Figure 7. GMST linear-regression based attribution of heat extremes in the ERA5 reanalysis. (a)
The relative uncertainty in the linear-regression slope between global mean surface temperature
(GMST) and the annual hottest five days (T5dx) over 1940-2025. (b-g) Attribution of observed
changes in T5dx (red) from 6 example cities, using the GMST linear-regression slopes to derive
counterfactual scenarios (black) in the absence of further climate change since 1940-1970. 95%

confidence intervals for the counterfactuals are shown in shaded grey obtained from the
block-bootstrapping procedure.
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4 Discussion

To confidently attribute changes in extremes and their impacts to anthropogenic climate

change one must be clear that they would have been unlikely to occur due to internal climate

variability alone. Our work provides a formalised framework in which to assess whether

approaches for attribution from a single realisation using linear-regression with GMST

currently meet this criteria (Mengel et al. 2021; Dimitrova et al. 2024; Beck et al. 2024; Kotz

et al. 2025), and whether improvements may enable them to do so.

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

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

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

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

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

attribution statements. Approaches to attribution using only observations which do not

capture this source of uncertainty (Mengel et al. 2021) likely over-state confidence of

attribution to human influence, particularly for heavy precipitation extremes.

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

for observationally-based attribution of climate extremes. The block-bootstrap approach is

easy to implement and provides estimates of absolute uncertainty on the GMST linear

regression slope which closely match those of a large ensemble, with confidence intervals

that contain the large ensemble mean close to their nominal rate for both temperature and

precipitation extremes. Researchers aiming to attribute changes in regional climate extremes

and their impacts to global warming may therefore work with observations rather than

climate models, benefiting from lower computational costs and avoiding model biases in the

forced response, while still obtaining attribution statements which capture the uncertainty

associated with internal variability. Relative uncertainty requires more care: because it

divides by the slope estimated from a single realisation, it becomes unreliable where the

forced signal is weak relative to internal variability, as is the case for heavy precipitation

extremes at current levels of anthropogenic forcing. Where the true relative uncertainty

exceeds ~100%, bootstrapped estimates are biased low, and a low bootstrapped relative

uncertainty is more often a chance outcome. By averaging out noise, aggregation of
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precipitation extremes to larger spatial scales strengthens the signal-to-noise ratio and

partially alleviates this, while under stronger forcing (SSP5-8.5 by the end of the century) the

bootstrap approach to attribution for precipitation extremes reaches an accuracy in the

relative uncertainty equivalent to temperature extremes. In practice, this means that

bootstrapped confidence intervals should form the primary basis for attribution statements,

with relative uncertainty interpreted cautiously where forced signals are weak (see the

practical recommendations in Section 3).

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

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

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

behaviour. The strong consistency between the frequency and intensity of different climate

extremes (an overview shown in Figure 5b and 5d) indicates that some generalities may

exist. We also expect that for other variables with weak signal-to-noise ratios at current levels

of global warming - e.g. wind speed - estimates of relative uncertainty will likely be biased

and researchers should follow the advice given for precipitation outlined above.

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

attribution statements (Mengel et al. 2021), and it is worth commenting on areas in which

climate models can still play an important role in attribution. First, where the forced signal is

weak relative to internal variability, a single observational record may simply be insufficient

to establish a robust attribution, even with well-calibrated absolute uncertainty estimates

(Figures 5d, A17). This is particularly relevant for precipitation extremes at current levels of

global warming, and potentially for other variables with weak signal-to-noise ratios. In these

cases, model-based detection and attribution approaches, which combine observations with

simulated fingerprints of the forced response across larger spatial scales, remain a key source

of attribution statements. For precipitation extremes, these provide a good degree of

confidence in observed changes attributable to human influence across most regions at larger

spatial scales (Arias et al. 2021; Paik et al. 2020). Second, observational approaches using

linear regression on GMST are unable to resolve individual anthropogenic forcings such as

greenhouse gases versus aerosols (Mengel et al. 2021). Climate models will therefore also

remain crucial for quantifying these different anthropogenic contributions, which may

confound one another when using observations alone.
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By establishing an approach which can provide robust uncertainty estimates for attribution of

climate extremes using observations alone, our paper brings these methods to a closer point

of comparison to climate models. This will allow for a better integration of the

complementary strengths of observational and climate model-based attribution approaches,

as well as for greater confidence in the attribution of regional heat extremes and their impacts

when using observations alone.
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Data Availability Statement.

Temperature and precipitation data from ERA5 are publicly available from Copernicus

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

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

from the Earth System Grid Federation (https://esgf.github.io/). Code for the analysis is

available at: https://github.com/maxkotz17/GMT_attribution_large_ensemble_tests .

Processed data is stored on the HPC infrastructure of the Barcelona Supercomputing Centre

and can be shared upon request.
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APPENDIX A

Additional figures

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

shown for the intensity of climate extremes, based on the annual maximum of 5 day average of daily
surface temperature and precipitation (“T5dx” and “P5dx”).
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Fig. A2. Autocorrelation of the residuals of the global temperature to extreme frequency (T99p)
regression. The upper row shows the autocorrelation values, averaged across ensemble members of

MPI-ESM1-2-LR. The lower row shows the number of ensemble members with autocorrelation
values which are significant at the 5% level based on a two-sided significance test. Uncertainty in the

autocorrelation values are calculated based on the Bartlett formula.

Fig. A3. Autocorrelation of the residuals of the global temperature to local extreme frequency
(T99p) regression for the MIROC6 model. Details as in Fig. A2.

Fig. A4. Autocorrelation of the residuals of the global temperature to local extreme frequency
(T99p) regression for the CanESM5 model. Details as in Fig. A2.
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Figure A5. Uncertainty in temperature extreme frequency (T99p) attribution when using a
block-bootstrap with block width of 1 year. Figure is otherwise as Figure 3.
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Figure A6. Uncertainty in temperature extreme frequency (T99p) attribution when using a
block-bootstrap with block width of 10 years. Figure is otherwise as Figure 3.
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Figure A7. Relative uncertainty in temperature extreme intensity attribution due to internal
variability; as reflected in large ensembles and block-bootstrapping of individual ensemble

members. As Figure 2 of the main manuscript but for the intensity metric . Results are shown𝑇5𝑑𝑥
for a block width of 5, based on an assessment of the autocorrelation of residuals as outlined in the

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

manuscript but for the temperature extreme intensity metric .𝑇5𝑑𝑥
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Figure A9. Composition of relative uncertainty for precipitation extreme frequency (P99p) in the
large ensemble and block-bootstrap approaches. Average (upper row), standard deviation (second

row), and relative uncertainties (lower row) of the linear-regression slope between global
temperatures and precipitation extremes. Estimates from the MPI-ESM1-2-LR true large ensemble
(left column) and for four examples of individual ensemble members to which the block-bootstrap

procedure has been applied.
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Figure A10. Relative uncertainty in precipitation extreme intensity attribution due to internal
variability; as reflected in large ensembles and block-bootstrapping of individual ensemble

members. As Figure 4 of the main manuscript but for the intensity metric . Results are shown𝑃5𝑑𝑥
for a block width of 5, based on an assessment of the autocorrelation of residuals as outlined in the

manuscript.
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Figure A11. Absolute uncertainty in precipitation extreme intensity attribution due to internal
variability; as reflected in large ensembles and block-bootstrapping of individual ensemble

members. As Figure 6 of the main manuscript but for the intensity metric . Results are shown𝑃5𝑑𝑥
for a block width of 5, based on an assessment of the autocorrelation of residuals as outlined in the

manuscript.
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Figure A12. Comparing uncertainty in precipitation extreme frequency attribution when using
spatial aggregation. As Figure 3 of the main manuscript but for heavy precipitation extreme

frequency, P99p, having first aggregated the metric to approximately five degree grid-cells. We

average climate extremes over adjacent grid-cells where (with the native model𝑁 𝑁 ≈
5

𝑟
𝑟

resolution) before applying the attribution and other analytical procedures.
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Figure A13. Comparing uncertainty in precipitation extreme frequency attribution when using
spatial aggregation. As Figure 3 of the main manuscript but for heavy precipitation extreme

frequency, P99p, having first aggregated the metric to approximately  ten (lower) degree grid-cells.

We average climate extremes over adjacent grid-cells where (with the native model𝑁 𝑁 ≈
10

𝑟
𝑟

resolution) before applying the attribution and other analytical procedures.
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Figure A14. Relative uncertainty in precipitation extreme intensity attribution due to internal
variability using an extended time-series. As Figure A10 but using an extended time series of
precipitation extreme intensity (P5dx) to from 1940-2100, using forcing from SSP5-8.5 from

2015-2100.
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Figure A15. Uncertainty in precipitation extreme intensity attribution with an extended time-series.
As Figure A11 of the but using an extended time series of precipitation extreme intensity ( P5dx) to

from 1940-2100, using forcing from SSP5-8.5 from 2015-2100.
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Figure A16. Accuracy of block-bootstrap uncertainty estimates from individual ensemble members,
taking the large ensemble as ground truth. (a) The fraction of bootstrap confidence intervals of the

linear-regression slope between global temperatures and local extremes which contain the
large-ensemble mean slope, as a function of the nominal confidence level of the intervals (percentile

intervals from 100 bootstrap samples, block width 5 years). The dashed line shows the 1:1 line of
perfect calibration. (b) The fraction of grid-cells with a large-ensemble relative uncertainty below

100%, as a function of the relative uncertainty estimated by the bootstrap. (c) The fraction of
grid-cells in which the sign of the bootstrapped slope matches that of the large-ensemble mean slope,

as a function of the relative uncertainty estimated by the bootstrap. The dotted line shows the
expectation from a random guess. All fractions are area-weighted and pooled across grid-cells and

ensemble members. Lines show the mean across the three climate models and shading the range
across models. In (b) and (c), grid-cells are binned by bootstrapped relative uncertainty and plotted
at the area-weighted median of each bin, showing only bins which cover at least 0.5% of the global
surface area in at least two models. Results are shown for the frequency (T99p, P99p) and intensity

(T5dx, P5dx) of temperature and precipitation extremes over the historical period, and for P5dx over
1940–2100 using forcing from SSP5-8.5 from 2015.
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Figure A17. Mean, absolute uncertainty and relative uncertainty of linear-regression slopes of heat
extreme intensity on GMST. The upper row shows the mean linear-regression slope between GMST

and heat extreme intensity (T5dx), the middle row shows the standard deviation and the lower row the
relative uncertainty of these slopes. Results are shown for the MPI-ESM1-2-LR (a-c), the MIROC6

(d-f) and CanESM5 large ensembles (g-i), as well as for the ERA5 reanalysis on the basis of the
block-bootstrap procedure.
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APPENDIX B

Relative uncertainty estimated from a single realisation

The relative uncertainty estimated by bootstrapping a single realisation (equation 4) can be

written as:

, with , (B1)χ
𝐵𝑆

=
100σ

𝐵𝑆 

|β
𝐵𝑆

|
≈

100

|𝑡|
𝑡 =

β

σ
𝐵𝑆

where is the linear-regression slope estimated from the realisation (closely approximatedβ

by the bootstrap mean, ), such that is the t-statistic of the slope. Equivalently, theβ
𝐵𝑆

𝑡

large-ensemble relative uncertainty (equation 3) is the inverse of the true signal-to-noise ratio

of the forced response:

, with . (B2)χ
𝐿𝐸

=
100

|𝑠|
𝑠 =

μ

σ

The slope estimated from a single realisation can be considered as the ensemble mean plus a

contribution from internal variability, where has standard deviation .β =  μ +  ϵ ϵ σ

Provided the bootstrap captures this absolute uncertainty ( , as shown in Figure 6), itσ
𝐵𝑆
≈  σ

follows that:

, with . (B3)𝑡 ≈ 𝑠 +  𝑧 𝑧 ~ 𝑁(0,  1)

Where the signal-to-noise ratio is strong ), and the bootstrap recovers the(|𝑠| ≫ 1 |𝑡| ≈ |𝑠|

true relative uncertainty ( . Where the signal-to-noise ratio is weak ( ,χ
𝐵𝑆
≈ χ

𝐿𝐸
) 𝑠 ≈ 0)

follows a half-normal distribution with median 0.674. The median bootstrapped|𝑡| ≈ |𝑧|

relative uncertainty therefore saturates at:

, (B4)χ
𝐵𝑆
→

100

0.674
≈ 148%

44

File generated with AMS Word template 2.0



regardless of how large the true relative uncertainty is. Bootstrapped relative uncertainties

well above ~150% are therefore not expected, and true relative uncertainties beyond 100%

are increasingly underestimated, as seen in Figure 5d.
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