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Abstract 14 

Legal and political approaches to climate accountability require demonstrating that a particular 15 
emitter contributed to a climate impact, but quantitative solutions to this attribution challenge 16 
remain nascent. This study leverages the proportionality of global warming to cumulative CO2 17 
emissions to develop statistical models that directly predict extreme climate risk from cumulative 18 
emissions. Results show that cumulative emissions from individual actors have increased the 19 
probability of extreme heat and rainfall globally; for example, emissions from the United States 20 
have increased the risk of recent extreme heat by at least 50% for one-third of the globe. 21 
Focusing on specific events demonstrates that emissions from major fossil fuel firms increased 22 
the likelihood of the 2021 Pacific Northwest heat wave by 31% and 2022 extreme rainfall in 23 
Pakistan by 7%. These results demonstrate a flexible attribution framework grounded in the 24 
proportional relationships that inform climate policy, with the potential to guide efficient climate 25 
accountability assessments. 26 

Plain Language Summary 27 

It is difficult to determine which fossil fuel emitter contributed to an extreme climate event like a 28 
heat wave or a flood. To help close this gap, this paper shows that there is a direct proportionality 29 
between cumulative carbon dioxide emissions and the probability of extreme heat and rainfall. 30 
As a result, given the contributions that major countries and fossil fuel producers have made to 31 
historical emissions, their contributions to the increasing risk of extreme heat and rainfall can be 32 
directly inferred. This approach can be flexibly applied to many types of emitters and extreme 33 
events at any location or time; for example, it can be used to show that emissions from 34 
ExxonMobil, Chevron, and other major fossil fuel producers increased the risk of extreme heat in 35 
the Pacific Northwest. This framework has the potential to inform future assessments of the 36 
liability of major emitters for extreme heat and rainfall. 37 

1 Introduction 38 

As the human toll of greenhouse gas (GHG) emissions accumulates, recent legal and 39 
political efforts have demanded accountability for climate change. Lawsuits against fossil fuel 40 
producers over climate damages have proliferated (Setzer & Higham, 2024), and multiple U.S. 41 
states have passed “polluters pay” laws to recoup the costs of climate adaptation by charging 42 
fossil fuel producers (Calhoun et al., 2025). Internationally, climate negotiations have established 43 
a financing facility for loss and damage payments (Clarke et al., 2023), and the International 44 
Court of Justice recently affirmed the legal obligations of states to mitigate climate change 45 
(Phelan et al., 2025). 46 

Each of these approaches to climate accountability either explicitly or implicitly requires 47 
connecting an individual emitter to some downstream climate impact. In many jurisdictions, a 48 
plaintiff can only sue if they can demonstrate a causal connection between a defendant and a 49 
particularized injury. However, because GHGs are long-lived and innumerable actors have 50 
emitted, it is difficult to attribute responsibility for any particular climate impact (Kysar, 2011). 51 
In the face of this gap, climate change attribution science might provide scientific support for 52 
climate accountability by linking an individual climate event or impact to greenhouse gas 53 
emissions (Allen, 2003; Burger et al., 2020; Callahan & Mankin, 2025). Indeed, advances in 54 
climate modeling and causal inference now make it possible to develop “end-to-end” or “source-55 
to-impact” attribution analyses that link individual emitters to rising global temperature 56 
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(Ekwurzel et al., 2017), sea level rise (Sadai et al., 2025), extreme heat events (Beusch et al., 57 
2022; Callahan & Mankin, 2025; Quilcaille et al., 2025), wildfire burned area (Dahl et al., 2023), 58 
and the economic damages from climate change (Burke et al., 2026; Callahan & Mankin, 2022, 59 
2025). 60 

At the same time, it is now well-understood that global temperature change is linearly 61 
proportional to cumulative CO2 emissions (IPCC, 2021). Higher emissions cause the radiative 62 
forcing effect of CO2 to saturate, but also cause each pulse of CO2 to have a higher airborne 63 
fraction due to carbon sink weakening; the approximate cancellation of these nonlinearities 64 
yields a linear relationship (Matthews et al., 2009). The risk of extreme heat and heavy 65 
precipitation has similarly been shown to be proportional to global temperature rise (Fischer & 66 
Knutti, 2015; IPCC, 2021; Seneviratne et al., 2016). While these facts are well-known to 67 
influence climate policy, including as the scientific basis for “net zero” emissions targets 68 
(Matthews & Caldeira, 2008), they also have important implications for questions of causation in 69 
climate attribution and accountability. In particular, they imply that the causal chain from 70 
emissions to impacts is simple: each additional ton of CO2 discernibly increases extreme climate 71 
risk. 72 

There is, therefore, potential to clarify climate accountability by leveraging these 73 
proportional relationships. However, existing end-to-end attribution studies have generally been 74 
ad hoc, choosing particular actors of interest such as fossil fuel producers (Callahan & Mankin, 75 
2025; Dahl et al., 2023; Ekwurzel et al., 2017; Quilcaille et al., 2025), countries (Beusch et al., 76 
2022; Callahan & Mankin, 2022; Otto et al., 2017), or individuals (Lott et al., 2021; Schöngart et 77 
al., 2025). The community has not yet identified a single unifying framework for end-to-end 78 
attribution that can be applied to a wide range of actors without needing to re-run custom model 79 
simulations. Furthermore, some studies have made advances by connecting particular actors' 80 
emissions to downstream human impacts such as economic losses (Burke et al., 2026; Callahan 81 
& Mankin, 2022, 2025) or selected high-impact events from damage databases (Quilcaille et al., 82 
2025). Yet each community's claim for restitution is usually specific to their experience and not 83 
necessarily captured by global damage estimates. As a result, it may be productive to establish a 84 
generalized framework focused on the risk of physical extreme events rather than attempting to 85 
enumerate all the specific human impacts for which attribution can be performed. This is 86 
especially true given that probabilistic assessments of risk have been accepted by some previous 87 
courts in lieu of specific damage enumerations (Saad, 2023). 88 

This study develops a unifying end-to-end attribution framework by fitting statistical 89 
models that directly relate extreme heat and rainfall probability to cumulative CO2 emissions 90 
(Fig. 1, Fig. S1). These estimates can then be applied to any actor whose CO2 emissions are 91 
known without having to re-estimate the key underlying parameters, making the approach 92 
efficient and flexible. 93 

Specifically, the framework models annual maximum daily high temperature (“TXx”) 94 
and annual maximum daily accumulated rainfall (“Rx1day”) using nonstationary generalized 95 
extreme value (GEV) distributions fitted to large ensembles of climate model simulations 96 
(Methods). The GEV location and scale parameters are specified as linear functions of 97 
cumulative CO2 emissions. Nonstationary GEVs are fitted separately to each land grid cell in 98 
each of 171 realizations of 8 unique global climate models (GCMs), sampling across many 99 
realizations of internal climate variability and multiple model structures. Using the fitted 100 
parameters, the risk of extreme events can be predicted in observations as a function of 101 
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historically observed emissions, with a focus on the most extreme recent heat and rainfall at each 102 
grid cell. Changing extreme event risk globally can then be attributed to individual actors by 103 
calculating the probability of extreme events with and without that actor's emissions (Fig. 1). 104 

This approach is inspired by the use of nonstationary GEVs in the extreme event 105 
attribution literature (Philip et al., 2020; Risser, Zhang, et al., 2025; Risser & Wehner, 2017). 106 
However, this study depart from prior literature by fitting GEVs to GCMs rather than 107 
observations, because observations have short records (Zeder et al., 2023) and limited spatial 108 
coverage (Diffenbaugh et al., 2017), and can be vulnerable to selection bias on high-impact 109 
events (Miralles & Davison, 2023; van Oldenborgh et al., 2021). Instead, the approach uses 110 
GCMs as training data for statistical models which are then applied out-of-sample to observed 111 
emissions (Trok et al., 2024). Large initial-condition ensembles can be used to estimate reliable 112 
statistics for extreme events (Deser et al., 2020; Diffenbaugh et al., 2017) by fitting GEV 113 
parameters across thousands of model-years, many realizations of natural variability, and a wide 114 
range of cumulative emissions levels. This approach can be seen as a hybrid between 115 
experimental and statistical approaches to extreme event attribution (Risser, Ombadi, et al., 116 
2025), leveraging the benefits of GCMs but ultimately applying the results to observationally 117 
defined counterfactual emissions and extreme events. 118 

2 Materials and Methods 119 

2.1 Data 120 

This study uses global climate model (GCM) output from the Multi-Model Large 121 
Ensemble Archive (MMLEA) version 2 (Maher et al., 2025). This archive combines initial-122 
condition ensembles from multiple climate models from the sixth phase of the Coupled Model 123 
Intercomparison Project (CMIP6), yielding 171 individual realizations from 8 unique models that 124 
run the historical (1850-2014) and SSP5-8.5 (2015-2100) emissions scenarios (Table S1). The 125 
use of SSP5-8.5 comes directly from the MMLEA archive, but it is particularly advantageous 126 
here because it provides a wide range of cumulative emissions levels and extreme heat and 127 
rainfall magnitudes, enhancing statistical power. The models used here also span a range of 128 
Equilibrium Climate Sensitivity values (Meehl et al., 2020), which is helpful in accounting for 129 
uncertainty in the sensitivity of the climate to CO2 emissions. 130 

Temperature data come from the ERA5 renanalysis (Hersbach et al., 2020) and 131 
precipitation data come from the CPC interpolated gauge dataset (Xie et al., 2010). ERA5 data 132 
are downloaded at the hourly resolution, aggregated to daily maxima, and then aggregated to 133 
annual maxima (i.e., TXx). The CPC data are downloaded as daily totals and aggregated to 134 
annual maxima (i.e., Rx1day). Both observational datasets are regridded to a 2.5°-by-2.5° 135 
resolution to match the MMLEA grid. 136 

Each MMLEA realization is bias-corrected by setting its mean over 1981-2010 to be 137 
equal to the observed 1981-2010 mean at each grid cell. This bias correction is helpful to ensure 138 
that model-derived parameters do not yield widely varying estimates of the probability of 139 
observed extreme events, since models can differ from observed temperatures by multiple 140 
degrees in regions such as the Pacific Northwest (Fig. S2). 141 

Observed global emissions over 1750-2023 come from the Global Carbon Budget 142 
(Friedlingstein et al., 2025), country-specific emissions over 1750-2022 come from CEDS 143 
(Hoesly et al., 2018), and emissions for fossil fuel producers come from the Carbon Majors 144 
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database developed by Heede (2014) and now maintained by the nonprofit InfluenceMap. While 145 
the Carbon Majors database has different years of data coverage for different firms, cumulative 146 
emissions are calculated from the first date available for each firm and stopping in 2020 in each 147 
case (Callahan & Mankin, 2025).   148 

The GCMs used in this study are driven by prescribed GHG concentrations rather than 149 
being fully coupled to emissions and the carbon cycle. The emissions are derived from Integrated 150 
Assessment Models that determine internally consistent emissions trajectories that would 151 
produce the end-of-century radiative forcing associated with each climate scenario. This analysis 152 
could be performed using emissions-driven Earth system models (ESMs) with coupled carbon 153 
cycles, but there are only a small number of those simulations available in comparison to the 154 
hundreds of realizations currently available from CMIP6 GCMs. As CMIP7 moves towards 155 
prioritizing and standardizing emissions-driven experiments with ESMs, more opportunities to 156 
use those resources will become available. 157 

2.2 Statistical models 158 

This study models the changing probability of extreme temperature and precipitation as a 159 
function of cumulative CO2 emissions, taking advantage of nonstationary Generalized Extreme 160 
Value (GEV) distributions, a widely used tool for analyzing the risk of extreme events (Coles, 161 
2001; Gilleland & Katz, 2016). Specifically, annual maximum daily high temperature (TXx) and 162 
annual maximum daily total rainfall (Rx1day) are modeled using GEV distributions that depend 163 
three parameters: location µ, scale s, and shape z. The location parameter represents the typical 164 
extreme value, the scale parameter represents variability in extreme values, and the shape 165 
parameter represents the thickness of the upper tail of the extreme value distribution. Following 166 
previous work (Philip et al., 2020; Risser, Zhang, et al., 2025; Risser & Wehner, 2017), the 167 
location and scale are allowed to vary over time and the shape is held constant. 168 

The location (µt) and scale (st) in each year t are modeled as a function of cumulative 169 
CO2 emissions (E) up through that year: 170 

𝜇! = 𝛽" + 𝛽# % 𝐸$

$%!

$%#&'"

 171 

σ! = θ" + θ# % 𝐸$

$%!

$%#&'"

 172 

ζ! = 	ζ 173 

At each grid cell, a separate GEV is estimated for each GCM realization over 1850-2100 174 
(n = 251 model years). This procedure yields a spatially varying distribution of parameters that 175 
accounts for both model structural uncertainty and internal climate variability. Because each 176 
GCM has a different number of ensemble members (Table A1), medians across models are 177 
weighted by the inverse of the number of ensemble members per GCM, so that each GCM has 178 
equal weight. 179 

The main analysis treats each parameter as linear in cumulative emissions, motivated by 180 
the existing evidence for linear proportionality between emissions and the magnitude of local 181 
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heat and rainfall extremes (Seneviratne et al., 2016). It is important to note, however, that even 182 
linear shifts in the location of a distribution can lead to nonlinear changes in the frequency of 183 
extreme events in the tail of that distribution, so nonlinearity in extreme event risk is still 184 
permitted by the main specification (Patel et al., 2024). 185 

2.3 Comparing parameters to observations 186 

To test whether the GCM-derived parameters are realistic, they are compared to 187 
distributions of the same parameters derived using observed TXx and Rx1day data and observed 188 
emissions. Because trends in local climate extremes can be strongly influenced by internal 189 
climate variability (Fischer et al., 2013), the most appropriate test is whether the observational 190 
parameters fall within the distribution of parameters derived from GCMs. Specifically, if the 191 
observed parameter falls within the 99% range of the ensemble for each parameter at each grid 192 
cell, the observations can be considered consistent with the GCM-derived paramters. Slope 193 
parameters for both location and scale (b1 and q1) are required to fall within the GCM-derived 194 
distributions at each grid cell; if either does not, that grid cell is excluded from the analysis. 195 
Because the observational parameters are only fit using data from 1979-2024, this comparison 196 
uses parameters fit to model years 1979-2024 in each GCM rather than the full time period. 197 

2.4 Assessing GEV goodness-of-fit 198 

It is important to assess whether the GEV is an appropriate distribution for representing 199 
the underlying GCM data. To do so, each GCM realization is compared to an idealized GEV 200 
distribution (Risser, Zhang, et al., 2025). Each GCM realization is normalized by subtracting the 201 
corresponding estimated GEV location and dividing by the scale, which yields a time series with 202 
location 0, scale 1, and shape z. A synthetic GEV distribution is then generated, similarly with 203 
location 0, scale 1, and shape z. Finally, a Kolmogorov-Smirnov (K-S) test is performed to 204 
assess whether these two distributions were drawn from the same underlying distribution. The 205 
null hypothesis for this test is that the two distributions are indistinguishable; if the null 206 
hypothesis is rejected, the GEV distribution is considered a poor fit to the data. This test is 207 
performed separately for each of 171 GCM realizations at each grid cell.  208 

This procedure also provides information on whether a linear fit is appropriate for the 209 
data. If the underlying data are linear, normalizing by linear coefficients will yield a normalized 210 
GEV time series that is very similar to the idealized GEV distribution. However, if the 211 
underlying data are nonlinear, normalizing by linear coefficients will still leave residual variation 212 
in the data that is not included in the idealized GEV, thus leading to a mismatch that fails the K-S 213 
test. Fig. S3 provides an example of this procedure using simulated data.  214 

This approach raises a multiple-testing issue: performing many statistical tests across 215 
many grid cells is likely to cause false rejections of the null in some locations (Wilks, 2016). 216 
However, in the case of this study, this tendency makes the analysis conservative: guarding 217 
against false rejections would raise the threshold for concluding that the GCM data and GEV 218 
distribution are mismatched, and would make it even more likely to conclude that the two 219 
distributions cannot be distinguished. 220 
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2.5 Attributing extreme event risk to individual actors 221 

The framework used in this paper yields estimates of how the parameters of extreme 222 
event distributions change with cumulative emissions. To attribute extreme event risk to 223 
individual emitters, the probability of a particular extreme event is calculated twice: once based 224 
on the parameters evaluated for all historical emissions at the time of the extreme event, and 225 
again based on the parameters evaluated with the emissions of a particular actor removed (Fig. 226 
1). The ratio of these “factual” and “counterfactual” probabilities is the change in probability due 227 
to the emissions of that actor.  228 

3 Results 229 

Extreme heat and rainfall broadly increase with cumulative CO2 emissions across the 230 
globe (Fig. 2). The magnitude of the average annual hottest day (indicated by the location of the 231 
TXx distribution) universally increases with CO2 emissions across land grid cells between 65 °S 232 
and 65 °N (Fig. 2a). However, there is little consistent change in year-to-year variability 233 
(indicated by the scale parameter; Fig. 2b), suggesting that changes in extreme heat are driven by 234 
overall shifts in the distribution of annual maxima and not changes in variability. Changes in 235 
Rx1day are more spatially heterogeneous, but the magnitude and variability of the Rx1day 236 
distribution both increase with cumulative CO2 emissions across >70% of grid cells (Fig. 2c, 2d). 237 

Two tests can assess whether these fitted parameters represent a skillful and appropriate 238 
fit to the underlying data. First, the GCM-derived parameters are compared to the same 239 
parameters fitted to observations (Fig. S4) to assess whether the models are skillful. If either the 240 
location shift or scale shift parameters from observations falls outside the GCM distribution at a 241 
given grid cell, the grid cell is excluded from the analysis (Fig. S5). This procedure excludes 3% 242 
of grid cells for TXx and 26% of grid cells for Rx1day (Fig. 2, Fig. S5). 243 

Second, the GEV goodness-of-fit can be assessed by normalizing each GCM realization 244 
and comparing it to an idealized GEV distribution (Methods). Across grid cells and GCMs, there 245 
is no consistent evidence that the GCM simulations differ from a theoretical GEV distribution. 246 
At each grid cell, ~5% of statistical tests should yield p-values below 0.05 even if the null 247 
hypothesis were true; across 97% of land grid cells, less than 5% of p-values are below 0.05 for 248 
both TXx and Rx1day, suggesting a broad inability to reject the null hypothesis that the GCM 249 
data are drawn from a GEV distribution (Fig. S6). The region where the most significant 250 
mismatch is apparent is in the Sahara Desert for Rx1day (Fig. S6), a region where there is not 251 
observe a strong effect of emissions on extreme rainfall risk (Fig. 2), so a potential mismatch in 252 
this area should not strongly affect the overall analysis. Importantly, this result suggests that 253 
despite the expectation of nonlinear increases in extreme rainfall intensity with warming, a GEV 254 
fit that allows parameters to shift linearly with cumulative emissions still provides a reliable 255 
representation of the data. 256 

With confidence in the framework, CO2 emissions can be directly related to the 257 
probability of the most extreme daily heat or rainfall at each grid cell in the last five years (since 258 
2020). The focus here is on several emitters whose cumulative CO2 emissions have altered the 259 
probability of these events: the United States, ExxonMobil, and an arbitrary actor responsible for 260 
20 GtCO2 (to illustrate the flexibility of the approach) (Fig. 3). Given the monotonic relationship 261 
between emissions and extreme heat, each actor has contributed to increases in extreme heat 262 
probability across all non-missing land grid cells (Fig. 3a-c). The United States, emitting 390 263 
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GtCO2 before 2020, has doubled the probability of post-2020 extreme heat events for 10% of 264 
grid cells. ExxonMobil has had a smaller effect due to its smaller emissions (48 GtCO2), but is 265 
still responsible for increases in extreme event probability of at least 5% in one-third of the grid 266 
cells analyzed. The effect of these actors is smaller in magnitude for rainfall than for 267 
temperature, but consistent increases in extreme rainfall risk are apparent across global land 268 
areas (Fig. 3d-f). These actors are merely chosen to be illustrations of the application of the 269 
method, and the approach could be applied to any actor whose cumulative emissions are known 270 
over some timeframe. 271 

The main analysis models GEV parameters as linear functions of the covariates 272 
(Methods). While even linear distribution shifts can lead to nonlinear increases in the frequency 273 
of extreme events (Patel et al., 2024), it may also be appropriate to model the individual 274 
parameters nonlinearly. Figure S7 shows probability ratios for the effect of ExxonMobil’s 275 
emissions on TXx and Rx1day (i.e., analogous to Fig. 3b, 3e) when the location and scale 276 
parameters are fitted with a quadratic function, or when the scale parameter is fitted with an 277 
exponential function (Risser & Wehner, 2017). In both cases, estimated changes in extreme 278 
event probability across the globe are similar to results from the linear model (R2 >= 0.94), 279 
suggesting that a linear model is broadly sufficient to account for changes in heat and rainfall 280 
risk due to cumulative emissions. 281 

An alternative approach to nonlinearity is to estimate GEV parameters over subsections 282 
of the overall time period, which is illustrated for a single realization and grid cell in Fig. S8. 283 
However, given the strong influence of internal variability on decadal timescales (Hawkins & 284 
Sutton, 2009), the above tests are more systematic assessments of nonlinearity in the forced 285 
response of extreme events to cumulative emissions.  286 

The framework can also be applied to specific TXx or Rx1day events that have been the 287 
subject of recent litigation, such as the 2021 heat wave in the Pacific Northwest or 2022 rainfall 288 
in Pakistan (Fig. 4). By comparing estimates of the probabilities of these events with and without 289 
specific emissions contributions (Fig. 4a, 4c), the effects of those contributions on the event risk 290 
can be quantified (Fig. 4b, 4d). The central estimate is that the ten highest-emitting privately 291 
owned carbon majors increased the risk of extreme heat in the Pacific Northwest by 1.31—i.e., 292 
that the 2021 Pacific Northwest heat wave was 31% more likely due to their emissions. These 293 
carbon majors have also made the risk of extreme rainfall in Pakistan around 7% more likely 294 
(Fig. 4b).  295 

Uncertainty in these probability changes arises from the differing parameter estimates 296 
across the 171 MMLEA realizations, which is due to both differences in model structure and 297 
initial-condition uncertainty across multiple realizations of a single model. The shading in Fig. 298 
4b and 4d correspond to the inner 66% and 90% ranges across this ensemble of 171 parameters, 299 
based on the IPCC “likely” and “very likely” ranges (Mastrandrea et al., 2010). Uncertainty is 300 
notably lower for heat than rainfall, with a 90% range of 1.17 – 1.46 for the carbon majors’ 301 
contribution to the 2021 Pacific Northwest heat wave and 1.001 – 1.23 for their contribution to 302 
the 2022 rainfall in Pakistan.  303 

4 Discussion 304 

These findings inform both legal and political applications of climate liability. In the 305 
legal context where private fossil fuel producers are typically the target, such as civil lawsuits in 306 
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the U.S., standing for plaintiffs depends on demonstrating a causal chain between an emitter and 307 
a climate impact. This study clarifies these causal chains by showing a direct proportionality 308 
between emissions and the rising risk of extreme heat and rainfall. In the political context where 309 
major countries are typically the target, such as allocation of international financial payments for 310 
loss and damage, a consistent framework for end-to-end attribution can inform the allocation of 311 
funds alongside standard extreme event attribution approaches (Noy et al., 2023).  312 

The flexibility of this framework means that the fitted parameters can be applied to any 313 
actor whose CO2 emissions are known over some time period, without the need to re-estimate the 314 
relationship between emissions and extreme temperature and rainfall. This approach is 315 
conceptually similar to “pre-computed” approaches to extreme event attribution, in which the 316 
relationship between climate change and extreme events is estimated first and then applied to 317 
new events as desired (Christidis et al., 2015). Accordingly, it is worth emphasizing that the 318 
choice of actors (the U.S., ExxonMobil, etc.) is purely illustrative of the potential application of 319 
the framework, and could be replaced by any other actor of interest. This advantage contrasts 320 
with some other recent end-to-end attribution approaches using reduced-complexity climate 321 
models, which require re-running the model and re-estimating counterfactual scenarios each time 322 
a new actor is incorporated into the framework (Callahan & Mankin, 2025; Quilcaille et al., 323 
2025). 324 

These findings additionally lend support to the principle that “every ton matters.” 325 
Policymakers have sometimes argued that any individual actor's emissions are so minimal as to 326 
be irrelevant to climate risk, in both legal cases such as Held v. Montana and policies such as the 327 
U.S. EPA's 2025 proposed repeal of the 2009 Endangerment Finding. By quantitatively 328 
demonstrating that local extreme event probabilities are proportional to CO2 emissions, this 329 
study shows that emitters cannot escape responsibility for climate impacts by claiming that those 330 
impacts are too diffuse or complex to be attributed to fossil fuels. 331 

One drawback of the framework is that the proportional relationships between cumulative 332 
emissions, global warming, and extremes apply only to CO2, since it is a long-lived pollutant. 333 
Shorter-lived GHGs like methane also have substantial radiative forcing effects, and aerosols 334 
have spatially heterogeneous cooling effects not captured by global proportional relationships. 335 
However, to first order, the IPCC assessed the effective radiative forcing of non-CO2 GHGs and 336 
aerosols to be similar in magnitude with opposite signs (Forster et al., 2021), suggesting that 337 
incorporating both of these influences would only slightly alter the results on a global scale. That 338 
said, incorporation of short-lived climate pollutants and aerosols into end-to-end attribution 339 
frameworks is not simple and deserves additional focus as the field progresses. 340 

Additionally, caution is warranted when applying this framework to other climate 341 
impacts—either physical hazards such as flooding or drought, or downstream human impacts 342 
such as heat-related mortality—for two reasons. First, these other impacts may exhibit nonlinear 343 
responses to forcing, such as a levee overtopping during a flood or a rapid increase in mortality 344 
above a critical temperature. Such nonlinearities are not easily captured in this approach and 345 
should be explicitly assessed in future work. Second, the framework presented here is focused on 346 
the probability of extreme events and not their magnitude. The human impacts of extreme events 347 
generally depend on magnitude rather than probability, so GEV-based estimates of changing 348 
probability should not be directly applied to downstream impact estimates (Callahan et al., 2025; 349 
Perkins-Kirkpatrick et al., 2022).  350 
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This study uses observational datasets with global coverage to provide an assessment of 351 
the effects of cumulative emissions on a broad range of recent extreme events. However, this 352 
strategy does not account for observational uncertainty, and these global datasets may perform 353 
less effectively in any particular region. The GEV parameters are fitted to climate models rather 354 
than observations precisely to reduce the influence of this uncertainty on the estimates, but it 355 
remains a consideration when estimating the magnitudes of extreme events upon which 356 
attribution is performed. Future work that takes advantage of regional observing stations or 357 
regional reanalyses may better capture the magnitude of extreme events that are of interest to 358 
local stakeholders. Additionally, the broad inequity in global weather observations (Su et al., 359 
2026) and disaster databases (Harrington & Otto, 2020) means that enhancing broader 360 
observational capacity in lower-income regions will be essential to making attribution accessible 361 
to vulnerable populations in the future.  362 

5 Conclusion 363 

This study demonstrates a framework for end-to-end climate attribution that leverages 364 
proportional relationships between cumulative CO2 emissions and the changing risk of extreme 365 
climate events. This approach provides flexible, rapid assessments of how individual actors have 366 
contributed to climate risk globally and specific events in particular. Most importantly, this 367 
approach demonstrates that each ton of CO2 emitted raises the likelihood of extreme climate 368 
impacts. Given that these impacts have already been accelerated by greenhouse gas emissions, 369 
rapid emissions reductions will be necessary to avoid further amplification of climate risk.  370 
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 388 

Figure 1: Schematic of analysis. Using ensembles of climate model simulations, nonstationary 389 
GEVs are fit that allow the location and scale parameters to vary as a function of cumulative CO2 390 
emissions at each grid cell. The probability of extreme events can then be predicted at some 391 
given level of cumulative emissions. To assess the contribution of an individual emitter, the 392 
cumulative emissions of that actor can be subtracted from total emissions and the change in 393 
extreme event risk can be quantified. 394 
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 396 

Figure 2: Fitted GEV parameters. a) Change in GEV location for TXx (hottest day of the year) 397 
as a function of cumulative CO2 emissions. b) Change in GEV scale for TXx as a function of 398 
cumulative emissions. c) As in (a), but for Rx1day (wettest day of the year). d) As in (b), but for 399 
Rx1day. Each map shows the weighted median across parameters estimated from separate GCM 400 
realizations. Grid cells are not colored if the observational parameters fall outside the model 401 
ensemble and are hatched if less than 66% of GCM realizations agree on the sign of the 402 
parameter. Inset text denotes the percent of land grid cells over 65 °S – 65 °N with positive or 403 
negative parameter values, and the percent of grid cells that are dropped in gray (Methods).  404 
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 405 

Figure 3: Recent extreme heat and rainfall events attributed to individual emitters. Each 406 
map shows the change in probability of the most extreme heat (a-c) or rainfall (d-f) event since 407 
2020, due to cumulative CO2 emissions from the United States (a, d), ExxonMobil (b, e), and an 408 
arbitrary actor contributing 20 GtCO2 (c, f). Probability changes are expressed as ratios; for 409 
example, a ratio of 1.1 denotes a 10% increase in probability. Grid cells are colored gray if the 410 
observational parameters fall outside the model ensemble (Methods). Note that the color bar 411 
ranges are different for different subplots.  412 
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 413 

Figure 4: Cumulative emissions have increased the risk of high-profile events. Panels (a) and 414 
(c) show the ensemble median probabilities of TXx values in the Pacific Northwest (a) and 415 
Rx1day values in Pakistan (c). Black lines denote factual scenarios with all emissions and red or 416 
blue lines denote counterfactual scenarios in which the emissions of the top ten privately owned 417 
fossil fuel producers (“carbon majors”) have been subtracted. Dashed gray line denotes the 418 
observed magnitude of the specific event of interest. Inset maps show the boundaries for each 419 
selected region: 230-250 °E, 40-60 °N for the Pacific Northwest and 60-77 °E, 23-39 °N for 420 
Pakistan. Panels (b) and (d) show the change in probability of each event across a range of 421 
emissions, calculated as the ratio of the factual probability to the counterfactual probability. 422 
Solid line shows median, light shading shows 90% range (IPCC “very likely” range) across the 423 
parameter ensemble, and darker shading shows 66% range (IPCC “likely” range). Dashed line 424 
denotes the median effect of the top ten carbon majors. In all panels, top ten carbon majors are 425 
Chevron, ExxonMobil, Shell, BP, ConocoPhillips, Total, Peabody, Occidental, BHP, and 426 
CONSOL.   427 
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