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Abstract

Although the underlying methodological elements of extreme event attribution (EEA)
have been thoroughly evaluated, verifying EEA results remains challenging, particularly for
storyline attribution of extreme weather and climate events. We propose a methodology that
provides an objective, falsifiable test of storyline EEA based on the difference in intensity of
recent events (2000-2024) and analogues with similar meteorological patterns earlier in the
satellite era (1979-1999). We apply this framework to recently published machine learning-based
storyline attribution results for three regions spanning Europe and the Mediterranean. For all
three regions, there is high correlation (* = 0.851-0.892) between predicted and observed event-
analogue temperature differences, and the biases that do exist suggest the attribution estimates
are conservative. After removing the effect of meteorological differences between the hottest
events of the year, the correlation remains high for the Southern (+* = 0.733) and Central (+* =
0.617) regions, suggesting that the EEA results accurately capture the influence of global
temperature on historical extreme heat events over these regions. For the Northern region, the
accuracy remains high for many individual events but the overall correlation is substantially
reduced (r = 0.259), suggesting that the EEA results do not fully capture the influence of global
temperature over this region. While it is not possible to directly observe what would happen if
today’s meteorological conditions occurred in the absence of anthropogenic forcing, our
approach provides a pathway to verify storyline EEA results within a framework of independent

falsifiability.
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1. Introduction

Extreme event attribution (EEA), in which objective analytical methods are used to
systematically test the influence of global warming on weather and climate events, has expanded
rapidly over the past two decades "%. Not only has the number of studies increased exponentially
3, but methodologies have matured sufficiently that threshold-crossing events can be compared

9-12

with pre-computed probabilities °~'4, rapid attribution assessments are routinely provided for

high-profile events '?, and real-time attribution is becoming operationalized >!%!4-18, Further,

5,7,19-25

EEA approaches are being extended to extreme event impacts , and contributing to the

evidentiary basis for claims of financial responsibility 32633,

The underlying methodological elements of EEA have been thoroughly evaluated. This
includes the fidelity between climate model simulations and historical observations, uncertainty
in probability calculations given the short non-stationary observational record, and the
implications of underlying statistical paradigms for EEA conclusions #3-40-42.10.13.34-39
Methodological uncertainty has also been quantified by comparing the results of different EEA
approaches for the same event 344345, However, while these validations increase confidence in
the EEA endeavor, they do not independently verify specific attribution results, which requires
framing the analysis as a falsifiable prediction that can be tested using independent out-of-
sample observations. The fact that extreme events occur under a particular set of meteorological
conditions influenced by both unforced variability and global warming *! poses fundamental
challenges for quantitative partitioning of causal contributions >17-39-41:4647 "and raises the
question of whether it is possible to independently falsify EEA results 45,

Most EEA analyses fall into two broad categories °: “probabilistic event attribution” (in

which the probability of exceeding an event threshold is calculated in actual and counterfactual
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climates) and “storyline event attribution” (in which thermodynamic contributions to event
intensity are quantified conditional on that event’s specific meteorological ingredients). Because
probabilistic attribution is based on an implicit prediction of threshold exceedance, results can be
evaluated using out-of-sample occurrence frequencies 3. However, because this evaluation relies
on collective verification of a class of events, it does not address the challenges specific to
storyline attribution ®. This distinction is important given increasing emphasis on impact
attribution >, for which storyline approaches are better suited than probabilistic approaches 264°,

While it is not possible to directly observe identical meteorological conditions in the
presence and absence of anthropogenic forcings, a sufficiently large set of storyline EEA results
could be framed as a set of predictions that can be tested using independent observations of
specific events. In this study, we propose a methodology based on the predicted and observed
intensities of pairs of events with similar atmospheric circulation patterns (i.e., “analogues’) but
different background climate conditions (Fig. 1). This framework shares some features with
analogue-based EEA approaches >%°%3!, However, rather than using circulation analogues to
quantify the anthropogenic contribution in the context of natural variability, our approach uses
circulation analogues to identify pairs of historical events with which to test storyline EEA
predictions using out-of-sample observations.

Our analysis leverages the results of Callahan et al. 2!, which extended the machine
learning (ML)-based EEA methods of Trok et al. 3 to produce storyline analyses for multiple
historical heatwaves over three IPCC regions encompassing Europe and the Mediterranean. For
each day in 1979-2024, this dataset includes a prediction of the regional temperature at the actual
annual global temperature and the pre-industrial baseline, conditional on daily meteorological

inputs from the ERAS reanalysis. Because this dataset includes predictions for all summer days
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over almost half a century, it can be used to create an event-analogue pair for each of the annual
hottest events of the recent period (2000-2024), in which the analogue has a similar
meteorological pattern but occurred under different background conditions earlier in the satellite
era (1979-1999). The predicted event-analogue differences can then be compared with the
observed differences, after controlling for variations in meteorological conditions between the

hottest events of the year.

2. Methods
2.1 Analysis code

The analysis code was written by the Anthropic “Claude” Al model and reviewed by the
OpenAl “Codex” Al model, under the direction of N.S.D. (Note that Al was not used for any
other task such as writing or editing text, identifying relevant literature, or scientific design.)

In the first phase, a Claude “sonnet” chatbot, running in the Stanford Al Playground
without access to the source directories or datasets, produced initial analysis code. In the second
phase, a Claude “sonnet” agent, running on Stanford’s Sherlock computing cluster with direct
access to the directories and datasets, reviewed and organized the chatbot code, replicated the
results, and made further refinements as requested by N.S.D. In the third phase, a different
Claude agent replicated those results, identified inconsistencies, and made further refinements as
requested by N.S.D. In the fourth phase, a Codex agent, running on the Sherlock cluster with
direct access to the directories and datasets, conducted adversarial read-only reviews, which the
Claude agent validated and corrected. As documented in the Supplemental Materials, this

adversarial process required numerous rounds of review/correction.
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The prompt and findings from the final round of Codex adversarial review, along with a
summary of the corrections that the Claude agent made in response, are included in the
Supplementary Materials and in the GitHub repository

(https://github.com/sureshdiff/storyline EEA_verification).

2.2 Datasets

We analyze the EEA results published in Callahan et al. 2!. These analyses used the ML-
based EEA framework of Trok et al. 34, in which convolutional neural networks (CNNs) are
trained, tested and validated on an ensemble of global climate model simulations across a broad
range of forcings, with daily meteorological fields, the calendar day, and the annual global
temperature anomaly (GMT.umar) used as inputs to predict daily regional-mean temperature. Once
the CNNs are trained, tested and validated on GCM data, reanalysis data are used as out-of-
sample inputs to predict daily regional-mean temperature across a range of GMTauma, including
both the GMTuma at which the actual meteorological conditions occurred and counterfactual
GMT . such as 0°C or 1.5°C. To account for uncertainty in the CNN parameters, multiple
CNN s are trained, each with a different random seed. To account for differences between the
training GCMs, the GCM label is used as an additional input.

Callahan et al. repeated this process for three different regions designated by the IPCC 2
NEU/Northern Europe (which we refer to as “Northern””), WCE/Western & Central Europe
(which we refer to as “Central”), and MED/Mediterranean (which we refer to as “Southern”).
For each region, the dataset consists of 25 predictions (5 GCMs x 5 random seeds) of the
regional temperature for each summer day from 1979 through 2024 at both the actual GMTaumua

and each counterfactual GMT winuar.
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In the current study, we use the ensemble of 25 CNN predictions at the actual GMT
and at GMTuuma = 0°C for each of the three regions. In addition, we analyze daily temperatures

t53

and 500 hPa geopotential heights from the ERAS reanalysis dataset -, using the domain

boundaries from Callahan et al. 2! (see below).

2.3 Analyses

Our analogue-based evaluation of storyline attribution results includes four primary steps.
First, we separate the reanalysis into a recent period (2000-2024) for extreme event identification
and an early period (1979-1999) for analogue comparison. Second, for each year in 2000-2024,
we identify the hottest 3-day event of the year. Third, for each annual hottest 3-day event in
2000-2024, we identify the 3-day summer period in 1979-1999 with the closest 500 hPa
geopotential height anomaly pattern. Fourth, we compare the predicted and observed temperature
differences between the 2000-2024 annual hottest 3-day events and their respective 1979-1999
analogues, both for the raw temperature differences and after isolating the influence of global
temperature by controlling for meteorological differences between the annual hottest events. We
emphasize that the goal of this approach is not to identify a perfect analogue for each event, but
to pose predictions that can independently test whether the attribution framework accurately
represents the difference in event intensity when similar meteorological conditions occur under
different background conditions.

While there are various approaches for identifying meteorological analogues, we use the
pattern correlation of 500 hPa geopotential heights as a first-order criterion >*. For this analogue

L. 21

search, we use the atmospheric domains from Callahan et al. =*, which are centered over the

respective [PCC regions and span ~34°"W—-53°E and ~21°N-55°N (Southern), ~32°N-66°"N
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(Central) and ~41°N—-75°N (Northern). To identify analogue events during the hottest part of the
year, we restrict this search to June, July and August. (Empirically, for 2000-2024, the hottest 3-
day event of the year falls in June through August for the Northern and Central regions, and in
July through August in the Southern region.)

Based on previous methods that search for analogues within the same calendar month as
the event >4, for our primary analysis we calculate daily geopotential height anomalies relative to
a 28-day running-mean baseline. This baseline is centered on the calendar day and calculated
over the 1981-2010 period at each grid point. Thus, for each calendar day at a given grid point,
the baseline climatology is the mean of the raw daily 500 hPa geopotential height for days within
+/- 14 calendar days during 1981-2010. For each day of each year in the 1979-2024 ERAS
dataset, we subtract the smoothed calendar-day baseline value from the raw daily 500 hPa
geopotential height.

We use this 1979-2024 daily 500 hPa geopotential height anomaly dataset to identify the
closest 1979-1999 analogue for each annual hottest 3-day event in 2000-2024. For a given year
in 2000-2024, we calculate the mean of the three daily 500 hPa geopotential height anomaly
fields during the hottest 3-day event of the year. We then identify each 3-day mean 500 hPa
geopotential height anomaly field during 1979-1999 that (1) occurs during June-July-August and
(2) has a calendar-day start date within +/- 28 days of the calendar-day start date of the target
event. We then calculate the pattern correlation and RMSE between each of these 500 hPa
geopotential height anomaly fields from 1979-1999 and the 500 hPa geopotential height anomaly
field of the target event. The anomaly field from 1979-1999 with the highest pattern correlation
is selected as the event’s analogue, with RMSE used as a secondary criterion in case of

equivalent pattern correlation.
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To confirm that the results are not sensitive to arbitrary choices in the analogue selection,
we test the sensitivity to other treatments of the 500 hPa geopotential height fields, including
using the raw 500 hPa geopotential heights, removing the 1981-2010 JJA mean field from each
daily field, and using the normalized CNN inputs from Callahan et al. (which have been
detrended with respect to GMTuma and standardized with respect to the interannual calendar-day
variability at each grid point). For these sensitivity tests, we search for analogues in the window
from June 1% through August 31% of each year in 1979-1999.

Having identified the 500 hPa geopotential height analogues, we calculate the difference
in event intensity between each target event in 2000-2024 and its respective analogue in 1979-
1999. We refer to this event-analogue difference as t. For each of the hottest 3-day events in
2000-2024, we calculate both the predicted and observed t. For the predicted 1, we use the
ensemble of 25 CNN predictions of daily regional temperature generated using ERAS inputs at
the actual GMTuma. For the observed t, we use the daily ERAS reanalysis temperatures
averaged over the region. For our main analysis, we use the absolute daily regional-mean
temperature to calculate 1. In addition, we test the sensitivity of our results to other treatments of
the regional temperature, including the daily temperature anomaly relative to the ERAS calendar-
day baseline, and bias-correcting the CNN predictions via quantile mapping of the daily
temperature distribution.

Finally, we quantify the influence of annual global temperature on t after controlling for
meteorological differences between the hottest events of the year:

T = Tmeworology T TGMT (1)
where 71 is the event-analogue temperature difference at the actual GMTuumuar, Tmereoroiogy 18 the

event-analogue temperature difference predicted at GMTuua = 0°C that represents the
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contribution of meteorological differences to 7, and teur is the residual that represents the
contribution of GMT to 1 after normalizing for meteorological differences (Fig. 2). We remove
the ensemble of event-analogue temperature differences predicted at GMT = 0°C (Tmereorotogy) from
both the ensemble of 1 predicted at the actual GM T« and from the single observed 7, yielding
ensembles of normalized predicted and observed event-analogue differences (Teumr).

This approach could in principle be used to evaluate storyline EEA results for individual
events (e.g., Fig. 1D). In addition, we calculate the correlation between predicted and observed
Teur to evaluate the skill of the ML-based EEA framework in predicting the influence of global

temperature across multiple events (Fig. 3).

3. Results

The predicted and observed temperature differences between the annual hottest events
and their respective analogues (t) are highly correlated (e.g., 7> = 0.877 for the pooled data; Fig.
ED1). In addition, the accuracy of the CNNss is robust to different treatments of circulation
indicators and associated regional temperatures (Fig. ED2). This includes raw and normalized
geopotential heights, and both bias-corrected temperature and calendar-day anomalies. The
predicted and observed 1 both exhibit a substantial range, including temperature differences that
exceed 6°C (Fig. 1, ED1, ED2). This range reflects the aggregate effects of multiple differences
between the events and their analogues, including the nuances of the daily circulation patterns
(e.g., Fig. 1A, 1B), the subseasonal-to-seasonal antecedent conditions (e.g., soil moisture %), and
the annual global temperature anomaly 2!'. The accuracy in predicting © across a range of events
and analogues reflects the capability of the CNNs to predict the regional temperature response to

these various factors. Further, although there is heterogeneity in the similarity of atmospheric
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conditions across the event-analogue pairs, the predicted t is generally not sensitive to the
correlation, RMSE, or calendar-day difference between the event and the analogue (Fig. ED3,
ED4, EDS).

As our motivation is to evaluate EEA results, it is critical to isolate the contribution of
global temperature (teur) from the influence of meteorological differences (Tueworonogy). TO do so,
for each event we calculate the predicted 7 if both the event and its analogue occurred at
GMTumar = 0°C (Tmeteorotogy; Fig. 2, ED6). There is no time trend in Tumeweoroiogy (Fig. 2, top row).
However, given the strong influence of meteorological conditions on event intensity (Fig. ED6),
normalizing for meteorological conditions reduces both the uncertainty in predicted t for
individual events and the correlation between the predicted and observed 1 (Fig. 1D, 3).

In contrast, there is a clear time trend in the contribution of global temperature (Teumr):
Based on the CNN predictions, we find very high likelihood (p < 0.005) that teur has increased
over the 2000-2024 period in all three regions (Fig. 2, top row). The median OLS slope suggests
an increase of 1.32 °C since the start of the 21 century over the Central region, along with
increases of 0.74 °C and 0.65 °C over the Southern and Northern regions, respectively.

Comparing the predicted and observed event-analogue differences after normalizing for
meteorological conditions isolates the skill of the ML-based EEA framework in capturing the
influence of global temperature, and provides the key test of the EEA results. In the case of our
published results 2!, before normalization there is high correlation between predicted and
observed 7 for all three regions (7° = 0.851-0.892; Fig. 3). After normalization, the skill remains
high for both the Southern (7* = 0.733) and Central (+> = 0.617) regions. For the Northern region,
after normalization there is strong agreement between predicted and observed values for many

individual events, but the overall skill is substantially reduced (+* = 0.259).
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4. Discussion

At present, our EEA verification is only tractable because ML-based approaches enable
factual and counterfactual predictions for a large sample of days in the historical record. While it
has previously been possible to generate large EEA datasets using pre-computed approaches °-
1256 by definition these do not incorporate the physical response to anthropogenic forcing for the
specific meteorological conditions of an actual event. Doing so has typically required
computationally-intensive numerical experiments tailored to the conditions of each event 47,
More recent approaches that leverage large archives of numerical experiments and advances in

machine learning have made large storyline EEA datasets possible 2!-34-58-61

. Apart from
facilitating greater access to EEA analyses %, enabling storyline EEA results to be tested as
falsifiable predictions is a major benefit of these approaches.

Our ML-based storyline EEA framework has already been shown to accurately predict
historical trends in the hottest week of the year 2!-*°. The verification approach proposed here
builds on this work to more explicitly test the predicted influence of global temperature. Pairing
recent extreme heat events with analogues earlier in the historical record is a key element of this
verification, as it enables quantitative evaluation of the EEA framework’s ability to predict
differences in the intensity of events that have similar circulation patterns but different
background climate conditions. Controlling for meteorological differences between extreme
events is also a key element, since the strong influence of meteorology on daily variability in
surface conditions could create high correlation between predicted and observed event-analogue

differences even if the EEA framework does not accurately capture the influence of global

temperature.

12
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In the case of our published results 2!, after isolating the influence of global temperature,
the agreement between predicted and observed event-analogue temperature differences remains
high for both the Southern and Central regions. This durability suggests that the ML-based EEA
results accurately capture the response of historical heat events to global warming over these
regions. For the Northern region, although high agreement is maintained for many individual
events, the overall agreement is substantially reduced, suggesting that over this region the skill in
predicting raw event-analogue differences is strongly influenced by meteorological variability.
While the Northern region exhibits the largest bias in predicted hottest week of the year 2!, the
disparity in capturing the influence of global temperature on event-analogue differences would
not be apparent without controlling for the influence of meteorology (Fig. 3). Our results thus
emphasize the importance both of rigorously evaluating the falsifiability of EEA results, and of
carefully designing those evaluations to independently test the influence of global warming using
out-of-sample observations.

The most prominent deficiency of the raw ML-based predictions is a persistent negative
bias in t (Fig. 3, ED1, ED2). This negative bias appears to be related to the fact that the CNNs
tend to slightly underpredict the severity of the hottest events and slightly overpredict the
severity of the analogues, a bias that is at least partially inherited from the GCM training data
(especially in the Northern region 2!). While correcting the CNN temperature predictions via
quantile mapping addresses much of the bias in predicted 1, a slight negative bias persists even
after quantile mapping (Fig. ED2). The sign of this bias suggests that the ML-based attribution
results are conservative. Similarly, the relationship (i.e., slope and p-value) between 1t and global

temperature is weaker in the CNN predictions than the observations for all three regions (Fig.

13
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ED7), likewise suggesting that biases in the CNN predictions make the EEA results
conservative.

One possible explanation for the negative bias in 7 is regional aerosol forcings, which are
not explicitly captured by the ML-based predictions. These forcings have been shown to affect
heatwaves over Europe, including a trend towards heatwave intensification since the start of the
analogue period %2764, Incorporating these and other regional forcings is a key focus for future
development, and will help to identify whether these biases are systematic or particular to the
region and/or ML network configuration.

A number of other potential future improvements to ML-based EEA approaches are also
in progress. These include configurations that enable spatially-explicit rather than regional-mean

predictions 38-60:63

, as well as improvements in uncertainty quantification as the capacity to
efficiently generate very large ensemble predictions continues to increase. In addition, the EEA
predictions analyzed here isolate the influence of annual global temperature rather than the
influence of different climate forcing factors. Our ML-based attribution framework can be
extended to isolate the influence of shares of historical emissions °, and related Al-based
approaches have recently been trained on global climate model simulations with and without
anthropogenic forcing 3®. These and other innovations will further enhance the capacity to

generate large EEA datasets that can be leveraged to systematically evaluate EEA results as

falsifiable predictions.

5. Conclusions

While EEA methods have advanced substantially, verifying EEA results based on

independent evaluation of falsifiable predictions remains challenging. We present a framework
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that provides an objective, falsifiable test of storyline EEA results by pairing recent extreme
events with circulation analogues earlier in the historical record, and isolating the influence of
global temperature by controlling for meteorological differences between the extreme events.
Although we focus on evaluating our own published results, our verification approach is not
specific to any EEA storyline methodology or event type, and could be used to independently
compare different methodologies. In evaluating our results for heatwaves over Europe and the
Mediterranean 2!, we find that the influence of global temperature on the event-analogue
temperature difference is accurately predicted across years of events for two of the three regions,
and the estimates are conservative for all three regions. These results suggest both that the ML-
based EEA approach is able to accurately predict the difference in event intensity when similar
meteorological conditions occur in different background climates, and that verification of EEA
storyline results requires careful design to isolate the influence of global temperature. While our
out-of-sample test is not a definitive confirmation of the contribution of historical global
warming to each individual event, it does enable verification of storyline EEA results within a

framework of independent falsifiability.
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2000-2024 Annual Hottest 3-day Events and 1979-1999 Analogues
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Figure 1. Annual hottest 3-day events over the IPCC’s “WCE” region. (A) 500 hPa geopotential
height anomalies for the hottest 3-day event of the year in 2023. (B) 500 hPa geopotential height
anomalies for the closest analogue of the 2023 event in the 1979-1999 period. (C) The difference in
ERADS reanalysis temperatures between the 2023 event and its analogue; the black polygon shows
the boundaries of the WCE region. (D) Regional-mean temperature difference between the 2023
event and its analogue in the ERA reanalysis (red vertical line) and the ensemble of machine
learning-based predictions from Callahan et al. (2026) (dark blue histogram). The light blue histogram
shows the predictions after correcting for meterological differences between the event and the
analogue, and the red histogram shows the uncertainty in the observed value after correcting for
those meteorological differences. (E) The timeseries of annual hottest 3-day events over the WCE
region in the ERA5 reanalysis (solid markers), along with the respective 1979-1999 analogues (open
markers). (F) As in E, but for the machine learning-based predictions; marker shows the median
prediction and the whisker shows the 95% C.I. (G) The difference between event and analogue
temperatures in the ERA5 reanalysis (red) and the machine learning-based predictions (black).
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Event-Analogue Difference Due to Meteorology and Global Temperature (2000-2024)
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Figure 2. Decomposing the contribution of meteorology and global temperature to event-
analogue temperature differences. (Top row) The contribution of meteorology to the difference in
temperature between the annual hottest 3-day event of the year in 2000-2024 and its respective
analogue in 1979-1999 for the IPCC’s NEU (“Northern”), WCE (“Central’) and MED (“Southern”)
regions, calculated by taking the difference in predictions of both the event and the analogue at an
annual GMT anomaly of 0°C above the pre-industrial. Markers show the median prediction and
whiskers show the 95% C.I. (Bottom row) The contribution of GMT to the difference in temperature
between the annual hottest 3-day event of the year in 2000-2024 and its respective analogue in 1979-
1999, calculated as the residual difference in predicted temperature after removing the differences
due to meteorological conditions shown in the top row. In all panels, the confidence interval for the
OLS regression is calculated for using 1000 block bootstraps with replacement, with the block size
determined by the length of statistically significant autocorrelation.
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Isolating the Influence of Global Temperature on Observed vs. Predicted Event-Analogue Differences (2000-2024)
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Figure 3. Isolating the influence of global temperature on observed vs. predicted event-
analogue temperature differences. Gray markers show the predicted and observed difference in
temperature between the hottest events of the year in 2000-2024 and their respective analogues in
1979-1999 (i.e., the values shown in Fig. 1G). Placement of gray markers on the y-axis shows the
median prediction, and whiskers show the 95% C.l. Placement of gray markers on the x-axis shows
the observed difference. Colored markers show the event-analogue difference in temperature after
correcting for meterological differences between the event and the analogue by removing the
difference in predictions of both the event and the analogue at an annual GMT anomaly of 0°C above
the pre-industrial. Placement of colored markers on the y-axis shows the median residual value from
the predictions, and and whiskers show the 95% C.I. (i.e., the values on the bottom row of Fig. 2).
Placement of colored markers on the x-axis shows the median residual value after removing the
predicted differences at 0°C from the observed value (i.e., the value shown in the red dashed line in
Fig. 1D for 2023).
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