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ABSTRACT: Changes in extreme weather events are a potentially important aspect of anthropogenic climate change
(ACC), yet they are difficult to attribute to ACC because the record length is often similar to, or shorter than, extreme-
event return periods. This study is motivated by the “World Weather Attribution” (WWA) initiative and, specifically, their
approach of fitting extreme value distribution functions to local observations. They calculate the dependence of distribu-
tion parameters on global mean surface temperature (GMST) and use this dependence to attribute extreme events to
ACC. Applying this method to preindustrial climate simulations with no time-varying greenhouse gas forcing, we still find
a strong dependence of distribution parameters on GMST. This dependence results from internal climate variability (e.g.,
ENSO) affecting both extreme events and GMST. Therefore, dependence on GMST does not necessarily imply an effect
of ACC on extremes. We further consider whether an extreme value, normal, or lognormal distribution better represents
the data, if a GMST dependence of distribution parameters is justified using a likelihood ratio test, and if a meaningful at-
tribution is possible given uncertainties in GMST dependence. We find, for example, that an attribution of Australia’s
2020–21 bushfires to ACC is difficult due to the effects of internal variability. For the 2019–21 drought in Madagascar, we
find that the small number of available data points precludes a meaningful attribution analysis. Overall, we find that the ef-
fects of internal climate variability on GMST and the uncertain relationship between GMST and regional extremes may
lead to inaccurate attribution conclusions using the part of the WWA approach examined here.
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1. Introduction

The Intergovernmental Panel on Climate Change (Eyring
et al. 2021; IPCC 2023, 2021) found that global mean surface
temperature (GMST) between 2011 and 2020 was 1.098C (0.958–
1.208C) above preindustrial (1850–1900) levels. Although cli-
mate change is clearly manifested in GMST warming, and there
are reasons to expect extreme events to change with mean cli-
mate, it is a complex task to attribute individual extreme weather
events to anthropogenic climate change (ACC). Extreme
events}i.e., heat waves, droughts, and heavy precipitation}
are rare by definition, so the observational record may be too
short to detect anthropogenic signals. This issue is especially
pervasive in lower-income countries where data are sparse, and
the historical record is short (Otto et al. 2020). The situation is
further problematic for extreme precipitation event attribution,
which is highly sensitive to the specific time scales and percen-
tiles used to define extreme precipitation events (Pendergrass
2018).

The field of attribution of extreme events has progressed
significantly over the past decade and encompasses several
approaches (see example reviews and cited references within,

Stott et al. 2010; Hegerl and Zwiers 2011; National Academies
of Sciences 2016; Clarke et al. 2022; Philip et al. 2020). The ap-
proaches that have been applied include the fraction of attrib-
utable risk (Allen 2003; Stott et al. 2004), using simulations
from climate models, using constraints derived from optimal
fingerprinting techniques (Christidis et al. 2015), using climate
models to validate observed probability density functions (PDFs;
Perkins et al. 2007; Lobeto et al. 2021), and the “analog-based
approach” (Lorenz 1969; Yiou et al. 2007; Vautard and Yiou
2009; Faranda et al. 2022). Another methodology fits statistical
distributions to the historical record (again, either observed
or from climate models) in what Stott et al. (2016) refer to as
“empirical-based approaches.” This approach assesses how
the return period of particular events has changed over the
historical record, with the purpose of detecting potential trends
in the frequency of extreme events. These statistical approaches
have been used to study trends in extreme events such as
flooding in Thailand in 2011 (van Oldenborgh et al. 2012). Ap-
proaches using climate models allow for a better estimate of the
magnitude and direction of human-induced contributions to an
extreme event than is possible using observations alone.

The climate model approaches detailed in the above para-
graph can also be performed with single-model initial-condition
large ensembles (SMILEs), composed of a climate model run
several times with slightly different initial conditions. Averaging
over multiple climate model ensemble members can reduce the
signal from modes of internal variability, which are typically un-
correlated between ensemble members, facilitating the identifi-
cation of forced climate change signals. This averaging generally
improves the detection of trends in the magnitude or frequency
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of an extreme event, which are difficult to quantify in a single
simulation or in the observational record where the signal from
internal variability may be dominant (Yoshida et al. 2017;
Yamaguchi et al. 2020). These simulations have been used in
the context of tropical cyclone slowdown (Yamaguchi et al.
2020), as well as drought events in South and East Africa
(Lott et al. 2013; Pascale et al. 2020). The attribution litera-
ture is extensive, and for further detailed discussion, we refer
the reader to the above reviews and to recent studies (Stott
et al. 2016; Knutson et al. 2017; Seneviratne et al. 2021).

One particular approach that is the focus of this paper and
that has been used in recent years by World Weather Attribu-
tion (WWA) as a rapid response to extreme events attempts
to fit the observed data to an extreme value PDF (The World
Weather Attribution Project 2024). The fit allows for a depen-
dence of the distribution parameters on explanatory variables,
typically the GMST (e.g., Ciavarella et al. 2021; van Oldenborgh
et al. 2021; Harrington et al. 2022; Philip et al. 2020). A GMST
dependence is then interpreted as a response of extreme events
to ACC. This dependence is then used to attribute extreme
events by quantifying the effects of anthropogenic forcing on the
probability of their occurrence. Technically, this is achieved by
writing the location parameter of the extreme event distribution
m as a function of T , the (low-pass filtered, via a 4-yr running
average) GMST “as a measure of anthropogenic climate
change” (Harrington et al. 2022), such that m5 m0 1 aT .
The GMST dependence a is estimated via a fit to observa-
tions. The fitted PDF is then used to evaluate the probability
of extreme events at 1900 P[m0 1 aT(1900)] relative to those
at 2020 P[m0 1 aT(2020)]. This allows for estimating how the
probability of an extreme event changed between these
times. A change in the probability of an extreme event is in-
ferred by the WWA approach if a is nonzero, based on the
change in GMST.

Although WWA does not carry out formal hypothesis test-
ing, we interpret that they adopt a null hypothesis of a equal
to zero, implying no ACC influence on extremes, and an alter-
native hypothesis that, if a is not equal to zero, ACC does in-
fluence extremes. This issue is discussed in detail in section 2f
and further addressed throughout the text.

Our focus is on the empirically based approaches used by
WWA, but it should be noted that WWA also requires evidence
from climate model simulations before making any attribution
statements. WWA often uses multiple climate models and is
careful to exclude models based on their performance and re-
turn periods relative to observations (e.g., Pinto et al. 2023). In
this study, we use a single model (CESM) to demonstrate some
of our points but focus on the assessment of observational meth-
odologies associated with fitting of extreme value distributions
to observations. Our goal is limited to evaluating the observa-
tional approach described by WWA and suggesting additional
tests to examine its robustness, as opposed to developing alter-
native attribution approaches.

Motivated by these pioneering efforts based on the fit to ex-
treme event PDFs, we reexamine three test cases analyzed by
WWA: the Siberian heat wave analysis of Ciavarella et al.
(2021, hereafter CC2021), the analysis of high temperatures
associated with the Australian bushfire by van Oldenborgh

et al. (2021, hereafter OK2021), and the Madagascar drought
analysis of Harrington et al. (2022, hereafter HW2022). These
cases were chosen as they represent a range of applications,
including the attribution of heat waves at high and low lati-
tudes (Siberia vs Australia) and of an extreme drought. Each
of these studies leverages either a generalized extreme value
(GEV) or generalized Pareto distribution (GPD) fit to assess
potential contributions to extreme events from ACC. WWA
studies use both climate model simulations and observational
analysis, and we focus on the observational component. In
each of the three cases, we use the CESM Large Ensemble
(Kay et al. 2015) to put the observed instrumental record
into perspective, and we explore potential caveats concerning
the methods examined and suggest how these limitations might
be addressed.

The issue highlighted by our analysis is simple: internal var-
iability modes such as ENSO affect both local temperature
extremes and GMST. In some cases, the effect on local ex-
tremes (say the effects of ENSO on heat waves in Australia)
may be large, but the effect on GMST is small. This might
lead to a false conclusion that a small GMST signal leads to a
comparatively large effect on local extremes. To demonstrate
this point, we analyze a preindustrial climate model run with
no anthropogenic forcing. We find, for example, that the fit
of Australian heat extremes leads to values of a that are
substantially greater than zero in the absence of ACC be-
cause of the effects of internal climate variability modes
such as ENSO on both GMST and on local extremes. Our
findings show that a can be strongly affected by internal var-
iability, biasing the attribution results and complicating the
WWA approach.

Our study addresses four questions: 1) Is a GMST depen-
dence of the PDF parameters necessarily an indication of the
signal of ACC? 2) Is a GEV or GPD necessary to fit the avail-
able observations, or are more standard normal or lognormal
distributions sufficient? 3) Is the addition of GMST-dependent
distribution parameters, which form the basis for the attribution
analysis, justified statistically, and is the uncertainty range of
these parameters, specifically a, sufficiently small to allow for at-
tribution? 4) What do SMILEs tell us about the amount of data
needed to determine the GMST dependence with confidence?
WWA uses multiple attribution tools, including analysis of simu-
lations from multiple models and observations (Philip et al. 2020).
We focus only on the latter, specifically, on the fitting of extreme
value distributions to observations. Our goals are limited to evalu-
ating this observational approach and suggesting additional tests
to examine its robustness and do not include developing alterna-
tive attribution approaches.

The rest of the paper is structured with section 2 describing
the statistical models, observation datasets, and methodolo-
gies. Section 3a shows that a GMST dependence of distribu-
tion parameters does not necessarily represent the effects of
ACC using an analysis of a CESM preindustrial simulation
(i.e., without time-varying anthropogenic and natural forc-
ings). We then further examine the three attribution cases in
the remainder of section 3. Section 4 provides a summary and
discussion of the results.
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2. Methods and data

In this section, we briefly describe the extreme value distri-
butions used in the following sections 2a and 2b and discuss
uncertainty estimates and empirical cumulative distribution
functions (CDFs) that we will use later (section 2c). We de-
scribe the deviance statistic test which we use to examine the jus-
tification for adding GMST-dependent parameters (section 2d)
and the mean residual life plot used to test the justification for
using a GPD and its threshold value (section 2e). The data used
are described in section 2g.

a. The GEV distribution

Extreme value distributions are a family of PDFs that can be
used to represent the statistical behavior of block maxima or mi-
nima of a record. An example is an annual time series of the
maximum daily temperature at each year, the “block” being
1 year in this case. It can be shown that the distribution of such
maxima follows one of three classes of PDFs: Gumbel, Fréchet,
or Weibull (Coles et al. 2001), depending on the shape of the tail
of the distribution of the events for which block maxima are cal-
culated. Rather than explicitly specifying one of these three clas-
ses in fitting data for extreme events, one can combine these
distributions into one functional form, represented by the GEV
distribution. Large quantities of data are typically needed to ac-
curately fit a GEV and calculate its parameters (e.g., Philip et al.
2020; Trevino et al. 2020).

The PDF of a variable x whose statistics are governed by
the GEV is given by

GEV(x, m, s, j) 5 1
s
t(x,m,s, j)j11e2t(x,m,s,j), (1)

where

t(x, m, s, j) 5 1 1 j
x 2 m

s

( )21/j

, (2)

under the assumption that j Þ 0. If j 5 0, t (x, m, s, j) is de-
fined as

t(x, m, s, j) 5 e2(x2m/s): (3)

In some of the attribution studies we follow for this paper
(specifically, CC2021; OK2021), the location parameter m is
assumed to vary linearly with the 4-yr smoothed GMST T as

m 5 m0 1 aT : (4)

Estimation of the parameter a is the key to the attribution
of extreme events. However, this determination may be lim-
ited due to the short observational record (Zwiers et al. 2011;
De Paola et al. 2018). To estimate the mean m0, scale parame-
ter s, the GMST dependence a, and the shape parameter j,
we follow Coles et al. (2001) and WWA (Philip et al. 2020)
and maximize the log likelihood of the data points xt using a
GEV distribution as follows:

l(m0, s, j, a) 5 ∑
m

t51
log[GEV(xt, m0, s, j, a)]: (5)

We apply this approach, following CC2021 and OK2021, to
observations and to data from the CESM Large Ensemble
(Kay et al. 2015).

b. GPD

In some applications, one is interested only in points in a
time series that exceed a specified threshold, whose statistics
are represented by the generalized Pareto distribution (Coles
et al. 2001). To study the extreme drought events in Madagas-
car using a record of precipitation, HW2022 fit a GPD to the
bottom 20th percentile of precipitation, i.e., years associated
with drought. This low tail was converted to a high tail by
multiplying the precipitation data by 21. Although this con-
verts the lowest precipitation values to maxima, the trans-
formed data have a hard maximum at zero. We note that the
validity of using a GPD, in this case, is questionable because
no such hard maximum is allowed by}or represented in the
functional form of}the GPD.

The PDF of the GPD is given by

GPD(x, u, s, j) 5 1
s

1 1 j
x 2 u
s

( )2[(1/j)11]
: (6)

HW2022 assumed that the threshold parameter, which they
denote u (denoted m by Philip et al. 2020) and scale parameter
s both depend exponentially on the 4-yr running-averaged
GMST T such that

u 5 u0exp(aT /u0),
s 5 s0exp(aT /u0): (7)

The exponential fit was assumed by HW2022 to ensure that
the scaling factor exp(aT /u0) applied to both u0 and s0

is strictly positive and maintains a fixed ratio between the
mean and variance. We obtain the optimized GPD parameters
(u0, s, j, a) by again maximizing the log likelihood [Eq. (4.10),
Coles et al. 2001] as follows:

l(u, s, j) 5 ∑
m

t51
log[GPD(xt, u, s, j)], (8)

using the trust-region constrained algorithm in the SciPy Python
package (“trust-constr”method).

The GPD requires the bound s . 0 and consistency rela-
tions of the form x $ u (for j $ 0) and u $ x and x # u 2 s/j
(for j , 0). As the optimization iteratively searches for the
optimal parameter values, these constraints are occasionally
violated, leading to complex numbers or not a number (NaN) in
the likelihood. The GPD optimization is notably more prone to
such failures and sensitive to the initial guesses of a, u0, j, and s

than the GEV optimization. To avoid such search failures, we
replace complex and NaN terms in the log-likelihood sum with
large penalty terms whenever they occur due to constraints be-
ing violated. In addition, if the optimization fails, we rerun the op-
timization again with new randomly selected initial guesses until
convergence to a solution that maximizes the log likelihood and
satisfies the constraints is found. We note that related solutions
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have been used to deal with GEV/GPD convergence issues by
Robin and Ribes (2020).

c. Uncertainty estimates and empirical cumulative
distribution functions

We follow WWA studies and use nonparametric bootstrap-
ping to estimate uncertainty ranges for the optimized parame-
ters. In particular, we use the uncertainty in a as one way to
evaluate the validity of the attribution results. We also com-
pare the appropriately fitted distributions (GEV and normal
distributions for extreme temperatures or GPD and lognor-
mal for droughts) to the empirical CDFs of the observations
to assess the quality of the fit. The empirical CDF is calculated
by sorting extreme values (either temperature or precipita-
tion) from smallest to largest, calculating the cumulative sum,
and normalizing to a maximum CDF value of one. We calcu-
late error bars in the empirical CDFs based on bootstrap re-
sampling with replacement of the observations. The empirical
CDF is calculated for each sampling, and we then calculate
the 5th–95th and 2.5th–97.5th percentile ranges from the re-
sulting distribution at each value of the variable whose CDF
is estimated. To estimate uncertainty in the parameters esti-
mated from our GEV or GPD maximum likelihood fit, we
similarly use bootstrap resampling. We sample with replace-
ment the GMST and corresponding extreme temperature re-
cord 5000 times and optimize the parameters for each
resampling. We then estimate the 90th and 95th percentiles
from 5000 bootstrap samples. For the Madagascar precipita-
tion case, we perform 5000 bootstrap resamples when analyz-
ing the observations but 1000 bootstrap resamples when
analyzing the CESM Large Ensemble due to the slow conver-
gence and expensive computations using the GPD log-likelihood
maximization.

d. Deviance statistics (likelihood ratio test)

In general, when fitting a model to data, if the number of fit
parameters is increased, one expects a better fit because of
the greater flexibility of the fitted model. Specifically, in the
case considered here, adding a parameter a to include the
GMST dependence of the location/threshold parameter will
increase the maximum log likelihood of the data. The salient
question is whether the improvement in the fit exceeds that
expected simply on account of the larger number of model pa-
rameters. To evaluate the improvement of the fit, Coles et al.
(2001, theorem 2.7) recommend the use of a deviance statistic
also known as a likelihood ratio test. This test uses a measure
D equal to twice the difference of the sum of log likelihoods
of the model with k additional parameters minus that of the
simpler model. Because more parameters lead to a better fit
and thus higher log likelihood, D is nonnegative. D is then
compared to x2k distribution to assess if k additional parame-
ters significantly improve the likelihood. For example, with
k 5 1, the 95th percentile of x21 is equal to 3.8. If D is larger
than this threshold, we conclude that adding an additional pa-
rameter significantly improves the fit. It can then be inferred
that the added parameter}in our specific case, the GMST de-
pendence a}meaningfully explains features of the data. On

the other hand, if the deviance statistic is insignificant, one
concludes that the addition of another parameter to the statis-
tical fit is not justified by the data and, therefore, that this pa-
rameter cannot be used to draw conclusions about the data.
Specifically, if one finds that the addition of a is not justified,
the implication is that the estimated value should not be used
to calculate the effects of climate change on the extreme
events under examination. We also estimate the distribution
and uncertainty of D through bootstrap resampling of the data
5000 times.

e. Mean residual life plot

In the process of fitting a GPD, a minimum threshold is
chosen to select the data that represent extreme values that
should be fit. The GPD fit can be sensitive to the selection of
this threshold, where too low of a threshold could violate the
asymptotic nature of the GPD, and too high of a threshold
would provide only a few relevant data points and lead to an
unstable fit. To determine an appropriate threshold, one lev-
erages what is known as the mean residual life (MRL) plot.
The MRL uses the GPD-based expectation value of the data
[Eq. (4.8), Coles et al. 2001]. For a given threshold u0, the ex-
pectation value (mean) of the data X that exceed the thresh-
old can be written for j , 1 as

E(X 2 u0|X . u0) 5
su0

1 2 j
:

It can be shown that for all thresholds u . u0, this expecta-
tion value is [Eq. (4.9), Coles et al. 2001]

E(X 2 u|X . u) 5
su0

1 uj

1 2 j
: (9)

That is, for u. u0, E(X2 u|X. u) is a linear function of u.
This expected linearity of Eq. (9) with u}for values of u for
which the GPD fit is appropriate}can be used to test the va-
lidity of the chosen threshold used in the GPD analysis via a
plot which we use in our results section known as the MRL
plot.

f. Hypothesis testing

Although WWA does not carry out formal hypothesis test-
ing, we interpret that they adopt a null hypothesis of a equal
to zero, implying no ACC influence on extremes, and an alter-
native hypothesis that, if a is not equal to zero, ACC does in-
fluence extremes. This inference is based on the quote, “If the
one- or two-sided 95% confidence interval (for the change in
probability, which has the same effect as a) excludes zero, the
change is statistically significant” (see section 4.3.1 of Philip
et al. 2020). We assess whether rejection of a null hypothesis
of a equal to zero permits accepting an alternate of ACC
influencing extreme events. In other words, we assess if a non-
zero a necessarily means a role for ACC. We note that an-
other null hypothesis for purposes of heat could be that the
location of the PDF of heat extremes is shifted by an amount
equaling the GMST warming, as would be represented by
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a 5 1. For purposes of consistency with the null implied by
WWA, however, we only consider a null of a equal to zero.

WWA uses two variants of their analysis approach: one in
which the extreme event in question is incorporated into the
estimate of the PDFs, which we follow here, and one in which
it is excluded (Philip et al. 2020). The act of choosing to study
a class of events immediately following the occurrence of a
particularly extreme example is known to induce a bias related
to whether it is included or excluded (Miralles and Davison
2023). We choose to include the extreme value in question,
which tends to make the parametric dependence on GMST
larger and tends to make it easier to reject the null of no change
in favor of the alternate hypothesis. Within the context of the
WWA hypothesis test, this choice to include the extreme in
question makes it more likely to conclude that ACC significantly
influences extreme events.

g. Data

We briefly review the observations and our processing used
in each of the three case studies reconsidered here. In addi-
tion, we describe the model Large Ensemble and preindustrial
simulations that we analyze.

1) SIBERIAN HEAT WAVE

Following CC2021, we rely on two sets of observations:
1) daily maximum temperature extremes for each year from
station data in Verkhoyansk as discussed in CC2021 and 2) 4-yr
smoothed GMST anomalies from GISTEMP (Lenssen et al.
2019). CC2021 also performed a GEV analysis on temperature
anomalies over a region in Siberia, which we do not focus on
here to study specifically the extreme values detected at the
Verkhoyansk station. At the time of the CC2021 study, the daily
maximum temperature extreme in 2020 at the Verkhoyansk
station was recorded as 388C. This temperature extreme cur-
rently appears as a missing data point on the National Climatic
Data Center website (https://www.ncei.noaa.gov/cdo-web/
search, station RSM00024266, VERHOJANSK, data down-
loaded August 2023), but we still use this unconfirmed value in
our analysis.

We also study GMST anomalies and extreme temperatures
over the Siberian region defined in CC2021 within the CESM
Large Ensemble (Kay et al. 2015) over the period 1926–2019.
The CESM Large Ensemble contains 40 simulations of the cli-
mate over the period 1920–2100 under historical and RCP8.5
external forcing, of which we use the 35 that were run on the
NCAR supercomputer. These simulations differ only in small
perturbations to the initial conditions, which lead to different
temporal sequences of modes of internal variability. We use
model output only up to the year 2020, and, as a result, there
is little sensitivity to the emissions scenario used [Detection
and Attribution Model Intercomparison Project (DAMIP);
Gillett et al. 2016, uses RCP4.5] because emissions scenarios
only significantly diverge later. We do not use some additional
runs done on the University of Toronto supercomputer that
contain a global mean temperature bias (National Center for
Atmospheric Research 2024).

In addition, we study GMST anomalies and extreme tem-
peratures within a 1800-yr CESM preindustrial simulation,
yielding 18 segments of 94 years, chosen for consistency with
the length of the observed record. This preindustrial simula-
tion uses fixed greenhouse gas concentrations, volcanic activ-
ity, anthropogenic aerosols, land use, and solar forcing, all set
to their respective levels in the year 1850. Most importantly in
the context of this study is the lack of time-varying anthropo-
genic forcing in this simulation.

2) AUSTRALIAN BUSHFIRE HEAT WAVE

Following OK2021, we again use two sets of observations
for the years 1920–2019: 1) annual (July–June) maxima of
7-day moving average daily maximum surface temperature
data from the Australian Water Availability Project (AWAP)
over the southeastern region in Australia defined in OK2021
and 2) 4-yr smoothed GMST anomalies from GISTEMP. We
apply a similar analysis to the CESM Large Ensemble and to
the long CESM preindustrial run as for the Siberian heat
wave case except, in this case, using 18 segments of 98 years
for consistency with the observations.

3) MADAGASCAR DROUGHT

Following HW2022, we use two datasets. The first data are
2-yr means of precipitation from ERA5 (Hersbach et al.
2020) over the region of Madagascar that was defined in
HW2022. HW2022 explained that they used a “24-month run-
ning mean rainfall data from July to June.” Our approach is
to calculate total annual precipitation and then calculate a
running 2-yr average of this annual data resulting in a new
smoothed annual time series. For 1951–2020, the bottom 20%
precipitation 2-yr periods are selected for the analysis, corre-
sponding to the following fourteen 2-yr periods: 1956–57,
1957–58, 1958–59, 1959–60, 1962–63, 1990–91, 1991–92, 1992–
93, 2008–09, 2009–10, 2015–16, 2016–17, 2017–18, and 2019–
20. The second data are 4-yr smoothed GMST anomalies from
GISTEMP. We note that the analysis following HW2022 relies
on a fit to only 14 data points. We discuss the issues that are
involved in fitting extreme distribution functions to such a
small number of data points below. We also study the equiva-
lent variables within the CESM Large Ensemble over the pe-
riod 1950–2019, consistent with the period of observations.
We again apply a similar analysis to the CESM Large Ensem-
ble and to the long CESM preindustrial run, in this case using
18 segments of 70 years.

We note that in each of these three case studies, WWA lev-
erages many datasets, including ERA5 reanalysis, station ob-
servations, and the multimodel CMIP5 ensemble. We use a
subset of the data that WWA study but also the CESM Large
Ensemble data in a consistent manner across the three exam-
ple cases that we evaluate.

3. Results

We first describe our analyses of how extreme events depend
on GMST in the context of the long CESM preindustrial simu-
lation in section 3a. The simulation contains no time-varying

S H E RMAN E T A L . 280315 JUNE 2025

Brought to you by Harvard Library Information and Technical Services | Unauthenticated | Downloaded 06/26/25 07:51 AM UTC

https://www.ncei.noaa.gov/cdo-web/search
https://www.ncei.noaa.gov/cdo-web/search


anthropogenic forcing, making it useful for evaluating a null hy-
potheses associated with no anthropogenic influence. We then
consider each of the three case studies in sections 3b–3d. For
each case, we assess how GEV or GPD distributions fit the
observations relative to normal or lognormal distributions.
We then evaluate the justification for the inclusion of a GMST
dependence of the distribution parameters using the deviance
statistic and estimate the uncertainty level of the parameter a
used for the attribution. Finally, we examine the amount of
data needed to adequately constrain GMST dependence in a
GEV or GPD fit.

a. Extremes analysis of a preindustrial simulation

WWA examines the dependence of the distribution param-
eters of extreme events on the 4-yr running mean GMST.
Commonly, a linear dependence of a location parameter on
GMST, as represented by the parameter a, is used to estimate
the PDF of extreme events in, for example, 1900 versus 2020.
Changes in the PDF between these epochs are interpreted as
owing to the effects of anthropogenic climate change, imply-
ing that a indicates the extent to which anthropogenic climate
change affects extremes. We show here that it is possible,
however, for internal climate variability, such as ENSO, to
produce covariance between GMST and extremes that is ex-
pressed as a nonzero a even without anthropogenic influence.
This covariance is demonstrated most clearly in this section
by using a preindustrial climate model run, but we also elabo-
rate upon this basic result using the CESM Large Ensemble.
For attribution purposes, this result suggests that the value of
a calculated in the presence of a greenhouse gas (GHG) in-
crease can be affected by internal variability, biasing the attri-
bution results. It should be noted that in a realistic scenario, a
is affected by both anthropogenic climate change and internal
variability. The scenario of internal variability alone analyzed
here is artificial, of course, and does not capture that, in the
current climate, GMST is a reasonable proxy for anthropo-
genic climate change. Analyzing simulations that only include
internal variability nevertheless provides insight into the ef-
fects of internal variability in more complete scenarios.

To examine this potential role of internal variability, we start
with the case of the hot weather associated with the bushfires in
southeastern Australia and perform a GEV analysis using a
1800-yr CESM preindustrial run. This run holds anthropogenic
CO2, other anthropogenic greenhouse emissions, volcanic (natu-
ral) emissions, land use changes, and anthropogenic aerosols
at values estimated for the year 1850. We divide the run into
18 data segments of length 94 years, equal to the length of
the observed record and analogous to having 18 simulations
of historical climate without ACC. The distribution of a val-
ues for the GEV preindustrial analysis is shown by the green
bars in Fig. 1a. We find a large and positive a calculated from
essentially all model output segments centered around a me-
dian value of 4.98C 8C21, or that extreme summer tempera-
tures increase by 4.98C for every 18C GMST warming. Note
that, following WWA, we are using 4-yr running average
GMST values for this computation.

It is difficult to imagine a physical causal mechanism that
would lead to such an enormous amplification of the GMST
signal in Australian heat waves. A more plausible interpreta-
tion is that internal variability}for example, ENSO}could
increase both extreme temperatures over Australia and, to a
smaller degree, GMST, generating covariance between extreme
events and GMST. In this scenario, GMST is not an indicator of
forcing of local extremes; rather, both local extremes and
GMST are influenced by a third factor. It is known that several
modes of internal variability affect extreme temperatures in
Australia, including ENSO, the Indian Ocean dipole, and the
southern annular mode (Hendon et al. 2007; Ummenhofer et al.
2009; King et al. 2020). Min et al. (2013) find that ENSO and the
Indian Ocean dipole can lead to warming of extreme tempera-
tures in southeastern Australia by around 18C, indicating that

FIG. 1. Effect of internal climate variability on a distribution.
PDFs of a for (a) the Australian 7-day moving mean of the maxi-
mum temperature related to the analysis of the 2019–20 bushfires;
(b) the Siberian maximum daily temperatures that were used in the
analysis of the 2020 heat wave; and (c) the Madagascar 2-yr precip-
itation used in the analysis of the drought of 2019–21. The analyses
are based on the 1800-yr CESM preindustrial run with 94-, 98-, and
70-yr segments, respectively (green), and the 35 LE members
(blue). The lengths of these segments correspond to the extent of
the observed records used in CC2021, OK2021, and HW2022. The
median values for the CESM preindustrial and LE for each of the
cases are indicated in the boxes. The median values are Australia:
aCTRL 5 4.9, aLE 5 0.4; Siberia: aCTRL 5 1.1, aLE 5 2.5; and
Madagascar: aCTRL 520.02, aLE 5 0.09.
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internally generated variability can have an effect that is similar
in magnitude to ACC.

WWA recognizes that a may be influenced by internal vari-
ability and, as noted, uses a 4-yr running mean GMST to filter
out the effects of short-term internal variability. This ap-
proach, however, may not fully remove the ENSO signal. Fur-
thermore, there is also the potential for nonlinear interactions
between ENSO and GMST as well as the presence of slower
modes of variability such as the Pacific decadal oscillation
(PDO).

A similar analysis of Australian heat extremes made using the
CESM Large Ensemble, which includes anthropogenic forcing,
gives a distribution of a that is closer to zero (blue bars in Fig. 1)
than in the unforced simulations (green bars). This indicates that
both ACC and internal variability influence regional extremes
and GMST, such that estimates of a will reflect multiple pro-
cesses. In simulations with time-varying anthropogenic forcing,
however, there is no way to disentangle the effect of internal
variability on a using the WWA approach as described in the
published literature. We conclude that the magnitude of a may
be a biased indicator of anthropogenic influence. Including indi-
ces of internal variability as covariates (by adding parameters
that represent the dependence of the distribution on regional cli-
mate variability modes such as ENSO) may help to disentangle
their respective contributions. Yet, the projection of internal
variability onto GMST can still confound the results, and
adding additional parameters to the distribution to represent
the dependence of the distribution on regional climate vari-
ability modes such as ENSO may not be justified given that
below we find that even adding the single parameter a can be
questioned due to the short observed record.

These results highlight a potential major difficulty with
analyses based on a fit of distribution parameters to GMST in
a more realistic scenario that includes both internal variability
and ACC: the calculated a, and therefore the shift in the
probability of extreme events, may be due to internal variabil-
ity rather than only ACC. When analyzing the observational
record in section 3c, we find a ’ 28C 8C21. This suggests a 28
warming of extreme temperatures for a 18 warming of the
GMST, which is at the upper end of the range of values esti-
mated from CESM Large Ensemble (LE). Based on our re-
sults from the CESM preindustrial run with a time-invariant
anthropogenic forcing, we therefore suspect that the estimate
obtained for a from the observed record is biased high by in-
ternal variability.

Analysis of the CESM preindustrial run for the case of
Siberian heat waves (green bars in Fig. 1b) shows that the
value for a deduced from a record similar in length to that of
the observations ranges between 1 and 4, although there is
again no time-varying anthropogenic forcing in the corre-
sponding model run. This large and variable response implies
that a nonzero a does not necessarily imply an effect of ACC.
It may suggest that natural variability affects the value of a
for Siberian heat waves during some decades but not others.
This analysis shows that a equal to zero is an unsuitable null
hypothesis for the purposes of evaluating the presence of an
anthropogenic influence on extreme events (for context, we

note again that WWA does not explicitly define a null
hypothesis).

For the case of Madagascar drought (Fig. 1c), we find a
large spread in a for both the preindustrial run as well as the
CESM Large Ensemble, with both centered near zero. The
fact that a distribution from the preindustrial run is centered
around zero suggests that a null hypothesis of a equal to zero
may be appropriate, but the fact that a from the Large Ensem-
ble is also centered around zero indicates that there is little po-
tential for this test to discern an ACC influence on extremes.
That is, low extremes of precipitation show no systematic in-
crease or decrease related to GMST in either the forced or un-
forced runs such that this test has low statistical power. We
further consider this case below using observations.

The analysis in this paper shows that internal variability can
lead to a large a. We conclude that in a more typical scenario
analyzed using the WWA methodology and applied to obser-
vations under varying anthropogenic GHG and aerosols, the
value of a may still be affected by internal variability and,
therefore, may bias the estimates of the effect of ACC on the
return time of extreme events. One could justify the WWA
use of the 4-yr averaged GMST as being a proxy for known
greenhouse gas concentrations. If CO2 were indeed used, the
analysis of the preindustrial run would, of course, show no de-
pendence, eliminating this problem, though then introducing
issues associated with lags between GHG concentrations and
warming (Proistosescu and Huybers 2017). Because WWA
studies use GMST, we follow that methodology here.

The result that internal variability may strongly affect a when
the 4-yr average GMST is used to link extreme events to ACC
suggests that it might be useful to reevaluate some of the WWA
results based on the fit to extreme distributions. It is possible, of
course, that a strong anthropogenic signal in a few decades could
significantly affect extreme events and overwhelm the effects of
internal variability in cases such as the Siberian heat wave. The
attribution of extreme temperatures may be more difficult in
cases like the Australian example, where the effects of internal
variability are large, as indicated by the large a detected in the
CESM preindustrial simulation. In such cases, it would be im-
portant to correctly identify all relevant covariates}such as the
possible effect of ENSO in the Australian case}and note that
misleading results for a may be obtained if one relies only on
GMST.

b. Siberian heat wave

We now explore other facets of the attribution of the
Siberian heat wave in the summer of 2020 to anthropogenic
change, notwithstanding the foregoing finding that the inter-
pretation of a is complicated by the presence of internal vari-
ability. We focus specifically on the CC2021 analysis of the
June daily maximum temperatures because it allows us to ad-
dress the question of whether the data justify the use of non-
stationary (GMST dependent) extreme value distributions.

While it is understood based on theoretical considerations
that a GEV is the appropriate representation of block max-
ima of data (Coles et al. 2001), it is not obvious for a given
problem what minimum block size justifies using a GEV and
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specifically if a year of daily maximum data suffices. This is es-
pecially an issue given that the temperature is autocorrelated
and, therefore, more data are needed per averaging block to
justify the use of a GEV. It is, therefore, worthwhile to check
how well other standard distributions perform in fitting the
data.

A cumulative distribution estimate of the highest June daily
maximum temperature observed each year between 1926 and
2020 at the Verkhoyansk station is shown in Fig. 2a along
with a 95% confidence interval of the CDF obtained by boot-
strapping. In the first step of our analysis, we consider cumula-
tive distribution function fits to the observed distribution,
assuming the data follow either a GEV or normal distribu-
tion. The fitted distributions are specified here to be station-
ary [by setting a 5 0 and m 5 m0 in Eqs. (1)–(4)]. Fits are
obtained by maximizing the likelihood of the data, and the re-
sults are shown in Fig. 2a. Both distributions generally fit the
observations well, with the normal fit completely within the
95% range of the observed distribution, and with the GEV fit
being good except at the highest temperature, where it slightly
underestimates the probability of obtaining the highest tempera-
tures. There is only one data point above 358C, so the empirical
CDF is poorly constrained there in any case. Interestingly, the
normal distribution and GEV CDFs look similar and lie within
the confidence intervals defined for the empirical CDF, despite
the normal distribution having fewer parameters than the GEV.
It is worth noting that a GEV and a normal distribution may as-
sign very different probabilities to extreme events, even when
the two distributions provide an adequate fit to the observed

CDF. These modeling decisions are therefore of critical impor-
tance for attribution studies, which usually focus as much or
more on the estimation of the exceedance probability and return
period of an event}and, consequently, on the changing likeli-
hood and fraction of attributable risk of an event}as they do
on the change in intensity. It is therefore useful to consider alter-
nate distributional forms.

The quality of fits indicates that an extreme value distribu-
tion is not empirically a better choice than a normal distribu-
tion for fitting the data. Similarly, a nonstationary distribution
with a Þ 0 may not be necessary given that the stationary dis-
tributions seem to provide a satisfactory fit to the empirical
cumulative distributions, and we further examine this next.
CDFs are commonly used to differentiate between distribu-
tion functions, and the results of a Kolmogorov–Smirnov test
(Supplemental Fig. 1 in the online supplemental material for
normal, GEV, and empirical distributions) also suggest that
the normal distribution is consistent with the observed data.
An application of Occam’s razor principle suggests that the
simpler normal distribution should be used rather than a
GEV if there is not a significant improvement in the distribu-
tional fit with the GEV. This is also discussed by Philip et al.
(2020) who mention explicitly that the extreme value distribu-
tions may not outperform a simpler (normal) distribution in
some cases. Otto et al. (2018) opted to use a normal distribu-
tion in lieu of a GPD for attribution analysis of a cold spell in
Peru because the normal “uses all data, rather than the GPD,
which samples only the cold tail.” CC2021 found that a nor-
mal distribution fits the data well but proceeded to use a

FIG. 2. Siberian heat wave: (a) examining the fit of a GEV and normal distribution to Verkhoyansk station data.
The red curve indicates the empirical CDF of the highest daily maximum temperature for each year for the
Verkhoyansk station data. The purple and blue lines denote fits by a GEV (with a constant location parameter) and
a normal distribution, respectively. The light and dark green shadings correspond to the 90th and 95th percentile confi-
dence intervals (section 2c). (b) Justification for using a GMST-dependent mean. Boxplots of the deviance statistic be-
tween a GEV distribution without a GMST-dependent mean relative to a GEV distribution with a GMST-dependent
mean using the Siberian heat wave data with 5000 bootstrap resamples. The edges of the boxes correspond to the first
and third quartiles. The deviance statistic for the station observations is shown in green as the leftmost box. The devi-
ance statistic was also computed for each of the 35 members from the CESM LE (blue). The 95th percentile signifi-
cance level from x2k51 distribution with one degree of freedom is shown by the horizontal red line, corresponding to
the addition of 1 degree of freedom by including a in the fitted model.
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GEV for the bulk of the analysis. These results question the
need for extreme value distribution functions when it comes
to attribution analysis. One might want to use proper selec-
tion criteria [the Akaike information criterion (AIC) or the
deviance statistic also known as (AKA) the log-likelihood ra-
tio test which we use in this work, or similar] to rigorously de-
cide which of the models performs best.

We now proceed to examine the role of GMST in the fit to
a GEV distribution [Eq. (4)] in this particular application, fol-
lowing CC2021. A linear regression of GMST anomalies
against daily max temperatures gives a slope of 1.18C 8C21

(Fig. 3a), where this value indicates that the annual maximum
daily temperatures at Verkhoyansk increase slightly more
quickly than GMST. The squared Pearson correlation, how-
ever, is only r2 5 0.01, with a p value of 0.2, indicating that
GMST is only a weakly significant indicator of trends in
Siberian temperature maxima.

Figure 3b shows the maximum likelihood fit of a nonsta-
tionary GEV, including a, for multiple bootstrapping samples
as specified in the methods section. The value of a estimated
from the observations is 1.88C 8C21, larger than the slope of
1.1 obtained from the linear regression. This discrepancy be-
tween a and the slope suggests that the conclusions from an

attribution analysis can be highly sensitive to the choice of
the fitted distribution, again underscoring the importance of
model selection. The [2.5%, 97.5%] confidence interval is
[21.2, 4.8], while the 5% value is 20.7 (Fig. 3b; red plots).
Both indicate that a is not significantly different from zero. It
is noteworthy that the red distribution in Fig. 3b is bimodal,
presumably because some of the bootstrapped samples in-
cluded the 2020 event and some did not. This suggests that
the fitted distribution is very sensitive to the inclusion or exclu-
sion of the event (again consistent with Miralles and Davison
2023); that is, a would be significantly nonzero if the event is in-
cluded but is not significant when it is omitted. While CC2021
did not provide an uncertainty range for a, they note that the
change in intensity of Siberian heat waves at a fixed probability
is estimated from their inferred PDF as 1.048C (with a 95%
confidence interval from 0.35 to 3.4). The a is directly related
to the change in intensity: The change in intensity is k 3 a,
where k is the observed GMST change between the two peri-
ods of interest, usually 1.28C. Assuming a GMST change of
1.28C, we infer the value of a in CC2021 is 1.3 with a 95% con-
fidence interval from 0.42 to 4.1. The central estimate of a is
similar to our results but entails a smaller uncertainty range,
likely due to our decision to include the 388C event in our
bootstrap resampling, but which was not done in CC2021. The
bootstrapped distribution for all GEV parameters for the obser-
vations is given in supplemental Fig. 2.

The deviance statisticsD (section 2d) indicate that the addi-
tion of a model parameter a, representing the GMST depen-
dence, is justified in the case of the Verkhoyansk observations
(Fig. 2b, leftmost bar is above the threshold indicated by the
red horizontal line). Yet the deviance statistic uncertainty
range includes a large range that is below the significance line,
which seems appropriate given that the uncertainty range for
a includes negative values.

To provide context for the interpretation of the Verkhoyansk
observational results, we also examine output from the CESM
Large Ensemble, which includes time-varying anthropogenic
forcing, at the grid point containing the Verkhoyansk station.
We find that all ensemble members within the CESM Large
Ensemble indicate a positive value of a, with a mean value of
2.608C 8C21 (Fig. 3b; blue plots). Similarly, 33 of 35 ensemble
members give a deviance statistic that supports the use of a
nonstationary component (i.e., a GMST dependence) in the
GEV statistic (Fig. 2b).

The fact that the LE results indicate a stronger link between
Siberian extremes and GMST (i.e., a larger a) is consistent with
the LE, on average, simulating an Arctic-wide summer warming
rate of 1.88C 8C21 warming in GMST, whereas an observational
analysis only indicates a rate of 1.38C Arctic JJA warming per
degree Celsius in GMST (using GISTEMP for both; Figs. 4a,b).
This greater amplification of Arctic warming may be related to
the fact that CESM1 has a relatively high climate sensitivity of
4.1 K (Gettelman et al. 2019). That said, one expects heat waves
to be strongly influenced by the JJA climatology, and Fig. 4c
shows that different ensemble members, corresponding to differ-
ent realizations of internal variability, show very different depen-
dencies of the Arctic JJA climatology on GMST. It is difficult,
therefore, to estimate from the single realization corresponding

FIG. 3. Siberian heat wave: uncertainty in a. (a) Scatterplot of
the daily max temperature at the Verkhoyansk station against
GMST. The red line indicates a linear regression fit to the data,
and the blue line indicates a linear fit using the location parameter
and a derived from the GEV maximum likelihood estimate. [(b);
red] PDF of the GEV-fit a distributions from the station data, us-
ing 5000 bootstrap resamplings of the observed time series. The a
value from the observations (no resampling) is shown by the verti-
cal red line. [(b); blue] A histogram of the GEV-fit a PDFs derived
from the CESM LE, where the a values are calculated from each
ensemble member with no resampling. The average a value across
the LE is indicated with the blue line. There are 94 annual data
points for each ensemble member.
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to the observed record to what degree the Arctic JJA climatol-
ogy is affected by ACC versus internal variability, adding to the
uncertainty in attributing Siberian heat waves. To address this is-
sue, the WWA protocol includes a step where the same analysis
is applied to climate models, leveraging a range of climate mod-
els so that results are not dependent entirely on one GCM, and
results are reported from both sources.

Unsurprisingly, if data from multiple ensemble members
are analyzed simultaneously as a single dataset, which mimics
the availability of more data, the distribution of the GEV pa-
rameters narrows, generally converging around the mean
value of the parameters across individual ensemble member
fits (Fig. 5). The 95% confidence range for a (red asterisks in

Fig. 5a) decreases from a large range of [1, 4] (8C 8C21) with
one ensemble member to a smaller [2, 3] range with 10 en-
semble members. Similar behavior is seen for the other GEV
parameters. This implies that with a sufficiently long record,
one can reduce the uncertainty in the GEV parameters, as ex-
pected, but that might require much more data than is ex-
pected to be available in the historical record anytime soon.

The overall result for the GMST dependence for the Siberian
heat wave analysis, which is the basis of the attribution to ACC,
is largely consistent with the results found from CC2021 but
with three important caveats. First, we found in the previous
subsection that internal variability can lead to GMST depen-
dence that biases the value of a and hence the attribution results

FIG. 4. Internal variability and the attribution of Siberian heat waves. (a) A scatterplot of the annual average JJA
Arctic (north of 708N) surface temperatures against the 4-yr running mean of GISTEMP annual GMST. (b) As in (a),
but for the 35 members of the CESM LE over the period 1926–2019. (c) PDF of the slopes of annual average JJA
Arctic surface temperatures against the 4-yr running mean of annual GMST within each member of the CESM LE
with 5000 bootstrap resamples (red). The same distribution is indicated for GISTEMP observations in blue. The verti-
cal red line indicates the mean slope across the CESM LE, and the vertical blue line indicates the slope determined
from observations.
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(Fig. 1a). Second, whereas a GEV fit a priori makes sense to fit
to block maxima of daily temperature extremes, a normal distri-
bution with a 5 0 does not appear to be ruled out by the obser-
vations (Fig. 2a). This may be a result of both the relatively
short observational record and the autocorrelated nature of
the temperature extremes. Still, a nonzero a is found to
meaningfully improve the statistical fit to the CESM Large
Ensemble Siberian extremes based on deviance statistics.
Finally, the uncertainty range for a, which was not explicitly

evaluated in the original WWA analysis, includes negative val-
ues (Fig. 3b).

c. Australian bushfire heat wave

We now consider the analysis of possible connections be-
tween the hot weather that may have contributed to the
Australian bushfires of the summer of 2020–21 and ACC, us-
ing both observations and the CESM Large Ensemble, following
the observational analysis of OK2021. We again find that a
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FIG. 5. Siberian heat wave: uncertainty in GEV parameters as a function of the number of ensemble members used.
PDF contour plots for each of the GEV parameters as a function of the number of ensemble members used from the
CESM LE and the parameter value. One ensemble member is equivalent in length to the historical record. The PDFs
for (a) a, (b) j, (c) s, and (d) m0 are shown. The PDFs were derived from the highest daily maximum Siberian temper-
ature in June, as in CC2021, using the CESM LE. Contours are drawn every 0.3 for (a), 2 for (b), 1.5 for (c), and 0.7
for (d), all starting at 0.05. We denote the 95% confidence range for each number of ensemble members by the red
asterisks.
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normal distribution and a GEV distribution (both with a cons-
tant mean/location parameter) fit the 7-day moving mean of
daily temperature maxima in the observations without a GMST
dependence well (Fig. 6a). In this case, a normal distribution fit
to the empirical distribution has a mean absolute error (MAE)
of 0.01, equal to the MAE for the GEV fit. Supplemental Fig. 3
shows results for normal, GEV, and empirical distributions that
again suggest that the normal distribution aligns well with the
observed data. The alignment may reflect that the small number
of available data do not constrain the PDF very well. Given that
the normal distribution has one less parameter, it seems to offer
a simpler approach to representing the data. The deviance statis-
tic for the observations does suggest a significant GMST compo-
nent (leftmost bar in Fig. 6b). However, given the possibility
that this component is driven by internal variability rather than
by anthropogenic change (section 3a, Fig. 1a), one must con-
clude again that even if a significantly differs from zero, this
might reflect a bias introduced by the effects of internal variabil-
ity. This underscores the need to include covariates representing
relevant internal variability based on our physical understanding.
The deviance statistic test for the CESM Large Ensemble shows
that in only five of the 35 ensemble members is the extra com-
plexity of adding GMST dependence to the distribution justified
(Fig. 6b). This raises the question of whether the influence of
GMST, and therefore of ACC in the WWA formulation, is a
necessary part of the statistical description of extreme tempera-
tures in Australia as represented in the CESM Large Ensemble.
It should be noted that our results relate only to one climate

model that, of course, does not necessarily represent all the rele-
vant physical processes at work in the real world. The use of
multiple climate models in the WWA analysis helps ensure a
wider range of process representations are included.

The regression analysis of Australian extreme temperatures
and GMST (Fig. 7a) as well as the range of a values estimated
from observations (Fig. 7b; red), both show a GMST depen-
dence near a 28C change in extreme temperatures per degree
increase in GMST. As mentioned above, a sensible null hypoth-
esis for heat waves in a warming climate is that the extreme val-
ues shift with the mean warming (Tziperman 2022). The GMST
dependence calculated here suggests that Australian heat waves
increase at nearly twice the rate of the GMST. Such a strong
response requires a physical mechanism. Some candidates are
1) the fact that land heats up more quickly than the ocean, so
GMST always tends to lag behind land surface temperatures;
2) soil drying can lead to further increases in warming over land
as less water is available for evaporative cooling, etc. It is not
clear that these can lead to a doubling of the GMST effect, but
further exploration of this amplification is beyond the scope.
The alternative is that this is a result of internal variability}
possibly, ENSO}affecting both Australian heat extremes and
the GMST, consistent with Fig. 1a. Again, this suggests that
using this value of a for attribution may lead to biased re-
sults. Finally, Fig. 7b (blue) shows a large range of GMST de-
pendencies for different ensemble members in the CESM
Large Ensemble, again highlighting that a large component
of this dependence most likely represents internal variability

FIG. 6. Australian bushfire heat wave: (a) testing the justification for a GEV. The red curve indicates the empirical
CDF of the highest annual 7-day running mean of daily maximum temperature over the area defined in OK2021 for
observations. The purple and blue lines denote GEV (with a constant mean) and normal distribution fits, respectively.
The light and dark green shadings correspond to the 90th and 95th percentile confidence intervals. (b) Justification for
using a GMST-dependent mean. Boxplots of the deviance statistic between a GEV without a GMST component and
a GEV with a GMST component using the Australia bushfire heat wave example with 5000 bootstrap resamples. The
edges of the boxes correspond to the first and third quartiles. The deviance statistic was computed for each of the
35 members from the CESM LE (blue) and compared with the 95th percentile significance level from x2 distribution
with 1 degree of freedom (red line). A boxplot for the deviance statistic for observations is shown in green.

J OURNAL OF CL IMATE VOLUME 382810

Brought to you by Harvard Library Information and Technical Services | Unauthenticated | Downloaded 06/26/25 07:51 AM UTC



rather than anthropogenic change. The distribution of all
GEV parameters for the observations is given in supplemental
Fig. 4. How the GEV parameters scale with the number of
CESM Large Ensemble members used is indicated in
supplemental Fig. 5.

d. Madagascar drought

Finally, we consider the attribution analysis for the 2019–21
drought in Madagascar, following the lead of HW2022. This
case differs from the two examined above in that it analyzes
precipitation extremes that are positive by definition. HW2022,
therefore, used a different extreme value distribution function,
the GPD, which is meant to represent the high tail of the distri-
bution of extreme events over a specified threshold (Coles et al.
2001). As discussed in section 2, HW2022 analyzed the driest
20% of the 2-yr averages of precipitation data from 1951 to
2020 multiplied by minus one to turn minima (droughts) into
maxima. We follow their example, with the important caveat
made in section 2b that the validity of using a GPD this way
for precipitation data is not guaranteed, given that there is a
hard maximum at zero precipitation that seems inconsistent

with the definition of the GPD.We also note that taking the low-
est 20% of 2-yr precipitation data points amounts to only 14 data
points, likely too low a number for a reliable attribution.

Figure 8d shows theMRL plot (section 2e) for theMadagascar
drought case. As a reminder, this plot needs to scale linearly
within the range of the chosen threshold value (section 2e) in
order for the GPD analysis to be justified and self-consistent.
For small and large values of precipitation, the MRL curve
appears to curve nonlinearly, indicating that a GPD fit is
likely invalid using those thresholds. For precipitation thresh-
olds ranging from roughly 1.6 to 2 mm day21, the MRL curve
plateaus. The orange line shows the expected MRL line,
[s 1 uj/(1 2 j)]; that slope does not align with the MRL
curve around the value of 1.9 corresponding to the 20th per-
centile precipitation threshold chosen by HW2022. In gen-
eral, we suggest that this MRL analysis should be helpful in
examining the self-consistency of applying a GPD to precipi-
tation data, though the small number of data points appears
an obstacle for a reliable MRL analysis in this particular case.
Specifically, it is not obvious if the required linear range exists
to a degree that justifies using a GPD distribution and allows
for selecting a threshold.

We find again that an extreme value distribution is not re-
quired by the data distribution. The GPD fit to the bottom
20th percentile precipitation data is no better than a lognor-
mal distribution fitted to all of the precipitation data (Fig. 8a).
Furthermore, both the lognormal and GPD fits indicate no
need of a GMST dependence, in keeping with the small value
of a found by HW2022. A lognormal distribution seems a rea-
sonable null hypothesis for the positive precipitation data. In
fact, the empirical CDF is practically unconstrained at its
lower tail because there are no data points below a value of
1.25 mm day21. Supplemental Fig. 6 for GPD, lognormal, and
empirical distributions also suggests the lognormal distribu-
tion looks reasonable, albeit acknowledging the highly limited
sample size in this case.

The deviance statistic for the Madagascar precipitation ob-
servations is marginally significant at the X% level (leftmost
green bar is above the red significance line, Fig. 8b), indicating
that the inclusion of the additional model parameter a is justi-
fied. Uncertainty plots for the GPD parameters fit to these
precipitation observations are indicated in supplemental Fig. 7.
The bootstrap estimates for a parameter (supplemental Fig. 8a)
range over both negative and positive values, indicating that
it does not significantly differ from the null. None of the 35 en-
semble members exceed the deviance statistic significance
level. Figure 1c shows that there is no relation between these
extreme drought events and GMST. One interpretation is that
this is due to the absence of any strong effect of internal vari-
ability modes on both GMST and Madagascar drought, in con-
trast with the analysis of Australian temperatures in Fig. 1a.
Also, Fig. 8b may suggest that the CESM Large Ensemble
does not adequately capture the effect of ACC on droughts in
Madagascar.

As a reminder, the threshold parameter of the GPD, corre-
sponding to the maximum precipitation value considered as
an extreme drought year in this attribution case, was assumed
by HW2022 to vary exponentially with the GMST T as

FIG. 7. Australian bushfire heat wave: distribution of a values.
(a) Scatterplot of the highest annual 7-day running mean of daily
maximum temperatures against GMST (following OK2021). The
red line indicates a linear regression fit to the data, and the blue
line indicates a linear fit using the location parameter and a derived
from the GEVmaximum likelihood estimate. [(b); red] PDF of the
GEV-fit a distributions from observations, using bootstrap resam-
pling. The a value from the observations without resampling is
shown by the red line (at 1.7). [(b); blue] Effect of the internal vari-
ability and number of data from a model LE on the uncertainty in
a for the Australian Bushfire heat wave example. Shown is a histo-
gram of the GEV-fit a PDFs derived from the a value from each
ensemble member with no resampling. The mean a value across
the LE is indicated with the blue line.
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u5 u0exp(aT /u0) with u0 , 0. If droughts become more se-
vere with increasing GMST, we expect the threshold parame-
ter for the distribution of the negative precipitation to get
larger (less negative) with increasing GMST, and therefore
a/u0 to be negative and a to be positive. The value of aGPD

calculated from observations is small and indistinguishable
from zero (Fig. 8c). The exponential fit was assumed by
HW2022 to ensure that the scaling factor exp(aT /u0) applied

to both u0 and s0 is strictly positive, so the distribution has
fixed dispersion (Philip et al. 2020). A scatterplot of ERA5
precipitation against GMST anomalies looks notably linear
(see the dashed blue line in Fig. 8c), consistent with the
Taylor expansion of the exponential function, which is as
follows:

u 5 u0exp(aT /u0) ’ u0(1 1 aT /u0) 5 u0 1 aT :

FIG. 8. Madagascar drought: (a) evaluating GPD and lognormal fits to rainfall data. An empirical CDF of rainfall is
shown (red line, with 90th and 95th percentile confidence intervals shown by red shadings), based on 24-month run-
ning means of daily precipitation over the Madagascar area defined in HW2022 using ERA5 precipitation. A GPD fit
to the bottom 20th percentile precipitation (black) and a lognormal fit to the full distribution (blue). (b) The deviance
statistic between a GPD with and without a GMST component in the CESM LE (blue) and observations (green).
(c) Scatterplot of the 2-yr running mean of ERA5 daily precipitation over the Madagascar area defined in HW2022
against the 4-yr running mean of annual GMST for the lowest 20% precipitation data. The dashed blue line shows the
exponential GPD log-likelihood fit for the threshold parameter for the observations without resampling [Eq. (7)] fol-
lowing HW2022. (d) MRL plot (section 2e) for different precipitation thresholds. The blue shading defines a region of
confidence calculated as 6 1 standard deviation. The red line denotes the threshold used in the GPD fit of HW2022
(i.e., the 20th percentile). The orange line represents the full linear equation from Eq. (9) [s 1 uj/(12 j)].
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The small value of a found for observations indicates that
the increase in GMST has had little effect on the statistics of
2-yr-average precipitation in Madagascar. Whereas this is also
the conclusion reached by HW2022, we found that the data
can be fitted with a lognormal distribution rather than the
GPD and without GMST dependence (Fig. 8a). Further, the
deviance statistic only marginally justifies adding GMST depen-
dence for observations and does not justify adding such depen-
dence for model output (Fig. 8b). The fact that only 14 data
points are involved in the fit seems much too small to draw any
meaningful conclusions on an extreme value distribution.
Supplemental Fig. 9a indicates that even if using the equivalent
of 35 times as much data, the uncertainty range for a includes
both positive and negative values. One could, therefore, con-
clude that there is no clear relationship between GMST and
low rainfall in this region.

4. Conclusions

We were inspired in this work by a series of attribution stud-
ies by the “World Weather Attribution (WWA) initiative”
and evaluated the part of their methodology that involves a fit
of extreme value distribution functions to observations. The
full protocol used by this effort (Philip et al. 2020) involves ad-
ditional tools and model analyses, including selecting and de-
fining extreme events, analyzing trends in observational data,
using multimodel ensembles to simulate event scenarios with
and without human-induced climate change, performing qual-
ity checks on model accuracy, and synthesizing results to de-
termine climate change’s influence on the event’s intensity and
likelihood. A central WWA method, nevertheless, involves fit-
ting an extreme value distribution function to an observed re-
cord, with the distribution parameters depending on global
mean surface temperature (GMST), whose variation is taken
to represent ACC. For example, the location parameter of an
extreme value distribution (GEV) is sometimes made a linear
function of GMST T as m5 m0 1 a3 T . The GMST depen-
dence included in the function is then used to calculate the
change in return time of extreme events. This method was ap-
plied to many extreme events such as heat waves, cold spells,
floods, droughts, and more (e.g., van Oldenborgh et al. 2016;
van der Wiel et al. 2017; van Oldenborgh et al. 2017; CC2021;
OK2021; HW2022). We examined the robustness of the results
of three example WWA studies, demonstrated when the re-
sults may be unreliable due to the effects of internal variabil-
ity, and suggested several additional statistical tests, reviewed
below, that may increase confidence in the results of such an
analysis.

We began by examining the GMST dependence of extreme
heat wave events in Siberia (following CC2021) and Australia
(following OK2021), as well as drought in Madagascar (fol-
lowing OK2021), using data from a CESM preindustrial simu-
lation. We found a significant GMST dependence in the first
two cases, indicating that such dependence can result from in-
ternal variability rather than only represent the effects of
ACC. The GMST dependence, in these cases, is a result of re-
gional internal variability such as ENSO or other climate vari-
ability modes, which affects the extreme events being examined

and also weakly affects GMST. This points out that the value of
a calculated in the more realistic case where both effects are
present includes the effects of internal variability in addition to
those of ACC. The value of a in the Australian case is espe-
cially large and could naively be interpreted as indicating that
every degree increase in GMST is associated with a 58 increase
in Australian heat waves. Heuristically, the large values of a
can be thought of as a result of internal variability (possibly
ENSO) affecting GMST by 0.28 for every 18 effect it has on
Australian heat waves. As noted earlier, this issue could be miti-
gated in part by including indices for modes of internal variabil-
ity as covariates in the model fitting.

We tested if an extreme value distribution is indeed needed
by plotting the empirical cumulative distribution function
(CDF) with bootstrapping error bars (Figs. 2a, 6a, and 8a).
We found that fits using a standard distribution (normal or
lognormal) fall within the error bars of the empirical distribu-
tion, indicating that the observations do not empirically allow
for distinguishing between the characteristics of extreme value
and normal distributions. The differing tails of these distribu-
tions, however, lead to different extreme event return times.
Similarly, the standard distributions seem to fit the data well
without a GMST dependence, indicating that such dependence
may not be justified by the data. We further tested if the addi-
tion of a GMST dependence of the distribution parameters is
justified statistically using the log-likelihood ratio test, also
known as the deviance statistics. When adding a parameter}in
this case, a}one expects the fit to improve, but the question is
whether the improvement is beyond what is expected simply
due to the addition of one more model parameter, so that one is
convinced that the additional parameter represents a genuine ef-
fect in the data. We found that in the Australia and Madagascar
cases, there is no justification for the addition of a.

The Madagascar drought attribution (HW2022) was based on
only fourteen of the lowest 2-yr-averaged precipitation rates,
hardly sufficient to construct a meaningful empirical CDF or to
constrain the four parameters of the GPD distribution used for
that purpose. In addition, computing 2-yr averages of precipita-
tion and applying an extreme value distribution may lead to in-
consistencies a priori given that averages converge to a Gaussian
distribution (under the central limit theorem). The GPD fit to
the record, in this case, is meant for high values above a
threshold, and the expected mean needs to vary linearly with
the threshold chosen. We follow Coles et al. (2001) in sug-
gesting that a mean residual life (MRL) plot can generally be
used to test the self-consistency of using a GPD. In this case,
it was not clear that these drought events are well repre-
sented by a GPD, but with the aforementioned overarching
concern regarding the number of data points. To deal with
the loss of data associated with this approach and difficulties
in choice of an optimal precipitation threshold, Naveau et al.
(2016) suggest instead using a statistical model fit to the full
distribution of precipitation data, which has the added bene-
fit of following the rules of extreme value theory for both
high and low precipitation events. While our results}that at-
tribution of 2-yr-averaged precipitation is not possible}
agree with those of HW2022, we emphasized our different
perspective: It is unlikely that attribution would be possible
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based on such a small number of data points, as well as the
other difficulties pointed out above. In contrast, other ap-
proaches evaluating changes in the seasonal cycle of precipi-
tation have led to the attribution of shifts in seasonal rainfall
patterns in southern Madagascar to climate change (Rigden
et al. 2024).

An important issue raised by this work is the discrepancy
between the modeled and observed findings, as seen, for ex-
ample, in the deviance statistic results for the observations
versus CESM Large Ensemble (Figs. 2b, 6b, and 8b). This
may be due to a particular sequence of internal variability in
the observations, measurement error in the observational re-
cord, or issues with the simulation of extreme weather in the
CESM Large Ensemble. It would be helpful to test if these
discrepancies also occur with other models. The use of multi-
ple models by WWA (Philip et al. 2020; OK2021) may help
mitigate against this kind of problem.

Overall, our results suggest uncertainty in the interpreta-
tion of the dependence of the parameters of extreme event
distributions on the global mean surface temperature as re-
flecting ACC. The proposed and demonstrated deviance sta-
tistic, MRL plot, and a careful analysis of uncertainty ranges,
especially for a, may help avoid misguided confidence in attri-
bution results. As noted in the introduction, the WWA does
not exclusively rely upon the empirical methodology evalu-
ated here to reach conclusions, and also evaluates other his-
torical data, model simulations, and the dynamical context.
Philip et al. (2020) also highlight some caveats, including the
necessity of testing for other probability laws (e.g., Gaussian
and gamma) and covariates (ENSO, PDO, etc.), among other
issues. Nevertheless, the observations-based component of
the WWA methodology examined here still figures promi-
nently in their analyses, and we have highlighted several cav-
eats with its interpretation, foremost that internal variability
can give rise to the appearance of strong covariance between
GMST and local extremes. It is important to study when the
ACC signal emerges distinctly relative to internal variability on
a case-by-case basis. The ACC signal is known to have emerged
in most regions of the world for temperature extremes, while
this may not be the case for variables like precipitation that
have much higher variability. Time of emergence is a factor that
should always be considered when discussing the results of an
attribution study. Our results do not provide evidence against a
relationship between GMST and local extremes but, rather,
that internal variability needs to be taken into account when
fitting a distribution function to the record. As currently im-
plemented, the WWA approach can lead to first-order biases
in some cases. It, therefore, seems that it may be best to use a
multimethod approach to ensure a robust attribution ap-
proach (e.g., Shepherd et al. 2018; Leach et al. 2024; Robin
and Ribes 2020; Sippel et al. 2024).

We suggest two key takeaways. First, controlling for internal
variability, possibly by making the distribution parameters de-
pend on additional covariates such as ENSO, appears important
to accurately estimate the mean ACC trend. This improvement
upon the current method should be further developed. The in-
clusion of additional covariates is vital as a way to avoid biases
in the estimate of ACC effects on extreme event statistics.

Second, empirical attribution techniques should be examined
by applying the approach to simulations with and without
changes to anthropogenic emissions. Application to such sim-
ulations would make it much easier to identify the likely in-
fluence of other factors on the local response in the absence
of ACC, and so to ensure that all relevant modes are in-
cluded in the statistical model, assuming the models are right
in this respect.
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