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Abstract. Anthropogenic climate change (ACC) is critically influencing numerous extreme events worldwide, leading to the

development of rapid attribution frameworks that allow for the timely evaluation of the role of ACC in changes in the fre-

quency and intensity of specific extreme events. ClimaMeter (Faranda et al., 2024b) is one of the tools recently developed to

contextualize extreme weather events relative to climate change. ClimaMeter analyses extreme events shortly after they occur

and leverages the analogue methodology for conditional attribution to evaluate whether and how events similar to the one5

analysed have changed in the recent climate. In order to attribute such changes to ACC, natural variability and its contribution

must be quantified. In ClimaMeter, three modes of sea surface temperature variability are considered: the El Niño–Southern

Oscillation, the Atlantic Multidecadal Oscillation, and the Pacific Decadal Oscillation. These three modes are considered with

equal weight regardless of the event’s location and type. Moreover, ACC is implicitly considered the primary factor influenc-

ing the occurrence of the event; therefore, changes not explained by natural variability modes are assumed to be attributable10

to ACC. Such an approach has potential limitations, which we address in this paper by proposing a refined and more flexible

version, called ClimaMeter 2.0. First, we propose weighting the three modes of variability according to the strength of the tele-

connection between the remote modes and the local hazards. Then, we test the hypothesis that ACC has critically influenced

the observed changes by analysing long-term trends in specific quantiles of the local hazard variables. After extensive testing

using pre-industrial climate simulations and observational data, we conclude that, while remaining within the same conceptual15

framework, ClimaMeter 2.0 provides greater flexibility and enables a more nuanced assessment of the influence of ACC on

specific extreme events.

1 Introduction

There is increasing confidence that ACC has contributed to increases in the frequency and/or intensity of certain weather20

and climate extremes since the pre-industrial period (Seneviratne et al., 2021). For example, changes in temperature extremes
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are directly linked to the radiative forcing associated with increased concentrations of greenhouse gases in the atmosphere,

leading to global warming. Consequently, it is virtually certain that the frequency and intensity of heatwaves have increased,

while those of cold extremes have decreased at the global scale since 1950. Precipitation extremes are influenced by increases

in atmospheric water vapour content of approximately 7% per degree of global warming at the global scale, consistent with25

the Clausius–Clapeyron relation (Hartmann, 1994). At the regional scale, changes in extreme precipitation are modulated by

atmospheric dynamics; nevertheless, the frequency and intensity of heavy precipitation events have likely increased at the

global scale in most land regions. In this context, it is of interest to examine whether ACC has influenced the intensity or

probability of specific extreme events. A precise subfield of climatology, extreme event attribution (EEA), has emerged and

developed over the last twenty years to answer this question (Otto, 2017). Several methods exist in EEA, but they generally30

rely on comparing extremes in current climate conditions —- namely, a climate strongly influenced by human activities —-

with the same extremes as they would have occurred under pre-industrial climate conditions (e.g., Jézéquel et al. (2018)).

These two climate states are commonly referred to as the factual (F) and counterfactual (CF) conditions, respectively. As

the counterfactual climate is generally not an observed state, EEA methodologies involve modelling it using climate models.

Usually, multiple climate models under different greenhouse gas emission scenarios are exploited in EEA studies (Shepherd,35

2016), thus requiring several days or weeks to be performed. In contrast, media coverage following an extreme event typically

persists for only one or two days before public attention shifts to other topics. (Khaled and Mcheick, 2019). Consequently, this

brief window represents the period during which media attention should be leveraged to effectively reach the public. Several

initiatives have been developed to address this challenge, including World Weather Attribution (ref) and ClimaMeter (Faranda

et al., 2024b) .40

ClimaMeter is a platform designed to provide near-real time analysis of extremes a few hours after they occurred, putting

them in the context of climate change. It currently analyses heatwaves, cold spells, heavy precipitation, windstorms and wild-

fires, based on the ERA5 reanalysis. Its main purpose is to provide information accessible to the general public on how the

events analysed have changed in the present compared to the past. To assess the temporal evolution of extremes, ClimaMeter

relies on the analogues methodology. This well-established technique in attribution science was devised by Yiou et al. (2007),45

and has been applied to attribute many kinds of extremes, such as droughts (Faranda et al., 2023), tropical cyclones (Bourdin

et al., 2025), extratropical storms (Ginesta et al., 2022, 2024), cold spells (Cattiaux et al., 2010), heat waves (Faranda et al.,

2022), derechos (Fery and Faranda, 2024), and tornado outbreaks (Faranda et al., 2022). One of the advantages of this method

is that it focuses on the atmospheric circulation associated with a specific extreme event and provides insights into the dynam-

ical processes that play a critical role in its development (Gavras-van Garderen et al., 2021). The central component of the50

ClimaMeter methodology is the identification of weather conditions similar to those characterising the event of interest, the

so-called circulation analogues (Yiou et al., 2007; Yiou, 2014). Analogues are identified in both a historical period less affected

by human activities, chosen to represent the counterfactual climate, and a recent period, representing factual climate conditions.

Information on the temporal evolution of the event is obtained by evaluating significant changes between periods across the two

sets of analogues. The changes are assessed in terms of circulation pattern and in terms of three meteorological hazards, which55

can lead to significant societal impacts: temperature, precipitation and wind speed. Such changes cannot be directly linked
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to ACC, because the potential influence of low-frequency modes of variability must first be accounted for. A key component

of the ClimaMeter methodology is therefore to assess the possible contribution of natural variability to the observed changes.

Three modes of sea surface temperature (SST) variability are taken into account: the El Niño–Southern Oscillation (ENSO), the

Atlantic Multidecadal Oscillation (AMO), and the Pacific Decadal Oscillation (PDO) (IPCC, 2021a; Deser et al., 2010). These60

modes are commonly represented by indices based on SST anomalies in characteristic regions, which track their evolution and

define positive and negative phases. We use these indices to evaluate the phase of each mode associated with counterfactual

and factual analogues. For each mode, if the two sets of indices differ statistically, the mode is considered to have potentially

influenced the observed changes. Conversely, if factual and counterfactual analogues are not associated with different phases

of modes, observed changes are attributed to ACC. This methodology enables a first assessment of the influence of natural65

variability, and allows to investigate whether analogues occurrence is associated to a specific phase of one or more modes of

variability, and to highlight links between the modes and extreme circulations. On the other hand, it has limitations. First, the

type of event and the specific region concerned are not taken into account. Indeed, in practice, the strength of the teleconnection

of the variability mode (i.e., the ability of the mode to influence the climate in remote regions) is spatially heterogeneous and

should depend on the hazard variable considered (IPCC, 2021a). Moreover, ClimaMeter method assumes that if the influence70

of the three modes cannot be proven, the observed changes can be ascribed to ACC. In other words, the default hypothesis

is that ACC played a role, and the analysis seeks to challenge this assumption by evaluating the potential contribution of the

modes of variability. While this hypothesis is typically the most appropriate, some phenomena (e.g. cyclones or storm) can

be both affected by warmer background and by dynamical changes often producing nonlinear and local changes (Shepherd,

2014, 2016; Trenberth et al., 2015).75

The main objective of the present work is to propose a more flexible and robust methodology for the quantification of the

influence of natural variability, which expands the current ClimaMeter approach and addresses the potential limitations just

discussed.

Specifically, we propose a new methodology that:

1. gives different weights to the modes of variability based on the strength of the teleconnection in the region affected by80

the event,

2. does not always implicitly rely on the assumption that climate change is critically influencing the observed changes

between factual and counterfactual periods.

To structure this article, we first describe the data we use, including climate models, reanalysis and natural variability indices.

The following section is devoted to a description of the current ClimaMeter methodology, including a reminder of the method85

and an in-depth discussion of its potential drawbacks, particularly with respect to the quantification of natural variability, which

have not been addressed in other articles. We then propose a refined methodology, called ClimaMeter 2.0, which expands and

generalises the original ClimaMeter while remaining within the same conceptual framework. Following this, we apply both

the current and the new methodologies to stationary climate simulations for three distinct types of extremes. The parameters

(e.g., duration, location) of every extreme are derived from real events that occurred in 2023 and have already been analyzed90
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within the ClimaMeter platform. We then compare the two approaches to quantifying natural variability by examining three

reference real-world events based on reanalysis data. We finally discuss the advantages and limitations of the new methodology

introduced, and outline potential directions for future developments.

2 Data

2.1 General Circulation Models95

We focus on the pre-industrial simulations of three climate models, which represent the state of the climate in the mid-19th

century before the beginning of industrialization. Both natural and anthropogenic external forcings are kept constant: volcanic

aerosol is maintained at the average value recorded in the historical period (1850–2014), the solar constant is fixed at the

average over the first two solar cycles of the historical simulation (1850–1873 mean), and anthropogenic forcings reflect the

atmospheric composition of 1850 (Eyring et al., 2016). The only source of climate variability comes from processes internal100

to the model, and so it can be used to explore the unforced internal variability of the climate system.

We employ the daily sea level pressure to describe atmospheric circulation, and 2-m air temperature, precipitation, 10-m

zonal and meridional wind components to account for meteorological hazards. We additionally use monthly sea surface tem-

perature (SST) in order to compute preindustrial natural variability indices of ENSO (Bamston et al., 1997), AMO (Trenberth

and Shea, 2006) and PDO (Mantua and Hare, 2002). The methodology we follow to compute them is detailed in section A.105

We use three climate models that are part of the sixth phase of the Coupled Model Intercomparison Project (CMIP6, Eyring

et al. (2016)). The first is the IPSL-CM6A-LR global climate model (Boucher et al., 2020) developed at the Institut Pierre-

Simon Laplace (IPSL). The model has a regular horizontal resolution of 2.5°of longitude and 1.3°of latitude, over 2000 years

of preindustrial control (piControl) simulation. We then use the CNRM-CM6-1 (Voldoire et al., 2019) general circulation

model, developed by the Centre National de Recherches Météorologiques (CNRM) and Centre Européen de Recherche et de110

Formation Avancée en Calcul Scientifique (CERFACS), with horizontal resolution is of about 1.4°of both longitude and latitude

over 500 years of piControl simulation. Finally, we also use the Max Planck Institute for Meteorology Earth System Model

version 1.2 (MPI-ESM1.2, Mauritsen et al. (2019)). The atmosphere horizontal grid spacing is of 200 km, corresponding to a

resolution of 1.9°over 1000 years of piControl simulation.

2.2 Reanalysis115

We use the ERA5 global reanalysis (Hersbach et al., 2020) produced at the European Centre for Medium-Range Weather

Forecasts (ECMWF). ERA5 has a horizontal resolution of 31 km and hourly output. We use daily data starting from 1950

(Bell et al., 2021) to present. Specifically, we exploit mean sea level pressure (ECMWF - Parameter Database, a) as a variable

representing atmospheric circulation, and 2-m temperature (ECMWF - Parameter Database, b) , total precipitation (ECMWF -

Parameter Database, c) and 10-m wind speed as hazard variables. To get the wind speed we combine the 10-m zonal (ECMWF120

- Parameter Database, d) and meridional (ECMWF - Parameter Database, e) wind components.
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2.3 NOAA natural variability indices

We use natural variability indices to track the observed evolution over time of ENSO, AMO and PDO. The three indices are

based on the spatial average of monthly SST anomalies in the characteristic region associated with the mode. To obtain the

ENSO and PDO indices, SST anomalies are standardized. To isolate natural variability, the externally forced global SST trend125

is removed when computing the AMO and PDO indices.

The Niño 3.4 index is computed over the Niño 3.4 region ([170°W; 120°W] x [5°N; 5°S], blue rectangle in Fig. A1) as defined

by Bamston et al. (1997), and is retrieved from the Royal Netherlands Meteorological Institute KNMI Climate Explorer. The

AMO index is calculated as outlined by Trenberth and Shea (2006) over the North Atlantic region ([80°W; 0°E] x [60°N; 0°N],

red rectangle in Fig. A1), and is also available in the KNMI Climate Explorer. The PDO index is computed over the North130

Pacific basin ([110°E; 255°E] x [65°N; 20°N], green rectangle in Fig. A1) as Mantua and Hare (2002), as is retrieved from the

National Centers for Environmental Information (NCEI) of the National Oceanic and Atmospheric Administration (NOAA).

All indices are based on NOAA Extended Reconstruction SSTs Version 5 (ERSSTv5) data (Huang et al., 2017).

3 ClimaMeter methodology

3.1 Reminder135

This section summarizes the ClimaMeter methodology described in Faranda et al. (2024b) and is included here to provide the

information necessary to understand the present work. The reader already familiar with it may proceed directly to section 3.2.

In practice, the ClimaMeter analysis of extreme events is based on the use of four fields from the ERA5 reanalysis: mean

sea level pressure anomalies (MSLP), 2-m temperature, total precipitation, and 10-m wind speed. The event is defined by

the atmospheric circulation that caused it (Fig. 1 step 1). Accordingly, we select the MSLP field on the day of the event140

over a region that includes the main impacts and key meteorological features. The selection of this region is based on expert

knowledge. The events studied in ClimaMeter can have different durations, generally ranging from one day (e.g., convective

storms) to about ten days (e.g., heatwaves). For events lasting more than one day, all fields are smoothed using a moving

average over the event duration d, such that each daily value represents the mean of the preceding d days. MSLP and 2-

m temperature anomalies are computed by removing the 1950-2023 daily seasonal cycle at every grid point and for every145

calendar day. Precipitation and wind speed are kept in their absolute values, given their noisy behavior. The dataset is then

split in two periods, as represented in the second step of Fig. 1. The first part (1950-1986) is chosen to represent past, or

counterfactual, climate conditions, namely a climate less affected by ACC. The second part (1987-2023) represents present,

or factual, climate conditions critically affected by human influence. In every period, the best 30 circulation analogues are

identified as the MSLP maps that minimize the pointwise Euclidean distance with the MSLP map of the event over the selected150

spatio-temporal domain (Fig. 1 step 3). A minimum temporal distance between analogues is set in order to avoid clusters of

consecutive analogues. This ensures that the same meteorological event is not overrepresented in the analogues selection. Such

minimum distance is expressed in days and depends on the event type and its typical duration. It is set to 3 days for short-lived
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events (1–2 days), such as extratropical or convective storms, and to 7 days for longer-lasting events, such as heatwaves. Based

on the obtained analogue dates, past and present composite maps of the analogues are created for MSLP and for the associated155

hazards: surface temperature, precipitation and wind speed (Fig. 1 step 4). To select significant shifts between present and past,

we perform a bootstrap test: the analogues dates from the two periods are pooled together, 30 dates are randomly extracted

1000 times, and the corresponding difference maps are created. Significant grid points are identified as those with more than

two standard deviations above or below the mean of the bootstrap sample.

The observed significant changes in mean sea level pressure and in the associated hazards can not be directly linked to ACC:160

before doing so, it is necessary to analyze the possible influence of low-frequency modes of natural variability. In the original

ClimaMeter methodology, this has been done in a basic and intuitive way. Three main modes of SST variability are take into

account: the ENSO, the AMO, and the PDO. These three modes of variability are chosen following the rational that they are

the most important modulators of global surface temperature: ENSO at interannual time scales (Trenberth et al., 2002), and the

AMO together with the PDO on multi-decadal time scales (Li et al., 2020; Wu et al., 2019; Meehl et al., 2016). The potential165

influence of the three modes of variability is summarized in a discrete indicator, referred to as the natural variability gauge.

This gauge is based on evaluating the evolution of each individual mode between the two periods. To represent the overall

phase of every mode, the counterfactual and factual distributions of the associated natural variability index on the dates of

the analogues are computed (Fig. 1 steps 5 and 6). The two distributions are compared via the two-sided Cramér–von Mises

(CvM) test at 0.05 significance level (Anderson, 1962), whose null hypothesis is that the two sets of indices have the same170

cumulative distribution. When the p-value obtained with the test is smaller than 0.05, the null hypothesis is rejected and the

distributions are identified as significantly different. The physical interpretation is that, if the mode of variability has a different

overall phase between the two periods, than its influence cannot be ruled out.

The value of the natural variability gauge following ClimaMeter (CM) approach is determined via the equation:

Gauge ValueCM = 0.05+
∑

i=ENSO,AMO,PDO

0.3 ·1≥0.05 (pvali), (1)175

where the p-values are those coming from the CvM test, and the indicator function 1A(x) takes the value 1 if x ∈A, and the

value 0 if x /∈A.

By construction, the current ClimaMeter gauge is a discrete indicator that can only assume four values: 5%, 35%, 65%, and

95%, where low values are associated to events “Influenced by Natural Variability”, and high values to events influenced by

climate change. The sign of the ACC influence is determined by comparing the sign of the observed change in the main hazard180

associated with the event with the sign of the event anomalies, both in the most affected region. If the signs are consistent, the

gauge label is “Strengthened by climate change.” Conversely, if the signs are inconsistent (as in the case of a cold spell for

which a positive change in temperature is found), it is “Weakened by climate change”.

This wording was chosen by acknowledging that, if a shift between modes of variability is detected, then natural variability

may influence the occurrence of the weather pattern leading to a hazard. However, because the gauge considers only the rela-185

tionship between circulation patterns and modes of natural variability, without assessing evolutions in local hazards, observed

changes can still be attributed to climate change if the hazard is amplified. The gauge value depends on the p-values obtained
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Figure 1. Schematic representation of the analogues methodology and natural variability assessment used in ClimaMeter. For space reasons,

only five analogues are shown for each period, while in ClimaMeter the best 30 analogues are identified.
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with the CvM test. As discussed above, when a p-value is smaller than 0.05, the associated mode of variability cannot be ruled

out. Conversely, when a p-value is bigger than 0.05, the distributions are not significantly different and the associated mode of

variability can be excluded. If none of the three p-values are bigger than 0.05, the gauge will point towards 5%, namely towards190

natural variability. Otherwise, the value will be increased of 30% towards climate change for every p-value bigger than 0.05.

The values 0% and 100% are not used in order to take account of uncertainties in both the data and the methodology. More

details and descriptions of the initial Climameter methodology can be found in (Faranda et al., 2024b).

3.2 Assumptions underlying the ClimaMeter methodology

The quantification of the influence of natural variability by ClimaMeter is based on several assumptions. The authors of195

ClimaMeter recognized the potential drawbacks associated with its methodology, and state that the method provides a zero-

order estimate of the possible influence of natural variability (Faranda et al., 2024b). In this section, we detail the ClimaMeter

working hypotheses that have not been discussed in depth in previous publications and examine their possible consequences

and limitations.

1. Limited number of SST variability modes200

Only three low-frequency modes of SST variability are considered, and it is assumed that changes not explained by these

three modes are ascribable to ACC. Choosing to represent natural variability by these three modes is a strong hypothesis:

many more SST variability modes exist and are known to affect the regional occurrence of extremes. As an example, the

two dominant modes of interannual climate variability in the Indian Ocean, the Indian Ocean Basin (IOB) and Indian

Ocean Dipole (IOD), affect the occurrence of extremes such as heavy rainfall and heatwaves in South East and East Asia,205

and impact tropical cyclone formation in the western North Pacific (IPCC, 2021a; Dong et al., 2024). Additionally, the

two dominant modes of tropical Atlantic variability, the Atlantic Zonal Mode (AZM) and the Atlantic Meridional Mode

(AMM), are also known to influence regional and remote climate (IPCC, 2021a): the AZM has an impact on the Indian

summer monsoon (Kucharski and Joshi, 2017), while the AMM is recognised to affect the Atlantic hurricane activity

(Patricola et al., 2014) and tropical cyclones localised over the western North Pacific (Zhang et al., 2017). Moreover,210

there can be a residual variability inherent in the climate system that is not organized into any recurrent spatial pattern

and, therefore, is not described by any known mode of natural variability and remains unquantified. Because of the

natural variability not captured by these modes, we run the risk to incorrectly ascribing its influence on extremes to

climate change.

2. Assumption that the modes do not change because of ACC215

Natural variability and ACC are considered as independent drivers, assuming that ACC does not affect the three modes.

Current knowledge is severely limited by the fact that, although these modes have existed for millennia, confidence in

paleoreconstructions of most modes prior to the instrumental era remains low (Gulev et al., 2021). Within the limits of

available evidence, this hypothesis appears well founded for all three modes. For ENSO, no clear evidence indicates a

recent and sustained shift beyond the range of decadal to millennial variability (Gulev et al., 2021), and there is high220
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confidence that human influence has not yet modulated its variability beyond its range of internal variability (Eyring et al.,

2021). The AMO is not exhibiting any sustained change over the instrumental period [high confidence, see Bellomo et al.

(2018)], and although there is robust evidence that anthropogenic and natural external forcings have modulated it over

the historical period (Bellomo et al., 2018), there is low confidence in the estimated magnitude of the human influence

(Birkel et al., 2018). The PDO does not show any general trend in the instrumental record (Henley, 2017), and internal225

variability has been its main driver (Liguori et al., 2020).

3. No interaction between modes

The three modes are treated as independent and evaluated separately, while it is known that correlations between modes

exist. For instance, although ENSO and PDO are two distinct modes of variability, it is recognised that the associated

patterns are temporally and spatially correlated, such that El Niño (La Niña) conditions tend to coincide with the years230

of positive (negative) PDO phase (Mantua et al., 1997). Moreover, the AMO has been suggested to partially influence

the phase of the PDO, with a negative correlation between them (Mcgregor et al., 2014).

4. Same weight to the modes

Each of the three modes arbitrarily accounts for 30% of the natural variability gauge regardless of the region of the world

and the hazard associated with the event. In other words, the strength of the modes’ teleconnections is not quantified nor235

used to assign them different weights, despite it is known that remote influences are not spatially homogeneous (IPCC,

2021a).

5. Assumption that ACC is always influencing significant changes

ClimaMeter always relies on the assumption that Climate Change is affecting the observed changes associated with the

event. In other words, the null hypothesis that one tries to reject with the CvM test is that the CF and F sets of indices on240

the dates of the analogues have the same cumulative distributions; hence, that natural variability does not play a role in

the observed changes. This basic assumption is acceptable for the case of temperature extremes, since we are virtually

certain that the frequency and intensity of heatwaves (cold extremes) have increased (decreased) on the global scale

since 1950 (Seneviratne et al., 2021). Also, at a regional scale, it is estimated that the same changes are at least likely

in more than 80% of the IPCC reference regions. The case of precipitation and wind speed, however, is less spatially245

homogeneous, and changes are observed with a lower degree of confidence. These variables are closely related to the

atmospheric circulation, and changes in dynamic aspects are not as robust as those in thermodynamics, because the large

natural variability makes it difficult to identify trends (Trenberth, 2011). Heavy precipitation events are known to have

increased in frequency and intensity globally, but regional variations are more heterogeneous: an increase in precipitation

has been observed with medium confidence for half of the IPCC regions, while in the others, low agreement on the type250

of change is encountered, or limited data is available. An increase in the intensity of extreme wind has been observed

in high latitudes poleward of 60°, while it is becoming less severe in the low to mid latitudes, and both changes are

associated with low confidence. These considerations suggest that, although ACC is critically influencing the climate
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system, the way it affects individual extreme events at specific locations is not straightforward, and therefore the basic

assumption that ACC is the critical factor acting on changes should be tested for each case.255

In the following we propose a more flexible methodology that addresses the last two potential limitations mentioned above:

the equal weight given to the modes, and the assumption that climate change systematically influences the extreme under

consideration. We still rely on the first three hypothesis. We do not change or increase the number of natural variability

modes, even if we believe that the ClimaMeter methodology could easily be adjusted to use more than three modes of natural

variability. For example, Fery and Faranda (2024) uses the analogue methodology to attribute the European derecho of 18260

August 2022, and added three other modes of natural variability to the analysis: the North Atlantic Oscillation, and the East

Atlantic and Scandinavian North Atlantic patterns. The same approach could easily be implemented in ClimaMeter. We still

assume that natural variability modes have not changed outside natural variability because of ACC, and we consider it a

reasonable hypothesis given the current state of knowledge (Gulev et al., 2021). We also continue to evaluate the modes as

independent drivers and believe that it would be useful to explore the consequences of this choice in a future study.265

4 ClimaMeter 2.0: an enhanced methodology to evaluate natural variability

In the present work, we aim to develop a more broadly applicable methodology to quantify the role of natural variability, with

the objective of expanding the capabilities of the original ClimaMeter approach. The new method that we propose, which we

refer to as ClimaMeter 2.0 or Natural Variability Gauge 2.0, has a specific focus on the local hazard associated with the event.

It introduces two new features:270

1. Weighting process based on the strength of the local teleconnection

We compute the relative weights of the three modes based on a quantitative assessment of the teleconnection strength

between the modes and the local hazard. We first define a target region, which corresponds to the area most affected

by the event and in which the most extreme hazard occurred. Its boundaries are determined using a semi-objective

detection approach. For each mode, we then compute the Pearson correlation (corr) between the time series of the275

natural variability index i and the local hazard X:

ri = corr
(
indexi , Xtarget

∣∣CF∪ F, season
)
, (2)

where Xtarget corresponds to the hazard variable of interest spatially averaged over the target region. The correlations

are calculated over the union of the counterfactual (CF) and factual (F) periods, restricted to the season of interest, which

depends on the event type, its typical seasonality, and its date of occurrence. We obtain the three weights – one for each280

index – by performing a weighted average on the absolute values of the correlation coefficients:

αi =
|ri|∑

i=ENSO,AMO,PDO |ri|
. (3)

The weights αi calculated in this way provide a measure of the teleconnection between the remote modes of variability

and local hazards. They allow us to assign specific, non-arbitrary magnitudes to the three modes, and address the fourth
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limitation described in section 3.2. Also, the weighting process makes the gauge continuous ranging from 0 to 100%,285

providing more nuanced information.

2. Test of the hypothesis that ACC influences observed changes

We propose a methodology that tests whether the assumption that ACC is the critical factor influencing the observed

changes between periods is valid. Fig. 2 outlines the rationale behind the approach. We focus on the evolution of the

average hazard in the target region during the counterfactual and factual periods in the season of interest, and we evaluate290

whether there is a significant trend or not. The physical assumption we rely on and the consequent null hypothesis depend

on the trend evaluation:

(a) if the trend of the hazard is significant and its sign (positive or negative) is consistent with the estimated conditional

change, ∆, in the hazard over the target region given the event circulation, we hypothesize that this significant

conditional change between the two periods is mainly ascribable to ACC. The null hypothesis H0 that we test is295

thus that the sets of variability indices come from the same distributions, and we reject it when the associated

p-value pval is smaller than 0.05. This is the case assumed by ClimaMeter by default.

(b) in the other cases, i.e., a non-significant trend or a significant trend not in agreement with the sign of the conditional

∆ in the hazard, our basic hypothesis is the opposite: significant changes between the two periods are mainly

ascribable to natural fluctuations of the climate system. Here, the null hypothesis, that we will call H0
∗, is that the300

sets of variability indices come from different distributions. By analogy with the previous case, we reject H0
∗ when

the associated p-value pval∗ is smaller than 0.05.

To compute pval∗, we make an approximation and state a relationship between pval and pval∗. Statistically, a p-value

is the probability that a given statistics takes a value lower than the estimated one, under the null-hypothesis. Hence, it is

often intuitively interpreted as the probability that the null hypothesis is true (this is a wrong interpretation that, never-305

theless, strongly eases the understanding of a statistical test). In our framework, the two null hypotheses H0 (“the CF and

F sets of indices come from the same distribution”) and H0
∗ (“the CF and F sets of indices come from different distribu-

tions”) are the negation of each other. As a consequence, if pval ≈ P(H0) and pval∗ ≈ P(H∗
0 ) = P(H0), then pval∗ =

1−pval. Using the indicator function, we can express this as: 1≥0.05 (pval∗i ) = 1≥0.05 (1−pvali) = 1≥0.95 (pvali). With

such an approximation, the only difference between the two cases is the threshold applied to the p-values in the indicator310

function to statistically test the null-hypothesis:

thresh=




0.05, if the trend in the target hazard is significant and in agreement with the conditional ∆

0.95, otherwise.
(4)

The choice of the null hypothesis is very important in the context of hypothesis testing because it defines where the

burden of proof lies (Allen, 2011). The hypothesis is rejected when the statistical test exceeds the 95% confidence level

in order to avoid false positives, thus favoring the null hypothesis at the expenses of the alternative hypothesis. For315
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example, if our null hypothesis is that human activity plays no role, the uncertainties of models and data will result in an

underestimation of anthropogenic climate change (Trenberth, 2011). For this reason, choosing which null hypothesis is

the most appropriate is a key aspect of ClimaMeter 2.0.

𝐆𝐚𝐮𝐠𝐞 𝐕𝐚𝐥𝐮𝐞 = ෍

i=ENSO,AMO,PDO

𝛼𝑖 ⋅ 𝟏≥0.05(pvali)

Assumption:

changes btw CF and F are due to ACC

H0: nat var indices distributions are =

⇒

Significant trend in agreement with ∆

𝐆𝐚𝐮𝐠𝐞 𝐕𝐚𝐥𝐮𝐞 = ෍

i=ENSO,AMO,PDO

𝛼𝑖 ⋅ 𝟏≥0.95(pvali)

Assumption:

changes btw CF and F are due to NAT VAR

H0*: nat var indices distributions are ≠

⇒

Not significant trend or not in agreement with ∆

YES

Sign in 

agreement with 

conditional ∆?

Significant trend on 

hazard variable?

NO

YESNO

Figure 2. Scheme of the trend evaluation applied in the Natural Variability Gauge 2.0, as discussed in section 4. The trend is evaluated

on the hazard variable (temperature, precipitation or wind speed) spatially averaged on the target region and during the season of interest

in the counterfactual (CF) and factual periods (F). The ∆ denotes the estimated change in the hazard between periods and over the target

region, conditioned on the event circulation (i.e., conditioned to analogues). The blue squares summarise the two possibilities for the basic

assumption and consequent null hypothesis, as well as the gauge value, based on considerations relating to the trend.

The trend in the local hazard discussed above can be computed in different ways, depending on the aspect to be highlighted.

Here we propose to leverage the quantile regression technique (Koenker and Bassett, 1978) to track significant trends in specific320

quantiles of the local hazard distribution. The quantile regression is preferred to standard linear regression because we aim to

assess changes in hazard extremes, which do not necessarily follow the behavior of the mean. For example, precipitation

variability is projected to increase over land in the majority of regions (IPCC, 2021b). Global mean precipitation will very

likely increase by 1–3% per °C of global surface temperature warming (Douville et al., 2021), while global increase in heavy

precipitation is projected with high confidence to follow the Clausius-Clapeyron rate of about 7% per 1°C of global warming325

(Seneviratne et al., 2021). We suggest selecting the quantile threshold based on the hazard of the event under examination.

Specifically, we compute the distribution of the hazard spatially averaged over the target region and over the union of the CF

and F periods, and identify the quantile corresponding to the event hazard. We then perform the regression of that specific

quantile, in order to assess whether the occurrence of events of equal or greater intensity has changes between the two periods.

If the quantile associated with the event exceeds the 97th quantile, we still adopt the 97th quantile threshold, to ensure a330

sufficient sample size for a robust estimation.
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With these additional features, the formulation for the new natural variability gauge, which we will refer to as CM2.0 in

notations, becomes:

Gauge ValueCM2.0 =
∑

i=ENSO,AMO,PDO

αi ·1≥thresh (pvali), (5)

where the weights αi are computed following Eq. (3), and the threshold thresh depends on the trend evaluation, as expressed335

in Eq. (4).

It is important to stress that the two new features introduced in ClimaMeter 2.0 involve the timeseries of the hazard spatially

averaged in the target region regardless of circulation analogues. They involve characterizing the local hazard in terms of the

intensity of teleconnections of the natural variability modes and any trends that may be linked to ACC. Such characterization is

unconditional to the circulation state. The link between the natural variability modes and the analogues occurrence is captured340

in the p-values coming from the CvM test. This was already the case in ClimaMeter, with the difference that the null hypothesis

underlying the test was fixed, whereas in ClimaMeter 2.0 depends on the trend evaluation. Hence, the estimate of natural

variability in ClimaMeter 2.0 contains assessments that are both conditional to the event circulation and characterizing the

local hazard unconditionally. This adds important insight and makes the gauge calculation more comprehensive.

The Natural Variability Gauge 2.0 represents a broader extension with improved flexibility of the ClimaMeter approach,345

and both can be expressed introducing a general equation for the gauge value, formulated as a constant added to the sum of a

function applied to the p-values of the three modes:

Gauge Value = const +
∑

i=ENSO,AMO,PDO

f(pvali). (6)

We just need to specify the right constants and functions to obtain the gauge value following ClimaMeter (Eq. 1) or ClimaMeter

2.0 (Eq. 5):350

constCM = 0.05, fCM(pvali) = 0.3 ·1≥0.05(pvali), (7)

constCM 2.0 = 0, fCM 2.0(pvali) = αi ·1≥thresh(pvali), (8)

where the threshold thresh depends on the trend of the local hazard, as illustrated in Figure 2 and expressed in Eq. (4).

5 Benchmarking ClimaMeter 2.0 in a Stationary Pre-Industrial Climate

The pre-industrial experiment is conceived to evaluate the performance of the ClimaMeter 2.0 and compare it with ClimaMeter,355

in the reference case of a stationary climate. It is based on the pre-industrial control simulation of global climate models. Since

the climate variability represented in it arises only from internal mechanisms of the climate system (Eyring et al., 2016), we

expect extreme events to arise by natural variability only. The aim of the natural variability gauge is to measure to what extent

specific extreme events are driven primarily by natural variability or by factors related to climate change. Accordingly, we

expect extreme events occurring under pre-industrial conditions to be primarily associated with natural variability.360

We performed the analysis for three climate models, obtaining consistent results. For brevity, we report here the results

produced for the IPSL climate model, and those for the CNRM and MPI models are available in the supplementary materials.

13

https://doi.org/10.5194/egusphere-2026-1466
Preprint. Discussion started: 9 April 2026
c© Author(s) 2026. CC BY 4.0 License.



5.1 Experiment setting

Fig. 3 depicts a scheme of the experiment for the case of pre-industrial heatwaves around Paris, which will be described

in section 5.3.1. We first define the event we are interested in: its duration, typical season of occurrence, main hazard, and

Figure 3. Scheme of the piControl experiment in the example of the pre-industrial heatwave in Paris (section 5.3.1). The 2000-year IPSL

piControl simulation is divided in 50 blocks, each 40 years long. In every block, the target event is selected as the day with the maximum

hazard (i.e. temperature anomalies) in the target region, represented by the red square, around Paris, whose location is indicated by the star.

The light blue square represents the analogues region used to identify circulation analogues. The maximum temperature anomaly associated

with each target is reported below the temperature anomaly plot of each target.

365

target region in which most extreme hazard occurred. The analogues region is consequently chosen in order to capture the

meteorological features that determined the event. We preprocess the fields (MSLP, 2-m temperature, total precipitation, and

10-m wind speed) following the ClimaMeter methodology: we select the analogues region, compute a moving average across

the event duration d, such that each daily value represents the mean of the preceding d days, and then select the season of

interest. We divide the IPSL piControl run into 40-year blocks, ending up with 50 blocks. In every block we select the day for370

which the maximum hazard in the target region occurred. Then we consider each pair of consecutive blocks. We use the union

of the two blocks as a reference period to compute mean sea level pressure, temperature, and sea surface temperature anomalies.

We compute pre-industrial natural variability indices based on SST anomalies following the reference NOAA methodology,

detailed in appendix A. For convenience, we compute SST anomalies on 80-years block given by the CF and F periods, while

NOAA uses a 30-year period. Being in a stationary climate, we do not expect this choice to have any significant impact. We375

then apply the same procedure followed in ClimaMeter: we consider the first block in chronological order as counterfactual and

the second as factual. The length of the blocks is chosen to be close to the actual length of counterfactual and factual periods

in ClimaMeter (37 years). In each of the ClimaMeter applications, we study the target in the second, or factual, block: we

look for its 30 circulation analogues in both periods separately, using mean sea level pressure anomalies patterns. We compute

significant changes between the two periods in the circulation and associated hazards. We finally focus on the evaluation of380

natural variability following the ClimaMeter and ClimaMeter 2.0 approaches. It is worth noting that, in the ClimaMeter 2.0

method, the quantile selected for the hazard regression used to determine the threshold (Eq. 4) varies across iterations. This

quantile is, in fact, defined by the target event intensity, which differs from one iteration to another. We apply this procedure to
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each pair of consecutive blocks, that ending up with 49 outcomes of the natural variability gauge for each methodology. The

long duration of the IPSL piControl simulation allows us to obtain a statistically significant evaluation.385

The same procedure is applied to the CNRM and MPI models, and the results are available in the supplementary materials.

The only difference lies in the length of the piControl simulations and, consequently, in the number of analogue search iterations

and gauge outcomes.

5.2 Models representation of internal climate variability

The stationary experiment just discussed is devised to have a reference for the natural variability gauge in an experiment390

without human influence. In such context, it is important to ensure that the models we use adequately represent the three

modes of natural variability.

Regarding the IPSL model, Boucher et al. (2020) evaluate the characterisation of ENSO, while Bonnet et al. (2021) as-

sess AMO and PDO. They highlight an improved representation compared to the previous version of the model in terms of

seasonality, spatial correlation, and temporal evolution.395

Voldoire et al. (2019) assess the representation of the main modes of variability of the CNRM model and state that they

are reasonably well simulated, with the exception of the AMO which seems to be overestimated when compared with recent

observations. This is probably linked with the large AMOC variability, and the mechanism behind it is still under investigation.

Concerning MPI, Müller et al. (2018) confirm that ENSO variability is reasonably simulated in terms of periodicity and

amplitude. Zanchettin et al. (2012) state that AMO and PDO are robustly captured and consistent with observed patterns.400

5.3 piControl results

We here summarise the results obtained from the piControl experiment applied to the IPSL climate model. We analyse three

pre-industrial events, one for every hazard: a heatwave, a summer extratropical storm associated with extreme precipitation,

and a winter one associated with extreme wind speed. The choice of these events is guided by real events that have been

analysed in the ClimaMeter framework. For every event, we describe its parameters and present the outcomes of the natural405

variability gauge, following the ClimaMeter and ClimaMeter 2.0 methodologies. All outcomes display an ensemble view of

the 49 applications to the piControl simulation.

5.3.1 Temperature: pre-industrial heatwave in Paris

The first event we analyze is a heat wave that hits Paris and northern France. As represented in Fig. 3, the targets we select

are the days with the maximum local temperature anomaly over the target region ([0°E; 5°E] x [51°N; 46.5°N]). The other410

parameters are chosen to be in line with the ClimaMeter study of the 2023 September European heatwave (Faranda et al.,

2024a). We set a duration of 8 days, and we narrow down the analysis to summer (June to September included). To search

for analogues, we use a spatial domain that includes the Eastern Atlantic and Central and Western Europe ([18°W; 20°E] x
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[55°N; 33°N]). We impose a temporal separation between consecutive analogues of at least 7 days, in order to avoid clusters

of analogues belonging to the same meteorological event.415

We first perform the CvM test between the counterfactual and factual sets of natural variability indices on analogues dates.

Fig. 4a-c represents the histograms of the 49 p-values coming from the CvM test, for every mode of variability. We find that in

37% of the cases the p-values associated with AMO are smaller than 5%, meaning that AMO is in different phases in the two

periods and its influence can not be excluded. The impact of the AMO on European temperatures has been highlighted in several

studies. For example Nicolì et al. (2020) suggest that summers in Western Europe tend to be warmer during positive AMO,420

while Sutton and Dong (2012) argue that a positive AMO phase is associated with hot and dry summers in western and southern

Europe. For ENSO we find that the p-values are approximately uniformly distributed between 0 and 1, meaning that there is

no significant occurrence of the heat wave analogues in a specific ENSO phase. The PDO is in a different phase in 27% of the

iterations. The comparable magnitude of this percentage and that associated with the AMO is consistent with the existence of

interbasin interactions between the two modes (Hong et al., 2022). Fig. 4d-f depicts the correlation coefficients between the425

average temperature anomaly in the target region and the natural variability indices (Eq. 2). We find that correlations for AMO

are positive and between 0 and 0.2, while those for ENSO and PDO are centered around 0. This is again in line with literature

that does not report significant teleconnections between the ENSO and PDO and anomalously warm temperatures in European

summers (IPCC, 2021a). As a consequence, the weights associated to AMO are bigger than those associated to the other two

modes (Fig. 4g-i).430

We subsequently focus on the gauges computation, starting with the quantile regression required by the ClimaMeter 2.0

approach. Histogram in Fig. 5a represents the p-values associated with the regression. Since the null hypothesis of the test

is that the regression slope is zero, p-values smaller than 5% are related to significant regressions. Slopes associated with

significant trends are depicted in Fig. 5b. A significant trend in average target temperature anomalies is identified in 53% of

the cases, but the proportion of significant positive trends is approximately equal to that of significant negative trends. This435

behaviour in piControl temperature variability was associated to a cycle in the Atlantic Meridional Overturning Circulation

(AMOC) by Jiang et al. (2021), with a periodicity of approximately 200 years. The basic mechanism of such cycle is linked

to positive anomalies in salinity in the North Atlantic, which increase convection and intensify the AMOC. This in turn causes

an increase in heat transport to high latitudes and sea ice melting. The freshwater anomaly implies a negative salinity anomaly,

and eventually the phase of the cycle is reversed.440

Finally, we compute the 49 outcomes of the natural variability gauge following the two methodologies (Fig. 5c-d). The

ClimaMeter approach classifies pre-industrial heat waves as “Influenced by Climate Change” in 51% of the times, and never

recognizes them as “Influenced by Natural Variability”, namely it never points towards 5%. ClimaMeter 2.0 method, instead,

gives results closer to what we would expect in an experiment without human induced climate change, identifying the vast

majority of heat waves (82%) as primarily issuing from natural variability. The substantial reduction in false positives appears445

primarily driven by the choice of the null hypothesis based on the trend evaluation.
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Pre-industrial heat wave in Paris: influence of natural variability modes

Figure 4. Pre-industrial heat wave in Paris: analysis of the influence of natural variability modes for the 49 iterations of the analogues search.

The columns represents the three modes: ENSO, AMO, and PDO, respectively. The first line illustrates the results of the CvM test applied

to the counterfactual and factual sets of indices on analogue dates. When the p-values is smaller than 5% we conclude that the mode was in

different phases between the two periods. The second row shows the distributions of the linear correlation coefficients between the hazard,

spatially averaged over the target region, and the natural variability indices, computed as expressed in Eq. (2). The third row summarizes the

values of the weights computed from these correlations, calculated following Eq. (3).

5.3.2 Precipitation: pre-industrial Storm Hans

For precipitation, we choose to analyze the pre-industrial equivalent of Storm Hans, a one-day extratropical summer storm

that occurred on 8 August 2023 (Messori and Faranda, 2024). The target area most impacted by extreme precipitation is

Southern Scandinavia ([4.5°E; 17°E] x [63.5°N; 58°N]). The domain for the analogues selection includes Northern Europe450

and is centered on Scandinavia ([0°E; 30°E] x [70°N; 50°N]). We set a temporal separation between consecutive analogues

of at least 3 days. We repeat the procedure described in section 5.3.1, with the difference that in this case the hazard consists

of precipitation spatially averaged over the target region. Fig. 6a-b summarises the outcomes of the natural variability gauge

following ClimaMeter and ClimaMeter 2.0 methodologies. The results confirm that the test of the null hypothesis introduced
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Pre-industrial heat wave in Paris: gauges computation

Figure 5. Pre-industrial heat wave in Paris: computation of the natural variability gauge outcomes following ClimaMeter and ClimaMeter

2.0 methodologies. All histograms represent the set of results in each iteration of the analogues search. Histogram a) represents p-values

associated with the quantile regression of temperature anomalies in the target region. Since the null hypothesis of the test is that the regression

slope is zero, p-values smaller than 5% (first bin in a darker shade of green) are associated with significant trends. Histogram b) depicts slopes

associated with significant regressions. The second line depicts the results of the gauge following ClimaMeter and ClimaMeter 2.0 methods.

Low gauge values are associated with events “Influenced by Natural Variability”, while high values to events “Influenced by Climate Change”.

In histogram d), bin limits are chosen so as to have the minimum distance between the possible values of the original ClimaMeter gauge.
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in ClimaMeter 2.0 leads to a radical drop of pre-industrial storms related to Climate Change. The intermediary steps needed455

for the gauges computations (weights and trends, as shown for the heat wave) are available as supplementary materials.
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Gauge outcomes for pre-industrial Storms Hans and Ciaran

Figure 6. Pre-industrial storms Hans and Ciaran: outcomes of the natural variability gauge for every iteration following ClimaMeter (first

column) and ClimaMeter 2.0 (second column) methodologies. Low gauge values are associated with events “Influenced by Natural Variabil-

ity”, while high values to events “Influenced by Climate Change”. The first line refers to Storm Hans (section 5.3.2), while the second for

Storm Ciaran (section 5.3.3). The events have the same parameters of real storms Hans (Messori and Faranda, 2024) and Ciaran (Alberti and

Faranda, 2024) occurred in 2023.

5.3.3 Wind: pre-industrial Storm Ciaran

As an event associated with high wind speed, we study the pre-industrial equivalent of Storm Ciaran (Alberti and Faranda,

2024). This extratropical cyclone occurred between 2 and 3 November 2023 and caused extremely high wind speed along the

entire French Atlantic coast, affecting a very large target area ([5°W; 2.5°E] x [51.2°N; 43°N]). The analogues are selected460
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during fall (September to December) and over a region covering Europe and the eastern Atlantic ([18°W; 30°E] x [65°N;

35°N]), in order to capture the low pressure center passing over Europe. We impose a temporal separation between consecutive

analogues of at least 3 days. The gauges results are in substantial agreement with the two cases discussed before, with a strong

decrease of false positives in ClimaMeter 2.0 (Fig. 6c-d). Outcomes of weights and regressions are available as supplementary

materials.465

6 Application of ClimaMeter 2.0 to Real-World Extreme Events from reanalysis data

In this section, we now analyse, within ERA5 reanalyses, the three real events that we used as a reference in the pre-industrial

experiment. For each of them, we compute the outcome of the natural variability gauge following the ClimaMeter 2.0 ap-

proach, and compare with the original ClimaMeter. The analysis follows the procedure outlined in section 3.1: we perform

the analogues search in the counterfactual (1950-1986) and factual (1987-2023) periods from the ERA5 reanalysis. Unlike470

the pre-industrial cases, we do not iterate the operation several times, and therefore we obtain only one gauge value for every

methodology.

6.1 Temperature: 2023 September European Heatwave

From the 3rd to the 10th of September 2023, Southern and Central Europe experienced a period of anomalous heat. Focusing

on France, 4 September has been the hottest day ever observed in September, and several records have been broken for both475

daily maximum and minimum temperatures (METEO FRANCE, b). On average, the vast majority of France experienced

temperature anomalies of 5 to 7°C, as depicted in Fig. 7b. In line with the pre-industrial heatwave, we select the area centered

over Paris as target region, where anomalies were up to 9° occurred (black square in Fig. 7b). The atmospheric circulation

was in a configuration of omega blocking (Fig. 7a), with relatively low pressures over the Eastern Atlantic and the Eastern

Mediterranean, and relatively high pressure over Central and Eastern Europe. Such a pattern is well known to be associated to480

heatwaves over Europe, since warm air coming from lower latitudes is advected towards Europe and is blocked there, possibly

persisting for days (Pfahl and Wernli, 2012).

We compute circulation analogues of the event, and evaluate significant changes in temperature, shown in Fig. 7c. As ex-

pected, an increase up to 2°is found in most parts of the area, notably over the Mediterranean and Atlantic regions. Specifically,

the average change in the target region is 0.86°. To assess if such changes are associated to climate change, we compute the485

natural variability gauge. Fig. 7e-f represents the outcomes of the natural variability gauge following the ClimaMeter and Cli-

maMeter 2.0 methodologies. Low values of the gauges identify events “Influenced by Natural Variability”, while high values

events “Strengthened by Climate Change”. The discontinuous coloring of the ClimaMeter gauge reflects that it is a discrete

indicator which can only take four values (5%, 35%, 65%, and 95%). The representation of the gauge 2.0, instead, involves

a continuous coloring reflecting the continuous nature of the new gauge. The horizontal bar in Fig. 7g represents the weights490

associated to the three modes based on the correlation between the hazard in the target region and the natural variability indices,

as expressed in Eq. (3). The p-values reported below the weights are the result of the comparison between the counterfactual
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Figure 7. Analysis of the September 2023 European heatwave. (a) mean sea level pressure and (b) temperature anomalies maps associated with the event, both averaged over

the heatwave duration, from 3 to 10 September. (c) Significant changes in temperature between factual and counterfactual analogues composites. Fields in a-c) cover the analogues

domain ([18°W; 20°E] x [55°N; 33°N]). The black square in b) indicates the target region around Paris ([0°E; 5°E] x [51°N; 46.5°N]) where most extreme hazard and impacts

occurred. d) Time evolution of temperature anomalies spatially averaged in the target region over the union of counterfactual and factual periods. The blue horizontal dashed line

represents the temperature anomaly associated with the event, while the vertical the time of occurrence. The legend indicates the quantile corresponding to the event intensity within

the distribution of target temperature anomalies, as well as the number of previous events with higher intensity. The red line represents the 97th quantile regression of temperature

anomalies, and slopes and p-values are reported in the legend. Note that a p-value smaller than 5% is associated to a significant trend, since the null hypothesis of the test is that the

regression slope is zero. e-f) Comparison of natural variability gauge outcomes following ClimaMeter and ClimaMeter 2.0 methodologies. g) Weights expressed as percentages for

the modes of variability, and p-values obtained from the CvM test at 0.05 significance level between counterfactual and factual set of indices. h-j) Quantile regression for different

values of the quantile threshold: 0.5, 0.75, 0.85, 0.95, 0.97, 0.99. i) p-values and j) slopes associated with the regression; k) natural variability gauge value based on the quantile

regression methodology, all as a function of the quantile threshold.
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and factual sets of indices on the dates of the analogues via the CvM test. As discussed, when a p-value is greater than a specific

threshold, we interpret the mode as being in the same phase between the two periods and thus we can rule out their potential

influence on the observed changes. The value of the threshold depends on the methodology we follow to compute the gauge:495

in the ClimaMeter method, the threshold is always 5% (Eq. 1), while in ClimaMeter 2.0 it depends on the significance of the

hazard trend (Eq. 4).

As shown in Fig. 7e, the ClimaMeter gauge gives a values of 35%. Specifically, the AMO and the PDO are in different

phases in the two periods. To compute the values of the ClimaMeter 2.0, we first compute the quantile that corresponds to the

event intensity (blue horizontal dashed line in Fig. 7d) within the distribution of temperature anomalies in the target region.500

This heatwave was particularly intense and lies in the 99.84th quantile, with its intensity exceeded on only 14 other days since

1950. Following the methodology described in section 4, we select the 97th quantile to perform the quantile regression of

temperature anomaly, to avoid using an excessively small dataset. As expected in a warming climate, the regression (red line in

Fig. 7d) is significant and associated to a positive slope. This is in line with a large number of studies that state that frequency

and intensity of temperature extremes have increased virtually across the whole of Europe, and such increase is attributable to505

anthropogenic forcings with high confidence (IPCC, 2021b; Christidis and Stott, 2016). Since the regression is significant, the

ClimaMeter 2.0 gauge is computed with a threshold on p-values of 5% (Eq. 4). Specifically, since only ENSO is in the same

phase between the two periods and is the only mode whose influence can be neglected, the values of the gauge is equal to the

weight associated to ENSO (Eq. 5), that is 19%.

We also analyzed the influence of the quantile threshold on the regression and the gauge value, as shown in Fig. 7h-j. We510

notice that the trend is positive and significant for all quantiles (p-values smaller than 5%). In fact, not only the extremes but

also average temperatures are rising in France, with a mean increase relative to pre-industrial levels of 1.9°C in 2024, according

to Meteo France estimates (METEO FRANCE, c). As a consequence, the gauge value is constant throughout quantiles.

6.2 Precipitation: Storm Hans

On 8 August 2023, the Scandinavian countries were affected by the passage of the summer extratropical storm Hans. More515

than 60 mm of rain were recorded in Central and Southern Sweden (black square in Fig. 8b), breaking August precipitation

records in several stations (Swedish Meteorological and Hydrological Institute). Fig. 8a shows the associated circulation pat-

tern, consisting of a low-pressure centre located over Southern Scandinavia. Significant changes in precipitation between the

two periods exhibit an increase up to 6 mm/day over Central Scandinavia, and an average increase of 1.5 mm/day in the target

region (Fig. 8c).520

While PDO is in the same phase between the analogue days of the two periods, ENSO and AMO are not, and so they

are possibly influencing the observed changes (p-values in Fig. 8g). The ClimaMeter gauge therefore points towards 35%, as

depicted in Fig. 8e. Fig. 8d displays the evolution of precipitation spatially averaged over the target region. Storm Hans is an

event of unprecedented intensity, as shown by the blue horizontal dashed line. As a consequence, the regression on the local

hazard is performed on the 97th quantile, and points out a significant increase in extreme precipitation. This is in line with the525

latest IPCC assessment, that states with at least medium confidence that Northern Europe is experiencing an observed increase
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in heavy precipitation from 1950s to the present, and such observed increase can be attributed to human contribution with high

confidence (IPCC, 2021b). The ClimaMeter 2.0 gauge is computed using a threshold on the p-values of 5%, and since the PDO

is the only mode in the same phase and is associated to a weight of 67%, the resulting gauge value is 67%. From the analysis of

the quantile regression as a function of the quantile threshold, we notice that the trend in precipitation is only significant for the530

high quantiles, equal to or greater than 0.95 (Fig. 8h). When the trend is significant, the associated slope is positive (Fig. 8i),

confirming the increase in extreme precipitation in the region. Consistently, the gauge value based on the quantile regression

points towards 67% only for high quantiles (Fig. 8j).

6.3 Wind: Storm Ciaran

Between 2 and 3 November 2023, the explosive extratropical cyclone Ciaran reached Northwestern Europe, causing extreme535

winds in France, the English Channel and Western Italy. The entire French Atlantic coast was affected by the event, with

average winds between 40 and 60 km/h throughout its duration (black square in Fig. 9b). Wind gusts up to more than 150 km/h

were recorded on the Brittany coast, breaking absolute records in several weather stations (METEO FRANCE, a). The event

weather pattern depicted in Fig. 9a shows a low pressure system located over Great Britain with anomalies exceeding 30 hPa.

The analysis of significant changes in wind speed between factual and counterfactual analogues points to an increase over the540

English Channel and Brittany, with an average increase of 3.09 km/h in the target region (Fig. 9c).

In terms of the potential influence of natural variability, only the PDO was in a different phase between the two periods

(p-values in Fig. 9g) and the ClimaMeter gauge points towards 65% (Fig. 9e). Even though Storm Ciaran broke several local

records, the average wind speed over the target region was exceeded on 56 days since 1950 (Fig. 9d). This is likely due to the

particularly large target region, for which spatial averaging of wind speed can substantially smooth extreme values. Still, since545

the event corresponds to the 99.38thquantile of the target wind speed distribution, we compute the 97th quantile regression

of wind speed, represented by the red line in Fig. 9d. Unlike the two previous cases, the regression is not significant. This

agrees with the general absence of a clear observed increase in the frequency or intensity of strong winds or storms in recent

decades in France (Soubeyroux et al., 2024). In this case, the threshold on p-values is 95%, and since all p-values are smaller

the ClimaMeter 2.0 gauge will point towards 0% (Fig. 9f). The interpretation of such result is that, for this specific event,550

natural variability seems to be the determining factor that led to its occurrence. It is important to stress that such statement is

only valid for storm Ciaran, its dynamics and associated wind speed, and cannot be generalised to any other storm or event.

Fig. 9h shows the significance of the trend in average target wind speed as a function of the quantile. Interestingly, it

highlights that the regression is significant up to the 85th quantile, meaning that average wind speed exhibits a significant

increase (Fig. 9i). In such cases, the ClimaMeter 2.0 gauge depicted in Fig. 9j is equal to 83%.555

7 Conclusions and perspectives

This work builds on the ClimaMeter approach for the rapid analysis of extreme events and focuses on fundamental aspects of

its methodology. Specifically, ClimaMeter assesses how events with the same dynamics as the event under consideration have

23

https://doi.org/10.5194/egusphere-2026-1466
Preprint. Discussion started: 9 April 2026
c© Author(s) 2026. CC BY 4.0 License.



a)

5°E 10°E 15°E 20°E 25°E

52.5°N
55°N

57.5°N
60°N

62.5°N
65°N

67.5°N

mslp 2023-08-08

30

20

10

0

10

20

30
[hPa] b)

5°E 10°E 15°E 20°E 25°E

52.5°N
55°N

57.5°N
60°N

62.5°N
65°N

67.5°N

precipitation 2023-08-08

10

20

30

40

50

60
[mm/day] c)

5°E 10°E 15°E 20°E 25°E

52.5°N
55°N

57.5°N
60°N

62.5°N
65°N

67.5°N

delta precipitation
Average change: 1.50 mm/day

6

3

0

3

6
[mm/day]

Storm Hans

1950 1960 1970 1980 1990 2000 2010 2020
0

5

10

15

20

25

30

Pr
ec

ip
ita

tio
n 

[m
m

/d
ay

]

d)
97.00th quantile regressions in CF+F hazard

97.00th quant. regr.: slope = 1.52e-04 mm/day^2, pvalue = 0.00
Event: 100.00th quantile, #0 more intense events

0.
50

0.
75

0.
85

0.
97

0

0.2

0.4

0.6

0.8

1

0.
95

0.
99

h)
P-values

Significant trend

0.
50

0.
75

0.
85

0.
97

0.0

0.5

1.0

1.5

[m
m

/d
ay

^2
]

1e 4

0.
95

0.
99

i)
Slopes

Significant slopes

0.
50

0.
75

0.
85

0.
97

0

0.2

0.4

0.6

0.8

1

0.
95

0.
99

Influenced by Natural Variability

Strengthened by Climate Changej)
Gauge values

Quantile Regression as a function of quantile threshold

Figure 8. Analysis of Storm Hans. (a) Mean sea level pressure anomalies and (b) precipitation maps associated with the event. (c) Significant changes in precipitation between

factual and counterfactual analogues composites. Fields in a-c) cover the analogues domain ([0°E; 30°E] x [70°N; 50°N]). The black square in b) indicates the target region ([4.5°E;

17°E] x [63.5°N; 58°N]) where most extreme hazard and impacts occurred. d) Time evolution of precipitation spatially averaged in the target region over the union of counterfactual

and factual periods. The blue dashed line represents the precipitation associated with the event. The legend indicates the quantile corresponding to the event intensity within the

distribution of the target precipitation, as well as the number of previous events with higher intensity. The red line represents the 97th quantile regression of precipitation, and slopes

and p-values are reported in the legend. Note that a p-value smaller than 5% is associated to a significant trend, since the null hypothesis of the test is that the regression slope is zero.

e-f) Comparison of natural variability gauge outcomes following ClimaMeter and ClimaMeter 2.0 methodologies. g) Weights expressed as percentages for the modes of variability,

and p-values obtained from the CvM test at 0.05 significance level between counterfactual and factual set of indices. h-j) Quantile regression for different values of the quantile

threshold: 0.5, 0.75, 0.85, 0.95, 0.97, 0.99. i) p-values and j) slopes associated with the regression; k) natural variability gauge value based on the quantile regression methodology,

all as a function of the quantile threshold.
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Figure 9. Analysis of Storm Ciaran. (a) Mean sea level pressure anomalies and (b) wind speed maps associated with the event. (c) Significant changes in wind speed between

factual and counterfactual analogues composites. Fields in a-c) cover the analogues domain ([18°W; 30°E] x [65°N; 35°N]). The black square in b) indicates the target region ([5°W;

2.5°E] x [51.2°N; 43°N]) where most extreme hazard and impacts occurred. d) Time evolution of wind speed spatially averaged in the target region over the union of counterfactual

and factual periods. The blue dashed line represents the wind speed associated with the event. The legend indicates the quantile corresponding to the event intensity within the

distribution of the target wind speed, as well as the number of previous events with higher intensity. The red line represents the quantile regression of wind speed, and slopes and

p-values are reported in the legend. Note that a p-value smaller than 5% is associated to a significant trend, since the null hypothesis of the test is that the regression slope is zero.

e-f) Comparison of natural variability gauge outcomes following ClimaMeter and ClimaMeter 2.0 methodologies. g) Weights expressed as percentages for the modes of variability,

and p-values obtained from the CvM test at 0.05 significance level between counterfactual and factual set of indices. h-j) Quantile regression for different values of the quantile

threshold: 0.5, 0.75, 0.85, 0.95, 0.97, 0.99. i) p-values and j) slopes associated with the regression; k) natural variability gauge value based on the quantile regression methodology,

all as a function of the quantile threshold.
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changed from the mid-twentieth century to the present day. Before ascribing these changes to ACC, the possible role of natural

variability must be assessed. The new methodology we present, the ClimaMeter 2.0 approach, proposes an enhanced way to560

measure the influence of natural variability on the observed changes.

ClimaMeter 2.0 represents a generalisation and extension of the original approach, while remaining within the same concep-

tual framework. The most important advancement lies in its improved flexibility. First, we quantify the influence of every mode

of SST variability - ENSO, AMO, PDO - on the local hazard variable, namely temperature, precipitation or wind speed in the

target region most affected by the event. We achieve this by computing the temporal correlation between the index associated565

with each mode and the hazard variable spatially averaged over the target region. We use the resulting correlation coefficients

to weight the strength of each mode’s teleconnection with the local hazard. The main advantages of this new feature are that

the weights of the three modes are no longer assumed to be equal and that the natural variability indicator becomes continuous.

Another key improvement in terms of versatility concerns the underlying hypothesis regarding the dominant factor driving the

observed changes. In ClimaMeter, ACC is assumed by default to be the determining factor, and the role of natural variability570

must then be proved. In ClimaMeter 2.0, we propose to choose the most appropriate null hypothesis by considering the tem-

poral evolution of the local hazard, specific to each event. We compute a quantile regression of the local hazard during the

union of the counterfactual and factual periods. The relevant quantile is selected as the one corresponding to the event anomaly

within the local hazard distribution. The quantile regression allows us to evaluate if events of equal or greater intensity exhibit

a significant trend, and if such a trend is detected and is consistent with the observed changes, we assume that ACC plays a575

critical role in the event. Conversely, if no significant trend is found, the null hypothesis is that natural variability is the main

factor leading to it. This procedure increases the robustness of the methodology, since the null hypothesis is explicitly tested

rather than assumed. Moreover, it enhances its flexibility and can be easily adapted to any null hypothesis considered more

appropriate. In fact, our assessment of ACC using quantile regression is only one possibility, and this methodology can be

modified to accommodate other hypotheses. The application of the ClimaMeter 2.0 methodology to pre-industrial events gives580

promising results, since in most cases it identifies them as influenced by natural variability. Moreover, this result is robust

across the three models analyzed, providing strong evidence for the robustness of the new method. ClimaMeter 2.0, when ap-

plied to reanalysis data, modifies the value of the previous gauge, shifting it toward either natural variability or climate change

depending on the event considered. In addition to the weights assigned to the variability modes, the crucial factor determining

this shift is the presence or absence of a statistically significant trend in the hazard variable.585

However, the new methodology still has limitations. First, the weighting process requires taking the absolute values of the

correlation coefficients between the modes and the hazards (Equation (3)). While this approach captures the magnitude of

the correlations, it looses information about their sign. Each mode of variability exerts both positive and negative influences

on remote climates depending on the geographical region considered (IPCC, 2021a; Deser et al., 2010). However, at the

current stage, correlations of equal magnitude but opposite sign cannot be distinguished. As a result, even in cases where the590

correlation has the opposite sign to the observed changes, the corresponding mode is still considered as potentially influencing

those changes. Incorporating the correlations sign in future developments of this work would provide a more comprehensive
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understanding, as each mode of variability exerts both positive and negative influences on remote climates depending on the

geographical region considered.

Moreover, in its current form, ClimaMeter 2.0 allows only one hazard variable to be considered at a time. Extending the595

framework to account for multiple local hazards would be of great interest. As an example, events like extratropical and tropical

cyclones are typically associated with extremes in both precipitation and near-surface wind speed. Hence, accounting for the 2

variables when investigating the trend should provide more representative results.

Also, in ClimaMeter 2.0 we base the choice of the null hypothesis on the evaluation of a trend in the local hazard, and

assume that a significant trend can be ascribed to climate change. This represents a strong assumption, since the complex600

effect of human influence on meteorological hazards is not necessarily well represented by a trend. As discussed above, this

methodology is conceived to be flexible and easily adaptable to new choices of the null hypothesis that may be proposed in

future work.

Future directions for this work involve the investigation of the consequences of the assumptions detailed in section 3.2,

which are not addressed in this study. In particular, we believe it would be worthwhile to increase the number of modes605

of variability considered, or to select them based on their relevance to the event under consideration. The ClimaMeter 2.0

approach can be readily expanded in this direction, following, for example, the work of Fery and Faranda (2024). However, as

discussed in Section 3.2, representing natural variability using recurrent SST or circulation patterns remains an approximation,

and a residual component of unexplained variability will inevitably persist. Quantifying this residual contribution and explicitly

including it into the gauge value computation would substantially improve the robustness of the assessment.610

Moreover, including a measure of the correlation between modes of variability would allow for a more accurate quantification

of their interactions and of the complex mechanisms contributing to extreme events, by that further enhancing the flexibility

and level of detail of the methodology.

The new features introduced in ClimaMeter 2.0 also enable a broader range of applications. For example, the weighting

process provides a quantitative measure of the influence of modes of natural variability, offering insights into how extreme615

events are affected by natural variability alone when the framework is applied to counterfactual periods. Furthermore, because

in quantile regression the quantile threshold is directly associated with the hazard of the event under consideration, the frame-

work is also applicable to non-extreme events. Specifically, the methodology could be readily integrated into the analyses

provided by ClimaMonitor, a recent extension of ClimaMeter available on the ClimaMeter website. ClimaMonitor examines

European weather conditions on a daily basis, thus representing the daily version of ClimaMeter. The new assessment of the620

influence of natural variability could be easily implemented within this framework, further confirming its flexibility.

Finally, an important direction for future research concerns the definition of the target region most affected by the event.

In this work, the target region is identified using a semi-objective approach and is assumed to have a rectangular shape for

convenience. Consequently, it includes areas affected by extreme hazards, but may also include regions experiencing more

moderate conditions. For example, in the case of Storm Ciaran, extreme wind speeds were confined mainly to coastal areas625

of France, while inland values were substantially lower but still included within the target region (black square in Fig. 9).

An interesting development could be to automatically select the target region by defining grid-points where the hazard is
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overcoming a certain threshold. The choice of the target region is critical, as it is subsequently used to estimate trends in the

hazard variable. Automating this step would represent a great improvement, specifically for variables like precipitation and

wind speed, that can often be intense on a very local scale.630

Appendix A: Computation of natural variability indices

For the computation of pre-industrial natural variability indices we follow the procedure used by NOAA to calculate the indices

employed in ClimaMeter.

The Niño 3.4 index is computed following the method by Bamston et al. (1997), based on monthly SSTs averaged over

the Niño 3.4 region ([170°W; 120°W] x [5°N; 5°S], blue rectangle in Fig. A1). We compute SST monthly mean and standard635

deviation over the reference period, and remove the monthly seasonal cycle to get the anomalies. We finally standardize dividing

by the monthly standard deviation.

Figure A1. Regions involved in the ENSO, AMO, and PDO indices computation.

The AMO index is defined as the residual footprint of the SST anomalies after the removal of the externally forced sig-

nal. Residuals are defined as departures of local SST anomalies from the concurrent global-mean SST anomaly, namely the

difference between local monthly SST anomalies in the North Atlantic and the monthly mean global average SST anomaly640

(Trenberth and Shea, 2006). The use of residual SST anomalies mitigates the influence of global-mean SST external trends on

the quantification of natural variability Zhang et al. (1997). Operationally, we compute the monthly SST anomalies time series

averaged over the North Atlantic region ([80°W; 0°E] x [60°N; 0°N], red rectangle in Fig. A1) and over the global oceans

([80°W; 180°E] x [60°N; 60°S]; yellow square in Fig. A1). The index is obtained by subtracting the global time series from

the North Atlantic one.645

The PDO index is defined as the leading principal component (PC) obtained from the empirical orthogonal function analysis

of monthly residual SST anomalies poleward of 20°N in the Pacific Basin (Mantua and Hare, 2002). Residuals are defined as

for AMO, but the local anomalies are computed on the North Pacific basin: we compute monthly SST anomalies in the North

Pacific basin ([110°E; 255°E] x [65°N; 20°N], green rectangle in Fig. A1) and over the global oceans as for AMO, and then
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subtract. We apply PC analysis to monthly residual SST anomalies. We select the first PC and we choose its sign so that it650

agrees with the definition of the positive phase of PDO: warm conditions in the central-eastern tropical Pacific surrounded by

negative SST anomalies to the west of the basin (IPCC, 2021a). The index is finally obtained by dividing the first PC by the

monthly standard deviation computed over the reference period for climatology Mantua et al. (1997).

The reference period for the climatology of the NOAA indices is the 30-year period from 1971 to 2000 (Xue et al., 2003).

Data availability. ERA5 (Hersbach et al., 2020) was downloaded from the Copernicus Climate Change Service (https://cds.climate.copernicus.655

eu/). We acknowledge the World Climate Research Programme’s Working Group on Coupled Modelling, which is responsible for CMIP,

and we thank the climate modeling groups for producing and making available their models outputs. For CMIP, the U.S. Department of

Energy’s Program for Climate Model Diagnosis and Intercomparison provides coordinating support and led development of software infras-

tructure in partnership with the Global Organization for Earth System Science Portals. The pre-industrial simulations of the three models

were retrieved from the IPSL cluster. The Niño 3.4 and the AMO indices were retrieved from the Royal Netherlands Meteorological Institute660

Climate Explorer (https://climexp.knmi.nl/selectindex.cgi?id=someone@somewhere), while the PDO index from the National Centers for

Environmental Information website (https://www.ncei.noaa.gov/pub/data/cmb/ersst/v5/index/ersst.v5.pdo.dat).
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