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ABSTRACT
Sudden stratospheric warmings (SSWs) provide a source of surface predictability up to several weeks in advance. They gener-
ally precede cold weather across the northern midlatitudes, including extremes. When it is cold, demand for heating typically 
increases electricity demand. We use reanalysis data and a weather-driven demand model for various European countries to 
investigate the relationship between SSWs and extreme electricity demand. We find that extreme demand of ~120% of climatol-
ogy is 1.5–3 times more likely in periods following SSWs across northern and central Europe. We then use subseasonal forecast 
experiments from the Stratospheric Nudging and Predictable Surface Impacts project to explicitly attribute the impact of the 
February 2018 SSW, an event that preceded a cold weather outbreak across Europe. These experiments include nudging of the 
stratospheric state to either its observed or climatological evolution, allowing the causal impact of the SSW to be identified. We 
find a robust simulated increase in extreme demand risk attributed to the 2018 event. This indicates a window of opportunity for 
earlier prediction of extreme European electricity demand risks following SSWs.

1   |   Introduction

Many sectors of society increasingly seek skilful predictions 
of weather and its impacts beyond the typical timescales of 
weather forecasts (White et  al.  2017). For a forecast of condi-
tions weeks to months ahead, there are only a few sources of pre-
dictability within the climate system. Along with soil moisture 
and the Madden-Julian Oscillation, a key one is the stratosphere; 
the layer of the atmosphere ~10–50 km above Earth's surface 
(Butchart 2022). The stratosphere varies more slowly than the 
troposphere but can have a lasting influence on surface weather, 
offering the opportunity to predict tropospheric changes up 
to weeks in advance (Domeisen et  al.  2020a, 2020b; Scaife 
et al. 2022). A key component of wintertime stratospheric circu-
lation is the polar vortex (Waugh and Polvani 2010). Persistent 
anomalies in vortex strength are often associated with robust, 

and similarly persistent, regional changes in midlatitude sur-
face weather (Domeisen and Butler 2020); though not all strato-
spheric perturbations necessarily couple to the surface (Sigmond 
et al. 2013; Karpechko et al. 2017; Oehrlein et al. 2021).

Extreme vortex weakening events, known as sudden strato-
spheric warmings (SSWs), are dramatic wave-driven break-
downs of the polar vortex. In these events, the otherwise strong 
and stable westerly vortex winds temporarily reverse, with 
temperatures inside warming by tens of degrees over just a few 
days (Baldwin et al. 2021). The downward influence of SSWs 
on weather and climate can then be felt for up to 30–60 days 
after onset (Kidston et  al.  2015; Domeisen and Butler  2020; 
Baldwin et al. 2021), potentially providing predictive power on 
subseasonal-to-seasonal (S2S) timescales of 2 weeks–2 months 
(Vitart et al. 2017). In the Northern Hemisphere, SSWs occur 
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on average around every other year and are usually associ-
ated with the negative phase of the North Atlantic Oscillation 
(NAO; Baldwin and Dunkerton  2001). This corresponds to 
lower than average surface temperatures, including an in-
crease in the likelihood and severity of cold air outbreaks and 
cold extremes across the northern midlatitudes (Domeisen 
and Butler 2020; Huang et al. 2021; Spaeth and Birner 2022; 
Seviour et al. 2026).

Predictions of surface conditions at a range of lead times can pro-
vide important information to many different end-users (White 
et al. 2017; Vitart and Robertson 2018). For example, energy sys-
tem operators are known to utilise weather forecasts to prepare 
for potentially impactful events; they can also assess the risks 
associated with extreme events further in advance by utilising 
skilful subseasonal forecasts (Soares and Dessai  2016; White 
et al. 2017; Goutham et al. 2022). Though the energy sector is 
interested in impacts on the system itself at the short range es-
pecially (e.g., damage from extreme weather), the predominant 
focus for extended range predictions is on renewable generation 
and demand; this can be leveraged by both the system operators 
and those in the energy trading industry (S2S4E 2020). Demand 
is primarily temperature-driven; during European winters, low 
temperatures drive increases in heating, and thus electricity and 
gas, demand (Taylor and Buizza  2003; Thornton et  al.  2016). 
Despite its robust electricity network, periods of high electricity 
demand and low renewable (e.g., wind power and/or solar) gen-
eration still present a challenge in Europe. If supply cannot keep 
up with demand, countries may turn to other sources that are 
more expensive and/or polluting (van der Wiel et al. 2019)—or 
even leave millions of customers without electricity in very ex-
treme scenarios, such as the 2021 cold outbreak in Texas (Busby 
et al. 2021; Doss-Gollin et al. 2021).

There are a number of studies that generally utilise S2S forecast 
model data for the energy sector. They find forecast skill in en-
ergy variables from lead times of up to 2–4 weeks in advance, 
indicating windows of opportunity for making useful forecasts 
(e.g., Clark et al. 2017; Soret et al. 2019; Dorrington et al. 2020; 
Bloomfield et  al.  2021; Goutham et  al.  2022). There are other 
studies that use S2S models to study SSWs, their predictabil-
ity, and the predictability of their impacts (e.g., Rao et al. 2021; 
Kolstad et al. 2022; Finkel et al. 2023; Ineson et al. 2024; Lee 
et al. 2025). Furthermore, there is existing work linking SSWs 
to cold weather-driven societal impacts (such as mortality; 
Charlton-Perez et  al.  2021) and linking weak/strong strato-
spheric extremes to energy-relevant variables at the subseasonal 
timescale (Büeler et al. 2020; Beerli et al. 2017). However, there 
are very few published studies that specifically link SSWs to 
energy impacts. One recent study examined SSWs' effects on 
wintertime electricity consumption and wind power genera-
tion in Finland, asking whether such effects could be used for 
seasonal prediction up to 6 months ahead using a geomagnetic 
activity-based SSW-prediction model (Juntunen, Vokhmyanin, 
et al. 2025). Our study alternatively generalises across European 
regions, and focuses on a shorter timescale (sub-seasonal), so is 
the first to use S2S prediction systems specifically to link SSWs 
and energy impacts.

As weather-driven impacts on both natural and human sys-
tems can vary along with changes in weather and climate, it can 

be helpful to understand whether such changes are a result of 
natural variability or some predictable element of the climate 
system. This is the realm of ‘detection and attribution’ studies. 
These seek to identify (i.e., detect) a trend, pattern or change in 
climate-related variables or systems and then attribute it to some 
specific driver—usually anthropogenic climate change (Hegerl 
and Zwiers 2011; Otto 2017; Zhai et al. 2018). Attribution studies 
of specific events, extremes, or impacts typically either take the 
‘risk-based’ approach, which considers classes of events, or the 
‘storyline’ approach, which focuses on a specific event. Storyline 
studies aim to quantify how observed events could have un-
folded in alternative ways by ‘conditioning’ on specific drivers 
of extreme events (e.g., Cattiaux et al. 2010; Chan et al. 2022). 
Though they do not necessarily assess changes in event likeli-
hood as a result, they can be used to investigate how much (less) 
worse events could have been given changes to their character-
istics and/or drivers (Lin et al. 2020; Lloyd and Shepherd 2020). 
The risk-based approach alternatively tends to calculate changes 
in likelihood of classes of events, defined by a threshold in a cli-
mate variable or an impact, recognising that extreme events can 
have multiple external drivers (natural or anthropogenic) on 
top of the system's internal noise, and that human activities can 
influence the likelihood of such events occurring. Such studies 
assess extreme events in a representation of the ‘factual’ world 
compared to what they might have been under ‘counterfactual’ 
climate conditions; this usually relies on models, with the as-
sumption that they can reliably simulate the event (Otto 2017).

Impact attribution can be particularly challenging. It often re-
quires the synthesis of interdisciplinary information that differs 
in terminology and type, and/or having to interface between 
models built by research communities with differing prior-
ities. As a result, such studies are not very common (Mudhar 
et al. 2023). Nevertheless, the risk-based approach has been used 
to attribute the decreasing trend in domestic energy consump-
tion in the United Kingdom to human-induced climate change 
(Christidis et  al.  2021). However, there is no focus on specific 
energy impact ‘events’ so far in the literature.

Furthermore, though attribution of extreme weather events 
has rapidly developed since the 2010s, there are still concerns 
over the robustness of the traditional climate model approach. 
Namely, that such models can struggle to represent key dy-
namical drivers of extremes (Leach et al. 2021). In recent years, 
forecast-based attribution has been presented as a framework 
to synthesise the risk-based and storyline approaches (Leach 
et  al.  2024; Thompson et  al.  2025). With a forecast you can 
specifically condition on the component of an event that was 
predictable at the time of initialisation; the benefits of using a 
successful forecast are not only that the model is able to accu-
rately represent the event, but also that the analysis is unques-
tionably an attribution of that specific event (as opposed to a 
mixture of many events in some ‘class’). Forecast models also 
typically have greater resolution than climate models and can be 
run as large ensembles, increasing confidence.

Given the subseasonal predictability afforded by SSWs, we can 
ask a similar question to that of traditional attribution stud-
ies about the attributable impact of such stratospheric events 
on surface extremes. Unfortunately, fully realising the skill 
associated with SSWs in operational S2S forecast models is 
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still challenging. These models must capture both the evolu-
tion of the stratospheric polar vortex and the coupling to the 
troposphere: well-known sources of significant model bias 
(Lawrence et  al.  2022; Garfinkel et  al.  2024). Stratospheric 
Nudging and Predictable Surface Impacts (SNAPSI) is a 
model intercomparison protocol that uses a set of controlled, 
subseasonal, ensemble forecasts of three case study vortex 
weakening events to address a number of science goals. One 
of these is ‘to attribute specific extreme events to stratospheric 
variability’ (Hitchcock et  al.  2022). To do this, the protocol 
utilises an artificial nudging in the stratosphere (described 
further in Section 2.2) to isolate the role of stratospheric vari-
ability on predictions from two initialisations per case study. 
Analysis of the SNAPSI experiments has so far revealed that 
negative NAO-like regimes systematically follow the simulated 
Northern Hemisphere SSWs of 2018 and 2019 (Lee et al. 2025), 
and that they increase the likelihood of observed severe cold 
spells and extreme snow (Seviour et al. 2026). Here, we aim to 
take this a step further, linking to an impact model. We inves-
tigate two key questions relating to the attributable impact of 
SSWs on the European energy sector:

1.	 What is the average historical relationship between SSWs 
and electricity demand?

2.	 How much of the risk of a given extreme demand event can 
be attributed to the occurrence of an SSW?

The first of these aims to understand the links between SSWs 
and energy impacts, for which reanalysis is used, while the sec-
ond is more about causation, which can be better understood 
using the SNAPSI simulations of the 2018 SSW.

We describe the data and analysis methods used in Section 2, 
before presenting the results answering the questions above in 
Sections 3 and 4, respectively. Finally, in Section 5 we discuss 
our findings, including the limitations and implications of the 
novel analysis presented here.

2   |   Data and Methods

In this work, we analyse electricity demand in the periods fol-
lowing SSWs, derived from daily mean 2 m temperature from 
the reanalysis and SNAPSI datasets. We describe the data, de-
mand model, and extreme event identification and attribution 
methods used in the following sections.

2.1   |   Reanalysis Data

We use ERA5 reanalysis data (Hersbach et  al.  2020) covering 
extended Northern Hemisphere winter periods of October–May 
from 1979/80 to 2024/25. Specifically, daily-mean zonal-mean 
zonal wind at 10 hPa, 60° N (U10,60) and daily-mean 2 m tempera-
ture (T), with the latter regridded to a horizontal resolution of 
1° using a distance-weighted average remapping (closer to the 
typical resolution of SNAPSI-participating models later de-
scribed in Section 2.2). We use the recent period rather than one 
extending earlier into the twentieth century, as 1979 marks the 
introduction of operational satellite sounder data, which led to 

improvements in the accuracy of stratospheric representation 
in reanalysis. Not only is the warming trend in T not as strong 
than if we extended back to the 1950s, but using the recent pe-
riod means excluding some of the very cold winters in the early 
1960s; it is unclear how likely such winters would be to occur in 
our current climate, which is a question beyond the scope of the 
present study.

We use U10,60 to identify SSWs following the Charlton and 
Polvani  (2007) approach for ‘major’ warmings: we look for 
reversals in the sign of U10,60 over October–April (inclusive), 
requiring that winds must return to westerly for at least 20 con-
secutive days between reversals and that they return to west-
erly for at least 10 consecutive days before 30 April. This gives 
us 30 SSWs in the 46 winters of the ERA5 dataset used here, 
with onset dates spread throughout December–March. The list 
of onset dates is shown along with the evolution of U10,60 in the 
10 days before and 45 days after each SSW in Figure  1. With 
the method explained in Section 2.3, we use these onset dates 
to analyse the T-derived electricity demand in the 45 days fol-
lowing SSWs (the ‘post-SSW’ period; Mitchell et al. 2013). As 
the demand model we use was trained using ERA5 T, we also 
use this reanalysis dataset for consistency. For the use of ERA5 
U10,60 to identify SSWs, we find onset dates that are broadly con-
sistent with other reanalysis products (as per Butler et al. 2017). 
Note that we use December–May for the near-surface variables 
due to the SSW timings and length of the post-SSW period, and 
that there are no winters in which 2 SSWs occur within 45 days 
of each other.

2.2   |   SNAPSI Protocol

SNAPSI uses S2S forecast models to run retrospective fore-
casts, or ‘hindcasts’, of 3 case study stratospheric polar vortex 
weakening events (12 February 2018 and 2 January 2019 in the 
Northern Hemisphere, and 18 September 2019 in the Southern 
Hemisphere). For each of the case studies, all of the models run 
(minimum) 45-day simulations with a (minimum) 50-member 
ensemble initialised from 2 different start dates for 3 experimen-
tal set-ups. A detailed description of the observed dynamical 
evolution of the case study events and SNAPSI experimental 
design is given by Hitchcock et al. (2022). Here we present the 
elements of most relevance for the research questions. First, the 
key experiments:

•	 free: after initialisation, the ensemble is able to freely 
evolve—that is, a standard forecast;

•	 nudged: throughout the run, the zonally-symmetric strato-
spheric state is globally nudged to the ERA5 time-evolution 
of the stratospheric event;

•	 control: throughout the run, the zonally-symmetric 
stratospheric state is globally nudged to a time-evolving cli-
matological state calculated from ERA5.

For the nudged and control experiments, SNAPSI leverages 
a zonally-symmetric nudging technique previously used to iden-
tify the influence of the stratosphere on tropospheric circulation 
(Kautz et al. 2020). The zonal-mean zonal wind and tempera-
ture are nudged above 90 hPa, ramping to full strength by 50 hPa 
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via a cubic profile that is applied equally at all latitudes. For the 
control experiment, the climatological reference state is grad-
ually introduced over the first 5 days to mitigate any spurious 
initialisation responses. The experimental set-up allows the tro-
posphere to freely evolve in response to the initialisation and 
nudging, if used; thus, even a perfect simulation of the zonal-
mean stratosphere does not mean models will perfectly capture 
surface events. Nevertheless, we view comparing the surface 
conditions of the nudged to free simulations as revealing the 
impact of an improved stratospheric forecast, while compar-
ing nudged to control isolates the influence of the anoma-
lous (zonal-mean) stratospheric evolution during SSWs on the 
surface.

We use daily T from 7 of the SNAPSI-participating models 
(Table 1) to derive and analyse post-SSW electricity demand, 
selected based on data availability. Our case study of inter-
est is the Northern Hemisphere SSW on 12 February 2018, 
which was followed by notable low near-surface temperature 
anomalies across northern and central Europe, both on av-
erage (Figure  2a) and in terms of extreme low temperatures 

(Figure  2b), including heavy snow in some regions (Galvin 
et  al.  2018; Lü et  al.  2020). Though this event is not consid-
ered one of the most extreme energy events across Europe 
(Bloomfield et al. 2020), there were socioeconomic impacts in 
certain countries at the time: for example, U.K electricity prices 
peaked at just over ₤124 MWh−1 on 3–4 March 2018, almost 
three times the typical price in the 2010s (Drax Group 2025).

Figure 3a shows the simulated evolution of U10,60 for the ensem-
ble mean of all models, and Figure 3b for all ensemble members 
of the IFS model, compared to that in ERA5, with initialisation 
dates of 25 January and 8 February 2018, respectively 18 and 
4 days before the SSW onset. As expected, for all models and 
IFS ensemble members, nudged closely follows the ERA5 evo-
lution, control quickly diverges from it, and there is consid-
erable spread across the free experiments: the free-running 
simulations much more closely follow ERA5 after the later 
initialisation when the SSW onset is better captured. Note that 
the minimum 45-day length of the simulations means there is 
a maximum period of 27 days post-SSW (grey shaded region on 
Figure 3) that is common to both sets of initialised simulations 

FIGURE 1    |    Evolution of the daily-mean zonal-mean zonal wind at 10 hPa, 60° N for each of the 30 SSWs identified from ERA5, with onset dates 
listed on the right (broadly consistent with Butler et al. 2017). Different colour lines and dates indicate the month of each SSW's onset date, and the 
thick black line is the average evolution.

TABLE 1    |    The 7 forecast systems analysed. The 2 versions of GloSea6 use the same perturbation strategy but differ in land surface scheme and 
initialisation.

Model centre Model name Spatial resolution Vertical levels Model top

CCCma CanESM5 T63 49 1 hPa

NCAR CESM2-CAM6 1.25 ◦
× 0.9 ◦ 32 2.26 hPa

Météo France CNRM-CM6-1 TL359 91 0.01 hPa

UKMO GloSea6-UKMO N216 85 85 km

KMA GloSea6-KMA N216 85 85 km

SNU GRIMs T126 60 0.3 hPa

ECMWF IFS TCo319 75 0.01 hPa
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across all the models, which will be the focus of the SNAPSI-
related analysis.

2.3   |   Demand Model

We use the multiple linear regression model constructed for 28 
European countries by Bloomfield et al. (2021) to derive country-
aggregated daily electricity demand (E in GW) from daily-mean 

2 m temperature (T). The training of the multiple linear regres-
sion model is described in detail in Bloomfield et al. (2021); the 
model for each country contains weather-related parameters 
as well as confounding human behavioural factors, such as 
‘day-of-week’ effects (whereby demand is greater on weekdays 
than weekends) and long-term socioeconomic trends. Here, we 
choose to treat every day as ‘Monday’ and disregard the long-
term changes to enable us to focus on the weather-driven com-
ponents of demand. Thus, for the winter,

FIGURE 2    |    The ERA5-derived (a) mean and (b) minimum temperature anomalies in the 27 days following the 12 February 2018 SSW, calculated 
for each grid point as described in Section 2.1 (note the different colour scales). Plus, the (c) northern (blue) and central (green) European countries 
as in Table 2.

(a) (b) (c)

FIGURE 3    |    Evolution of the 10 hPa, 60° N zonal-mean zonal wind in the free, control and nudged SNAPSI simulations of the 12 February 
2018 SSW. Lines are dashed for the first initialisation date and solid for the second, with the vertical grey lines indicating the initialisations, the verti-
cal black line the SSW onset, and the grey shaded period the 27 days post-SSW. (a) each coloured line is the ensemble mean of one of the seven models. 
(b) each thin line is an ensemble member and the thick line the ensemble mean for the IFS model.

(a) All (b) IFS
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where t  is the daily time step and � i are the regression coef-
ficients, which are calculated separately for each country: 
the  first term is the constant ‘background’ level of demand 
(in 2017, as per Bloomfield et al. 2021). Note that a recent retrain 
of the model on 2021 data modified �0 slightly, but the peaks 
in winter demand (as is relevant for this work) are comparable 
and the skill of the model, of ~2 weeks, was not impacted. The 
weather-driven electricity demand then relies on variations 
in ‘heating degree days’ (HDDs); this links E not to some ab-
solute T, but rather the difference between T and a base tem-
perature Tb, below which demand becomes weather-sensitive. 
Thus, if T(t) < Tb then HDD (t) = Tb − T(t), else HDD (t) = 0. 
The temperature difference is key, as the lower the temperature 
is outside, the more heating, and thus energy, required. Along 
with the sensitivity of each country's E to HDDs, Tb typically 
varies by country depending on their building stock and pop-
ulations' resiliency to cold; here, it is set constant at 15.5°C for 
simplicity, consistent with the European Environment Agency 
(EEA 2024) and other similar models. The model parameters al-
ready estimated from the 2016/17 training period by Bloomfield 
et al. (2021) can then be used to derive daily demand from T for 
any period and, in theory, any dataset.

We apply the weather-driven demand model to the ERA5 and 
SNAPSI datasets, and analyse both mean and extremes of de-
mand following SSWs for each of the relevant countries. For 
this, we aggregate the daily T timeseries at each grid point 
within individual countries to compute the national aver-
age daily T, from which we calculate HDDs and thus the E 
timeseries per country. The European Network of Transmission 
System Operators for Electricity (ENTSO-E) contains a num-
ber of regional groups of countries whose own individual na-
tional regulated entities operating the high-voltage electric 
grid can operate synchronously (Foretic et al. 2024). The larg-
est of these is ‘Continental Europe’ (28 countries), with smaller 
groups of Baltic countries (3), Nordic countries (4), and Great 
Britain/Ireland (2). As a demand model is not available for all 
countries (e.g., Estonia is missing from the Baltic group due 

to training data availability), we collate the smaller groups to 
form a ‘northern’ group and separate a subset of the continental 
countries into a ‘central’ group (Table 2, Figure 2c). Countries 
in southern Europe are not considered, as the cold-related im-
pacts of SSWs are typically less severe there.Our focus is pre-
dominantly on these two aggregated groups of countries, as 
many of the ENTSO-E countries are interconnected. We thus 
sum demand over all individual countries within the group, 
which also has the effect of smoothing out the signal. Figure 4 
shows the average daily evolution of ERA5-derived electric-
ity demand in both northern and central Europe over all 46 
winters, with 2017/18 highlighted to show the weather-driven 
demand reaching a new maximum in the weeks following the 
February SSW.

2.4   |   Inferring the Impact of SSWs

We follow a similar analytical framework as in Seviour 
et al. (2026) to investigate whether there is an attributable signal 
of SSWs in extreme electricity demand events. This requires a 
comparison of demand under post-SSW and ‘non-SSW’ condi-
tions in order to quantify the statistical difference between these 
two states.

Consider some extreme event A, which generally has a proba-
bility of occurring p0 = p(A). The probability of such an event 
occurring following an SSW, S, is then p1 = p(A| S). The prob-
ability, or risk, of A occurring after an SSW can be framed rel-
ative to the risk of it occurring generally, using ‘relative risk’ 
RR = p1 ∕p0. RR thus describes the fractional change in risk 
for a given magnitude and is a measure commonly used in 
climate change attribution studies (Otto 2017); we use it here 
to attribute the occurrence of specific extremes to the occur-
rence of an SSW. As RR frames the attribution result in terms 
of relative probabilities, it is applicable for both increases and 
decreases in event likelihood (Wilcox et al. 2018). RR > 1 indi-
cates that the occurrence of the SSW makes the extreme more 
likely to happen, and the greater the RR, the greater the role 
of the attributed driver; for example, RR = 0.5 or 2 would sug-
gest that the extreme is half or twice as likely following the 
SSW, respectively. While RR is often preferred due to its rela-
tive ease of interpretability, it should be noted that it depends 
on event definition, and that a change in the risk of an event 
may appear large but only correspond to a marginal change in 
magnitude, such that the real-life impact is relatively small. 
Hence, we additionally find the change in magnitude for a 
given risk, termed the ‘quantile shift’ (QS), to highlight the 
difference in severity at some exceedance probability—for ex-
ample, how much more severe does a 1 in 10 event become 
following an SSW?

2.4.1   |   Risk Analysis With Reanalysis

With ERA5, we are interested in both post-SSW mean and ex-
treme anomalies. We remove 30 June from each leap year then 
compute daily anomalies from the climatology calculated as 
the multi-year (1979/80–2024/25) mean of each ‘day-of-year’; 

(1)E(t) = �0 + �1HDD(t),

TABLE 2    |    European countries per country group in Figure 2c.

Northern Europe Central Europe

Belgium Austria

Denmark Czech Republic (C.R.)

Finland France

Ireland Germany

Latvia Hungary

Lithuania Luxembourg

Netherlands Poland

Norway Slovakia

Sweden Slovenia

United Kingdom (U.K.) Switzerland
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7 of 18Meteorological Applications, 2026

29 February in a leap year is treated as 1 March. Note that 
we do this conversion of absolute values of temperature and 
demand into anomalies to better enable comparison be-
tween countries and country groups. For mean temperature 
anomalies, we compute a daily timeseries of anomalies (T ′) 
which are then averaged over the post-SSW period to give T ′ 
(in °C). For the extremes, the lowest (minimum) temperature 
on a single day in the post-SSW period is subtracted from the 
equivalent day-of-year climatology to calculate the anom-
aly, T ′

min
. For mean electricity demand anomalies, we calcu-

late the timeseries of anomalies as E�
=

(
E ∕Eclim

)
− 100 then 

again average over the post-SSW period to calculate E′ (in %). 
For the extremes, the highest (maximum) demand value on 
a single day in the period is similarly used to calculate the 
anomaly relative to the equivalent day-of-year climatology 
as E�

max
=

(
Emax ∕Eclim

)
− 100.

For the attribution specifically, we focus on E′

max
 as a way of in-

dicating a ‘most challenging day’ for energy system operators. 
To analyse extreme event risks, we treat the 45 days after each of 
the 30 SSWs (onset date inclusive) as our post-SSW periods. We 
find E′

max
 after each of the 30 SSWs using the method described 

above, generating a list of 30 extreme demand values. We then 
sort these from smallest to largest, in order of highest to lowest 

probability of occurring, and fit a generalised extreme value 
(GEV) distribution (described in detail in Seviour et al. 2026). 
Each of the values then has an ‘exceedance probability’ associ-
ated with it: for example, the most extreme value, or ‘severity’, in 
the list of 30 has a 1 in 30 probability of occurring, the 10th most 
extreme a 10 in 30, and so on. Though the use of the GEV may 
not traditionally be considered appropriate (the variables used 
are not guaranteed to be ‘large’, ‘independent’ or ‘identically dis-
tributed’), it overall captures the distributions here much better 
than a Gaussian: thus, as in Seviour et al. (2026), we really use 
the GEV fit here as a regularising tool for the relatively small 
sample size. When we plot the GEV-fitted risk functions, we also 
show their 50th percentile-bootstrapped confidence intervals by 
resampling with replacement 1000 times, re-calculating GEV 
parameters for each, and shading between the 25th and 75th 
percentiles.

To generate such distributions for ‘non-SSW’ periods, we sam-
ple ‘random’ 45-day periods from the ERA5 dataset using the 
30 SSW dates as a basis. Starting from the first SSW in the 
record on 1 March 1980, we randomise the year. If, for exam-
ple, the random year is 2015 then the period of interest is the 
45 days following the 1 March 2015 (inclusive). Then we find 
the E′

max
 within that period, as above. Note that the random 

FIGURE 4    |    Evolution of ERA5-derived E aggregated over (a) northern and (b) central European countries. Black lines and shaded regions are 
from all years in 1979/80–2024/25, with a 30-day smoothing applied to the mean, while the green line picks out 2017/18 and the vertical dashed line 
marks the onset of the 12 February 2018 SSW. Note the difference in the y-axes.
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8 of 18 Meteorological Applications, 2026

period cannot have the same start date as an actual SSW—
that is, there is no duplication in terms of start dates between 
this and the aforementioned ‘post-SSW’ group, though ran-
dom periods can overlap with post-SSW 45-day periods. This 
approach of sampling based on SSW dates enables us to cap-
ture the seasonal sampling typical of SSW periods better than 
if, for example, we picked random 45-day periods over all of 
December–March. We repeat this randomised-year process 
for each of the other 29 SSW onset dates (with a new random 
year each time) to get a list of 30 E′

max
 values that can be sorted 

from smallest to largest. We repeat this whole process 1000 
times and the result is 1000 lists of 30 extremes, all sorted from 
smallest to largest (each severity with an associated exceed-
ance probability). The ultimate GEV distribution is fitted to a 
single list of 30 extremes found by averaging across the 1000 
samples, from which the 50% confidence intervals are also 
computed. In other words, we use an average distribution of 
random extremes. Then, we attempt to detect a signal of SSWs 
using RR and QS, with the p1 derived from the post-SSW and p0 
from the random periods.

2.4.2   |   Risk Analysis With SNAPSI

Meanwhile, with SNAPSI, comparing post-SSW to ‘non-SSW’ 
periods means simply comparing the nudged to the con-
trol experiments. In this case, we use absolute values rather 
than anomalies. Thus, the single highest E on any day in the 
period following the SSW is identified as the Emax for each 
ensemble member. This results in a list of 50 Emax values cor-
responding to the most extreme daily electricity demand in the 
27 days after the SSW for each of the 50 ensemble members (of 
each model, for each initialisation date, for each experiment), 
to which a GEV distribution is fitted with 50th percentile-
bootstrapped confidence intervals, as with ERA5. RR is then 
calculated as the ratio of the severities with respect to the 
control. Comparing nudged to control is most akin to 
a traditional attribution, whereby the factual world is one in 
which the SSW occurred, and the counterfactual is one that 
follows climatology. Whereas, free compared to control 
indicates the stratospheric contribution to forecast risk in stan-
dard forecasts.

To compare ERA5 and SNAPSI-derived demand we also 
construct an ‘ensemble’ from ERA5 using the post-SSW period 
of 12 February + 26 days (~11 March) in each year from 1980 
to 2025 (inclusive). Emax is calculated from the 27-day period of 
each of these 46 ‘members’, with a GEV distribution fitted to 
the resultant list of extremes. We use this approach to infer the 
likelihood of extreme electricity demand within  that 27-day 
period throughout the record; it reveals that the aggregated 
northern European 2018 Emax derived from ERA5 T is the sec-
ond most extreme demand on a single day between 12 February 
and 11 March in the 46-year record, with an associated sever-
ity of ~142 GW and exceedance probability of just over 0.06. 
This is close to a 1 in 16 event—that is, there is a ~6% chance 
that the most extreme one-day demand in that 27-day period 
from 12 February in each of the 46 years in the record will be 
at least ~142 GW. It is this ‘event’ that is used as the threshold 
for the attribution analysis throughout this study.

3   |   The Observed Impact of SSWs

3.1   |   Demand Following SSWs

From the T and E timeseries, we can identify the historical in-
fluence of SSWs on mean and extreme temperature and elec-
tricity demand in northern and central Europe. As described in 
Section  2.1, these are shown as anomalies, as there is consid-
erable variation in absolute electricity demand values over the 
winter between countries, as well as the aggregated groups of 
countries (Figure 4).

Figure 5 shows daily evolution of T ′ and E′ per country in the 
days leading up to and following SSWs, averaged over all 30 
events. We see that, in general, temperatures are lower and 
demand higher than average across northern Europe in the 
45 days after an SSW (Figure 5a,b); there is a weaker effect in 
the central European countries (Figure 5c,d). Though the evo-
lution varies between countries, and even groups, SSWs are on 
average followed by anomalously low temperatures for the time 
of year—notably around days 10–20, extending up to day 40 in 
some of the Nordic countries especially (Figure 5a). The troughs 
in T ′ are also broadly accompanied by peaks in E′, as would be 
expected, and countries with a higher weather-sensitivity of 
electricity demand can be identified. For example, though the 
northern-most European countries generally experience the 
lowest post-SSW temperatures (and most negative anomalies), 
it is France that has a particularly strong electricity demand re-
sponse (Figure 5d). This is indicative not only of France being 
one of the largest countries in Europe, but also how highly re-
sponsive their demand is to, even small, temperature changes, 
due to their large proportion of electric heating (see Supporting 
Information: Table 1 in Bloomfield et al. (2021) for details of in-
dividual countries' weather-sensitivity).

Averaging the temperature and demand anomalies across the 
45 days following SSWs, T ′ and E′ are on average lower and 
greater than climatology, respectively (Figure  6)—but the 
anomalies are usually small. Conversely, the average T ′

min
 and 

E′

max
 values are highly anomalous. This indicates that while 

SSWs may have a small influence on mean conditions follow-
ing SSWs, the most extreme days can be far outside climatology, 
as has previously been found for temperature (King et al. 2019). 
We thus suggest that the SSW does not equally impact the en-
tirety of the temperature, and thus demand, distribution—that 
is, the temperature distribution is not simply shifted colder, but 
colder temperatures (and thus higher demands) are made more 
extreme. There is a similar story for the individual countries (see 
Supporting Information), though the demand is very country-
dependent, again revealing certain countries' strong tempera-
ture sensitivity.

3.2   |   The Risk of Extreme Demand

We now investigate whether there is a greater likelihood of ex-
treme high electricity demand occurring in the days following 
an SSW. Panel (i) in Figure  7a,b demonstrates the approach 
described in Section  2.4; the GEV fits are applied to the most 
extreme one-day electricity demand (E′

max
) in the 45-day period 
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9 of 18Meteorological Applications, 2026

after each of the 30 SSWs (crosses and solid line) and that from 
the ‘random’ periods (dots and dotted line). The RR on panel (ii) 
is then essentially the ratio of those two lines, and QS on panel 
(iii) the difference.

Comparing the GEV distributions for the post-SSW to ran-
dom periods (Figure 7, panel i) indicates that the presence of 
SSWs generally increases the RR (panel ii) and intensifies the 
QS (panel iii) for both country groups—and for the most ex-
treme, low probability values particularly. For central Europe 
(Figure  7b), the risk of lower values of E′

max
 in the post-SSW 

periods is fairly indistinguishable from that of the random 
periods (RR ∼ 1 and QS ∼ 0 in panels ii and iii, respectively). 
However, the most extreme value seems to be three times as 
likely post-SSW, with a difference in severity of almost 3% 
of climatological demand (Figure  7b, panels ii and iii). For 

northern Europe (Figure  7a), the most extreme value is just 
over 1.5 times as likely, with a smaller shift in severity of ~1%, 
for the post-SSW periods (panel iii). Though there is wide un-
certainty in the RR values for the most extreme E′

max
 values 

(panel ii), the 50% confidence intervals are typically still above 
1, indicating a significant difference between the SSW and ran-
dom periods. Furthermore, since E′ in the post-SSW periods is 
on average lower than that from random periods (not shown), 
we suggest that the difference in electricity demand extremes 
between the two distributions cannot simply be attributed to 
SSWs shifting the demand distribution; SSWs appear to have 
greatest influence on the tails of the distribution. Altogether, 
this analysis gives an indication of the level of extreme electric-
ity demand that could follow any given SSW; or how (un)likely 
very extreme one-day demand events could be. This could be 
helpful for decision making at the onset of an SSW.

FIGURE 5    |    Daily evolution of (a, c) temperature and (b, d) electricity demand anomaly (see Section 2.1) per northern and central European coun-
try, averaged over all 30 SSWs, including the E′ for the entire country group illustrated with a thicker line.
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10 of 18 Meteorological Applications, 2026

As in classic climate change attribution studies, it can be help-
ful to focus on the change in a particular ‘event’ or threshold. 
Rather than using a generic class of event, we use a threshold 
from a real-world example: the 12 February 2018 SSW (marked 
by the dashed lines on panels i–iii in Figure 7a,b). For north-
ern Europe, the 2018 event Emax is found to be ~113% of the 
climatological value, making it the fifth most extreme post-
SSW E′

max
 out of the 30 SSWs in the record. The correspond-

ing exceedance probability (i.e., the probability of being even 
more extreme) is then 5∕30 = 0.16. This makes it a one in six 
event—that is, there is an approximately one in six chance of 
SSWs being followed by an E′

max
 at least as high as 13%. For 

central Europe, the 2018 event is the third most extreme E′

max
, 

with a corresponding exceedance probability of 0.10 (i.e., a 1 in 
10 event). Comparing to the equivalent extremes in the distri-
bution from the random periods indicates that such an event is 
1.51 and 1.26 times as likely following the SSW, for northern 
and central Europe, respectively. The SSW also causes small 
shifts in severity of +1.57% and +0.71% of climatology (panel 
iv in Figure  7a,b, respectively). Additionally, there is high 
variability at the level of individual countries (see Supporting 
Information), but it is worth noting that a high demand event 
in one country might not ultimately cause a big impact in real-
ity if there is sufficient supply to meet the demand.

FIGURE 6    |    Distribution of mean and extreme anomalous (a) temperatures and (b) electricity demand in the 45 days following the 30 SSWs; the 
near-central black bar marks the median, upper/lower the extrema, and white the mean. The stars mark values corresponding to the 2018 SSW.

FIGURE 7    |    The effects of SSWs in the ERA5 record aggregated over (a) northern and (b) central Europe. (i) shows severities (E′

max
) versus the risk, 

or probability, of an event of even greater severity. Symbols (dots and crosses) are used to represent empirical risks and lines the GEV-fitted risks. (ii) 
shows relative risks of the post-SSW versus random periods as a function of severity, while (iii) shows quantile shifts as a function of risk, as well as 
empirical differences (crosses). All shaded bands are 50% confidence intervals based on the percentile bootstrap with 1000 resamplings. Then (iv) 
shows the relative risk and quantile shift corresponding to the 12 February 2018 SSW (the dashed vertical/horizontal black lines on panels i–iii).
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11 of 18Meteorological Applications, 2026

4   |   The Attributable Impact of the 2018 SSW

Analysis of ERA5 data certainly suggests a difference in ex-
treme electricity demand events in post-SSW periods compared 
to random winter periods: SSWs appear to make extremes both 
more likely and more severe. However, it does not explicitly 
show a causal link between the two. We take the extra step to 
specifically attribute anomalous extreme electricity demand to 
the occurrence of the 2018 Northern Hemisphere SSW using 
SNAPSI.

For each simulation, T is used to derive E throughout the 45-
day forecast, with particular interest in the 27-day period after 
the SSW (the ‘post-SSW period’, onset date inclusive). Because 
there are no hindcast ‘climatologies’ for the S2S models used 
here, SNAPSI-derived electricity demand extremes will be 
shown as absolute values (in GW) instead of proportions. For 
this analysis, also note that focus is on the simulated electric-
ity demand for the aggregated northern Europe group only. 
This is partly because the low temperature response after 
this SSW was strongest in the north of Europe (Figure 2), but 
also because most of the seven models struggle to simulate 
demand extremes comparable to that derived from ERA5 for 

central Europe (see Supporting Information). This is consis-
tent with the nudged experiments simulating warmer tem-
peratures across central Europe, after the later (2 February) 
initialisation especially, compared to control (Figure 8b,d). 
Figure  8a,b also show that, across the models (in the multi-
model mean, MMM), the forecast mean temperatures are 
lower across northern Europe in the nudged compared to 
control experiments. Though, when compared to Figure 2a, 
it seems that the anomaly may be much weaker than in real-
ity. Nevertheless, the lower temperatures in the nudged vs. 
control experiments suggest a possible signal of the SSW in 
temperature-driven electricity demand, too.

4.1   |   Demand Following the SSW

Following the early (25 January) initialisation, the MMM elec-
tricity demand is typically greater in the nudged compared to 
control and free simulations throughout the post-SSW pe-
riod (Figure 9a). Following the later (2 February) initialisation, 
the MMM nudged and free simulations' evolution is more 
similar, with both diverging above the control around a 
week after SSW onset (Figure 9b). This is expected because the 

FIGURE 8    |    The difference in multi-model (a, b) and IFS ensemble- (c, d) mean 2 m temperature in the 27 days after the 12 February 2018 SSW 
in nudged minus control experiments, following the early (a, c) and late (b, d) initialisations. Model data were regridded to 1◦

× 1
◦ using bilinear 

interpolation for the computation of the multi-model mean (MMM). Stippling indicates where the difference is significant to the 97.5% confidence 
level using a bootstrapping approach. The same for all other models, as well as free minus control, can be found in Supporting Information.

 14698080, 2026, 5, D
ow

nloaded from
 https://rm

ets.onlinelibrary.w
iley.com

/doi/10.1002/m
et.70241 by U

niversity O
f E

xeter, W
iley O

nline L
ibrary on [08/10/2026]. See the T

erm
s and C

onditions (https://onlinelibrary.w
iley.com

/term
s-and-conditions) on W

iley O
nline L

ibrary for rules of use; O
A

 articles are governed by the applicable C
reative C

om
m

ons L
icense



12 of 18 Meteorological Applications, 2026

free simulations capture the onset of the SSW at the time of 
the later initialisation (Figure 3). There is, however, substantial 
inter-model spread, with some models showing a much greater 
divergence between the different experiments than others (e.g., 
CESM2-CAM6 compared to IFS in Figure  9; see Supporting 
Information for the other SNAPSI-participating models). The 
MMMs in Figure 9 show that averaging across models reduces 
much of the noise (i.e., comparing the single IFS model to the 
MMM)—in particular from the early initialisation (Figure 9a). 
The shaded envelopes also show the E extremes across all mod-
els' ensemble members, with some members for some experi-
ments simulating demand above even that derived from ERA5. 
However, this is driven by a few models for each experiment 
(see Supporting Information for the additional models); for 
some, that ‘observed’ extreme falls well outside of the simulated 
distributions (e.g., CanESM5 and CNRM-CM6-1, discussed 
further in the next section). The two GloSea6 models also show 
some of the highest ensemble mean (and extreme) demand val-
ues across the experiments, though particularly in the nudged 
experiment for the early initialisation and the free for the late. 
This, coupled with the offset from ERA5 at initialisation, sug-
gests a possible cold bias compared to some of the other models; 
CanESM5 shows the opposite, suggesting a warm bias instead.

4.2   |   The Risk of Extreme Demand

We now investigate how much of the risk of a given extreme 
electricity demand ‘event’ can be specifically attributed to the 
2018 SSW. As described in Section 2.4, we use the ERA5-derived 
2018 Emax ~142 GW as a threshold with which to conduct an 
inter-model comparison. We start by using a single model, IFS, 
to demonstrate the methodology—the simulated evolution of 

the stratospheric zonal wind and temperature-derived demand 
are shown in Figures 3b and 9c,d, respectively.

The GEV distributions fitted to the IFS ensemble's simulation 
of one-day electricity demand extremes (Emax) are comparable 
to the climatology of extremes calculated from ERA5 (panel i 
in Figure  10a,b), suggesting that the model is relatively unbi-
ased. Between the two initialisations, the free RR becomes 
more similar to that of the nudged when the initialisation date 
is closer to SSW onset (panel ii). Compared to some of the other 
models (see Supporting Information), nudged generates ex-
tremes comparable to that of free where exceedance probabil-
ities are low; the shifts in severity become almost equivalent for 
the lowest exceedance probabilities (panel iii). The dashed lines 
on Figure 10 correspond to the ERA5-derived 2018 event of in-
terest. The horizontal dashed line corresponds to the event's se-
verity, which lies well within the IFS model's ensemble spread; 
the x-axis positions of intersection with the SNAPSI experiment 
lines indicate absolute risks of exceeding that observed severity. 
The vertical dashed line alternatively corresponds to the event's 
absolute risk; the y-axis positions of intersection indicate the se-
verity of an equivalent-risk event in the model ensemble. The 
ratio of absolute risk values corresponding to the ERA5 2018 
threshold gives the associated RR, and the difference in the 
equivalent-risk severities the QS. For the early initialisation, such 
an event in IFS is 1.31 and 2.22 times as likely in the free and 
nudged vs. control, with small shifts in severity, of +1.03 and 
+2.08 GW (panels iii and iv in Figure 10a,b, respectively). For 
the late initialisation, these become RR = 1.90 and 2.18 times, 
and QS = + 2.10 and + 2.5 GW. Thus, for IFS, there is a consis-
tent influence of the SSW: nudged both increases the RR and 
intensifies the QS compared to the control, though the extent 
of the effect is lead time-dependent. The difference between the 

FIGURE 9    |    Evolution of derived northern European E following the early (a, c) and late (b, d) initialisations. Coloured lines are the multi-model 
mean (MMM, a, b) or IFS ensemble mean (c, d) per experiment and the shaded envelope the min./max. daily E across all of the models' or IFS ensem-
ble members, with ERA5 in black. The grey shading marks the 27-day post-SSW period up to ~11 March, the vertical line the SSW onset date, and 
the dashed horizontal line marks the ERA5 max., used as the event threshold in Section 4.2.

 14698080, 2026, 5, D
ow

nloaded from
 https://rm

ets.onlinelibrary.w
iley.com

/doi/10.1002/m
et.70241 by U

niversity O
f E

xeter, W
iley O

nline L
ibrary on [08/10/2026]. See the T

erm
s and C

onditions (https://onlinelibrary.w
iley.com

/term
s-and-conditions) on W

iley O
nline L

ibrary for rules of use; O
A

 articles are governed by the applicable C
reative C

om
m

ons L
icense



13 of 18Meteorological Applications, 2026

nudged and free forecasts compared to control is small in 
the IFS—especially after the later initialisation, when the SSW 
onset is captured by the free (as in Figure 3b). This means that 
there is little additional information gained by the nudging at 
that point; more value is gained from nudged for the early ini-
tialisation. Indeed, the free simulations show a greater change 
in QS and RR between the two initialisations (the former almost 
doubles), while the nudged RR is slightly lower after the late 
initialisation, despite a greater QS.

A summary of the RR versus QS values corresponding to the 
2018 threshold for all of the models is shown in Figure 11. At 

the MMM level, shown as the large hexagons, both the free 
and nudged simulations increase the likelihood of the 2018 
extreme compared to the control simulations. The RR is 
greater for the nudged than free following the early initial-
isation (RR = 2.79 compared to 1.12 in Figure 11a), but this re-
verses for the late initialisation (RR = 1.57 compared to 2.17 in 
Figure 11b). This is indicative of the improvement in the free 
when the initialisation date is closer to the SSW onset date. 
In the early initialisation, the MMM QS is just over 3 GW for 
nudged and close to 0 GW for free. Meanwhile for the late 
initialisation, the MMM QS values are more similar between 
experiments (free and nudged QS = 2.70 and 1.81 GW, 

FIGURE 10    |    A summary of the experimental effects with the IFS model for the (a) early and (b) late initialisations. (i) shows severities (Emax) as a 
function of exceedance probability of an event of even greater severity; the crosses indicate empirical risks and lines the GEV-fitted risks. (ii) shows 
relative risks with respect to control as a function of severity, while (iii) shows quantile shifts with respect to control as a function of exceedance 
probability, as well as empirical differences (crosses). Then (iv) shows the relative risk and quantile shift corresponding to the ERA5-derived value for 
the 12 February 2018 SSW (the dashed black lines on panels i–iii). All shaded bands, and error bars in panel (iv), are 50% confidence intervals based 
on the percentile bootstrap with 1000 resamplings.

FIGURE 11    |    As in panel (iv) of Figure 10, each model's RR versus QS (w.r.t. control), as well as a multi-model mean (MMM). Error bars show 
the 25th and 75th percentiles and more transparent markers/bars are used for models and experiments where the ERA5 value falls outside of the 
model ensemble's distribution.
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respectively), similar to the RR. Repeating the ERA5-focused 
analysis in Section  3.2 using absolute values, rather than 
anomalies, reveals QS = 2.40 GW between the post-2018 SSW 
period Emax and the equivalent (exceedance probability) event 
from the random period distribution. This is comparable to 
that from SNAPSI—indeed, the MMM nudged vs. control 
QS averaged across both initialisations is exactly the same 
value. This suggests that the predictability added by the strato-
sphere in the nudged simulations for this event is consistent 
with what one might infer from a ‘typical’, observed SSW.

Note that not every model set-up used here generates extremes 
comparable to ERA5, with some apparently not able to capture 
an event with a severity like that in 2018. As this impacts on 
the RR, the more transparent markers/error bars on Figure 11 
indicate models and experiments where this is the case. The 
nudged and free experiments are by-default made more 
transparent if the control value is outside the ERA5 dis-
tribution, since RR is with respect to control. Operational 
forecasters of demand would typically bias correct models so 
that an issue such as this could (possibly) be avoided; as will 
be discussed further in Section  5, this has not been possible 
here without model climatologies. Altogether, as Seviour 
et  al.  (2026) did with temperature extremes, this analysis af-
firms the original hypothesis of the SNAPSI project: that the 
2018 SSW played a causal role in extreme surface impacts—in 
this case on electricity demand.

5   |   Discussion and Conclusions

This analysis builds on previous work utilising stratospheric 
variability and predictability for the energy sector (e.g., using 
subseasonal forecasts as in Büeler et al. 2020). We specifically 
aim to link the occurrence of SSWs in the Northern Hemisphere 
to extreme electricity demand impacts across Europe. By keep-
ing electricity network and society-relevant parameters in the 
demand model constant (Section  2.3), we have been able to 
focus on the impact of post-SSW weather conditions on elec-
tricity demand. Using ERA5 near-surface temperature over 46 
winters, we find that derived extreme electricity demand in the 
aggregated northern and central European groups is slightly 
more likely and severe following an SSW (Figure 7). For central 
Europe, the most extreme demand anomaly E’max ∼ 20% is three 
times more likely to occur in periods following SSWs than in 
random periods, while for northern Europe the most extreme 
E’max ∼ 20% is around 1.5 times more likely. This is consistent 
with the existing narrative that SSWs precede periods of cold 
weather, including extremes (Domeisen and Butler 2020; Huang 
et al. 2021; Spaeth and Birner 2022).

The SNAPSI protocol then enables us to explicitly investigate 
the attributable impact of the 2018 SSW on extreme northern 
European demand. We find that improved prediction of the SSW 
from the early initialisation leads to ~3 times greater predicted 
risk of extreme weather-derived electricity demand in northern 
Europe at least as large as in 2018 (Figure 11). Even following 
the late initialisation, the stratospheric influence is important, 
as the control has approximately half the risk of the free or 
nudged. However, our risk statements are highly dynamically 
conditioned, with a strong dependency on initialisation date. 

A forecast ensemble initialised just a few days before an event 
is much more heavily conditioned, with much less ensemble 
spread, than one initialised weeks before (Figure 3); the inter-
pretation of statistical measures such as RR and QS is greatly 
affected by the fact that the probability of an extreme event is 
highly dependent on the conditions at the point of initialisation 
(Leach et al. 2021; Hitchcock et al. 2022).

These results are broadly consistent with SNAPSI-focused anal-
yses of weather regimes and temperature extremes conducted 
so far (Dai et al. 2025; Lee et al. 2025; Seviour et al. 2026). Lee 
et  al.  (2025) specifically note that the SNAPSI-participating 
models they analyse overestimate stratosphere-troposphere 
coupling. The translation of near-surface variables into energy 
metrics is likely to be affected by this, on top of the uncertain-
ties associated with the demand model itself. Dai et al.  (2025) 
additionally report that only ~25% of the observed negative NAO 
anomalies were ‘forced’ by the SSW, as diagnosed from precipi-
tation and mean sea-level pressure. The temperature differences 
between the nudged and control experiments (Figure  8) 
being smaller than the anomalies observed following the event 
(Figure 2a) suggest a similar situation for temperature, and thus 
demand. Nevertheless, this nudging framework indicates a way 
in which to study a variety of vortex events beyond SSWs, such 
as strong or even stretched vortex events, which can have com-
parable impacts to SSWs (Cohen et al. 2021). In the context of 
finding the attributable influence of the vortex in surface events, 
it is also key to accurately capture the temporal and spatial evo-
lution of the stratospheric polar vortex. Full 3D nudging can fa-
cilitate this, and is another part of the SNAPSI protocol that is 
still being explored.

This analysis utilises just one of the SNAPSI case studies, and 
with a focus on the northern European countries. It is worth re-
membering that all SSWs are different; not every SSW will nec-
essarily produce an attributable impact in electricity extremes 
in Europe, with some instead affecting North America (as in the 
other Northern Hemisphere SNAPSI case study in January 2019) 
or Asia, and others producing no surface impact at all (Sigmond 
et al. 2013; Karpechko et al. 2017; Oehrlein et al. 2021). Indeed, 
most research in this area, including the ERA5-focused anal-
ysis in this study, tends to generalise across SSWs. It would be 
interesting for future work to explore the impact of different 
‘flavours’ of SSWs (Baldwin et al. 2021): wavenumber-1 vs. wav-
enumber-2; major vs. minor; split vs. displacement; downward-
propagating vs. not; those that affect Europe vs. North America 
vs. Asia. Recent studies focused on Finland also suggest a de-
pendence of post-SSW energy impacts on the phase of the Quasi-
Biennial Oscillation (Juntunen and Asikainen 2023; Juntunen, 
Asikainen, and Salminen  2025; Juntunen, Vokhmyanin, 
et al. 2025), something not explored at all here. With historical 
records at least, slicing by these different flavours reduces what 
is already a fairly small sample even further. However, by gen-
eralising, the variation in the weather conditions that can follow 
SSWs is not properly considered here (Mitchell et al. 2013; Beerli 
and Grams 2019). Though the general pattern may be a nega-
tive NAO, this is comprised of a range of weather sub-patterns 
which can manifest as a range of responses between countries 
(Neal et al. 2016, Rouges et al. 2025). At the same time, there are 
complex sensitivities involved in the conversion of weather to 
energy variables (Bloomfield et al. 2021), sampling uncertainty, 
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and also geographical differences that can drive inter-country 
variations. Most of this analysis has focused on aggregated 
groups of countries, but there are individual countries whose de-
mand is much more sensitive to temperature changes and which 
can drive the overall demand (e.g., France in the central Europe 
group; Figure 6d).

One particularly notable limitation of this work is that the 
SNAPSI forecasts are neither bias corrected nor calibrated. For 
the former, there does seem to be some bias in the near-surface 
temperatures that in turn impacts on the derived electricity de-
mand (Section  4.1). In this case, there is a current lack of cli-
matologies for all of the models in the set-ups used for SNAPSI. 
The impact of a lack of bias correction is partly reduced, here, 
because we compare the difference between experiments with 
the same model, rather than absolute values. However, as the 
distribution of extremes is non-linear, this does not completely 
remove bias and a community effort to generate climatologies 
in order to bias correct the forecasts would undoubtedly be use-
ful going forward (Lawrence et al. 2022; Garfinkel et al. 2024). 
Forecast calibration could alternatively compare model perfor-
mance to ERA5 at a range of lead times; for example, ensemble 
mean demand could be compared to ERA5-derived demand to 
identify if there is a bias and whether it grows at different lead 
times. Similar to the climatology issue, this would require the 
exact set-ups of the SNAPSI-participating models to be run at 
more than just the two lead times standard in the protocol. 
Nevertheless, correction of any identified biases could then en-
able better forecasts of impacts.

Overall, it is clear that the SNAPSI protocol provides an op-
portunity to explicitly and robustly link specific stratospheric 
events to tropospheric, including socioeconomic, impacts. 
Furthermore, the demand model being dependent only on 
weather variables can help elucidate a clear causal link between 
weather conditions and fluctuations in electricity demand (and 
generation). Future research could explore not only variety in 
SSWs, but other types of extreme stratospheric events and their 
impacts too, as well as other energy metrics relevant to those in 
the sector. For example, it could be interesting to go beyond one-
day extremes and identify periods reaching the 90th percentile 
of demand and/or to investigate the net impact of temperature 
and wind on electricity shortfall (demand minus renewables) 
events (e.g., Rouges et al. 2025). Then, as the world moves closer 
to achieving net zero targets amidst a changing climate, better 
understanding of extreme event drivers can help improve resil-
iency and enable future planning. It could be useful to compare 
to real-world electricity records, too, to both better understand 
biases of the demand model and better quantify the relative 
influence of weather conditions compared with, for example, 
population behaviour, electricity infrastructure, or network 
constraints. To do so would require the re-incorporation of 
socioeconomic factors (such as long-term trends, day-of-week 
variability, and country-dependent base temperatures) which 
we kept constant or did not consider in this analysis in order to 
focus on weather-driven impacts. It could also be interesting to 
examine changes to the electricity network over time and into 
the future, or to combine the nudged forecast with perturbed cli-
mate forecast techniques increasingly utilised in climate change 
attribution (e.g., Leach et al. 2021; Ermis et al. 2024).

Climate projections for the 21st century typically indicate 
fewer cold days with climate change (Seneviratne et al. 2021; 
Zheng et al. 2023), with a warming signal in cold periods, and 
some associated impacts already detected (Lorenz et al. 2019; 
Christidis et al. 2021). Nevertheless, cold extremes are likely to 
persist even with the overall warming signal, with the potential 
risk that society becomes less resilient to them as they become 
less frequent. Furthermore, though the stratospheric response 
to climate change is uncertain (Ayarzagüena et al. 2020; Rao 
and Garfinkel  2021; Karpechko et  al.  2024), SSWs are likely 
to remain important examples of extreme atmospheric events 
that are both impactful for society and a source of predic-
tive skill for the troposphere on S2S timescales. In the case 
of the energy sector, improving the skill of weather forecasts 
beyond the medium range could in turn improve forecasts of 
electricity demand and renewable generation, and thus prices, 
at S2S timescales; this would be valuable not only to energy 
system operators and consumers, but also to energy traders 
(S2S4E  2020). We believe that this work demonstrates that 
SSWs can particularly provide helpful predictive power for the 
energy sector. We would, however, recommend refining the 
modelling to account for socioeconomic factors, such as the 
differing base temperatures between countries and variability 
in demand by weekday, in order to accurately operationalise 
the forecasting of SSW-driven demand.
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Supporting Information

Additional supporting information can be found online in the 
Supporting Information section. Figure S1: met70241-sup-0001-
Supinfo.pdf. T ′ (dark) and T ′

min
 (light) for each country, with the near-

central black bar marking the median, upper/lower the extrema, and 
white the mean. Within the country groups, countries are ordered L to 
R by increasingly negative mean T ′

min
. Figure S2: As in Figure S1 but 

for E, with countries ordered by increasing mean E′

max
. Figure S3: As in 

Figure 6 of the main article but for individual northern European coun-
tries. Figure S4: As in Figure 6 of the main article but for individual 
central European countries. Figure S5: Relative risk versus quantile 

shift corresponding to the 2018 NH SSW values for each of the individ-
ual countries within the (a) northern and (b) central European groups. 
Figures S3 and S4 show where the 2018 event lies in the distribution 
of extremes for each country. Figure S6: As in Figure  4 of the main 
article but for the other models (early initialisation). Figure S7: As in 
Figure 4 of the main article but for the other models (late initialisation). 
Figure S8: As in Figure S6 (early initialisation) for free–control for 
all models, including the multi-model mean (MMM). Figure S9: As in 
Figure S8 but for the late initialisation. Figure S10: As in Figure 8 of 
the main article but for the other models (early initialisation). Figure 
S11: As in Figure 8 of the main article but for the other models (late ini-
tialisation). Figure S12: As in Figure 9a of the main article but for the 
other models (early initialisation). Figure S13: As in Figure 9b of the 
main article but for the other models (late initialisation). Figure S14: 
As in Figure S10 (the early initialisation) but for central Europe and all 
models, including the multi-model mean (MMM). Figure S15: As in 
Figure S11 (the late initialisation) but for central Europe and all models, 
including the multi-model mean (MMM). Figure S16: As in Figure 10 
of the main article but for central Europe. 
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