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Abstract

The prediction of European heatwaves at the subseasonal range is of key importance to mitigate their impact. This study
builds on previous work which identifies five main European heatwave types based on their atmospheric circulation pat-
terns (CPs). These CPs are potential predictors of heatwaves, as these patterns are connected with a high probability of
2-meter temperature exceeding the 90th percentile. Therefore, the aim of this study is to use these patterns to construct a
pattern-based forecast method. The skill of this method to forecast extreme warm temperatures is then assessed and com-
pared with the direct grid-point based forecast (using the direct 2-meter temperature forecast of the model). The extended
(or subseasonal) range reforecast data from the European Centre for Medium-Range Weather Forecasts (ECMWF) is used
for the skill evaluation. Firstly, the skill of the extended range model is assessed in predicting CPs. The pattern-based
methodology is then compared with the direct prediction of extreme warm temperatures. The results show that the pattern-
based methodology has a low skill at the short to medium range compared to the direct method, however it maintains
skill for longer lead times, extending the forecast skill horizon significantly by up to six days over key heatwave regions.
This improvement is localized over regions with the highest conditional probability of extreme warm temperatures. Fur-
thermore, the prediction skill of 4-day periods of high temperatures using CPs lasting at least five days is also assessed. A
similar improvement in forecast skill horizon is observed but the improvement is more modest and even more localized.
This methodology provides skilful forecast at longer lead times to the end of the medium range and into the subseasonal
range, which would be beneficial for early warnings of European heatwaves and therefore support the timely implementa-
tion of mitigation plans.

Keywords Heatwaves - subseasonal - ECMWF - Forecast - Europe

1 Introduction

In the recent decades, Europe has experienced some of the
most devastating heatwaves (HWs) in its history, with the
2003 HW over western Europe, the 2010 HW over western
Russia and the 2018 HW over western and northern Europe.
These events can pose serious threats to the health of the
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population, the infrastructure and agriculture (Brimicombe
et al. 2021). Accumulated heat stress was responsible for up
to 70,000 and 55,000 casualties during the 2003 and 2010
HWs respectively (Robine et al. 2008; Barriopedro et al.
2011; di Napoli et al. 2018). The damage of HWs can be fur-
ther exacerbated when they correlate with droughts and/or
forest fires (Sutanto et al. 2020; Miralles et al. 2019; Vitolo
et al. 2019; Vautard et al. 2007). More recently, the 2021
HW over the Pacific Northwest severely impacted western
Canada in particular due to devastating wildfires (Emer-
ton et al. 2022; Burston and Cecco, 2021; Lin et al. 2022).
The expected increase in frequency and intensity of HWs
(Schir et al. 2004), highlights the necessity to deepen the
understanding. The improvement of the prediction of such
extremes, allows for better mitigation of their impact.
Lately, forecast at the subseasonal range (S2S; 10 days
to 3 months) gained a lot of scientific attention (Domeinsen
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et al., 2022) as its potential to provide early warnings was
highlighted (Vitart & Roberston, 2018). The European Cen-
tre for Medium-Range Weather Forecasts (ECMWF) recog-
nised the importance of forecasts at the subseasonal range
with the introduction of the extended range forecast model
(ECMWFEF’s subseasonal range model) together with opera-
tional forecast products (e.g. Ferranti et al. 2015). Further
into the text, subseasonal and extended range will be used
exchangeably.

At this range, forecasting of surface parameters and
extremes is a challenging task. Efforts have been made in
identifying the sources of predictability at this time range,
especially since the S2S Prediction Project was created by
the World Weather Research Program in 2013. At the sub-
seasonal time scale, slower varying processes become more
relevant to numerical prediction, such as the Madden-Julian
Oscillation, the stratospheric polar vortex and associated
teleconnections (Vitart and Robertson 2018; Domeisen et al.
2022). Studies have shown that the predictability of surface
extremes at the subseasonal range stems from long-lived
large scale flow patterns (Magnusson 2019; Ferranti et al.
2018).

Large scale flow patterns have been identified using in
most cases a combination of principal component analysis
and clustering algorithms (Michelangeli et al. 1995; Strauss
et al., 2007; Ferranti et al. 2015). They are referred to as
weather regimes and represent most of the low-frequency
variability in the mid-latitudes. Over the Euro-Atlantic
region, four weather regimes are classically identified
(Michelangeli et al. 1995; Cassou 2008; Ferranti et al.
2015). These regimes are actively used for forecasting pur-
poses at ECMWF for example (Ferranti et al. 2015; Grams
et al. 2020). More recently, seven weather regimes were
proposed to account more for variability across the year
(Grams et al. 2017).

The usefulness of these weather regimes at the subsea-
sonal range arises from the capacity of models to forecast
them past two weeks (Ferranti et al. 2015; Matsueda and
Palmer 2018; Robertson et al. 2020). This can be explained
by their large spatial scale and persistence (Molteni et al.
1990; Vautard, 1990; Michelangeli et al. 1995; Hannachi et
al. 2017). Additionally, they are associated with high impact
weather such as cold spells and HWs (Cassou et al., 2005;
Matsueda 2011). Weather regimes are related to large anom-
alies in temperature, wind and precipitation (Ferranti et al.
2018; Richardson et al. 2020; Cassou et al. 2004). They are
used as predictors to infer surface values and even the pro-
duction of renewable energy and energy demand (which is
partly dependent on temperature; Grams et al. 2017; Bloom-
field et al. 2021; van der Wiel et al. 2019b). Large flow pat-
terns are more likely to be predicted at the S2S range than
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surface parameters alone (Ferranti et al. 2018; Mastranto-
nas et al. 2022) and are therefore useful for the prediction
of extremes at the subseasonal range (Vitart and Robertson
2018).

While the weather regimes are associated with the
atmospheric low frequency variability, it is possible to
identify circulation patterns (CPs) based on their spe-
cific impact on the surface conditions (Mastrantonas et
al. 2021; Rouges et al. 2023). These CPs are sometimes
referred to as targeted circulation types (Bloomfield et
al. 2020). Instead of deriving the main circulation types
explaining most of the atmospheric variability over a
region, the CPs are classified according to their impact
on the surface variables such as surface temperature, sur-
face wind and precipitation. Pfahl (2014) identifies key
features responsible for different types of extremes, while
others use clustering methods to identify specific or tar-
geted CPs (Mastrantonas et al. 2021; Bloomfield et al.
2021; Rouges et al. 2023). These patterns can then be
used to create a pattern-based forecast which provides
skilful forecast at a longer range than the conventional
forecast (Mastrantonas et al. 2022; Bloomfield et al.
2021; Gonzalez et al. 2022). However, it is important
to note that their prediction skill at shorter lead-times is
reduced compared to conventional forecast (Mastranto-
nas et al. 2022). Similarly, weather analogues are used
to provide a forecast for precipitation and temperatures
at the subseasonal time scale (Yiou and Déandréis 2019;
Krouma et al. 2022). Instead of using a set ensemble of
weather regimes or patterns, analogues of circulation
(other days with similar atmospheric circulation) for
example, are computed at each forecast initialisation to
provide a forecast (Yiou et al., 2014).

This study aims at quantifying the advantages of CP
based forecasting compared to grid-point based forecasting
(direct/conventional forecast) for HWs. Across this article,
CPs associated with HWs identified in previous research
(Rouges et al. 2023) will be used to create a pattern-based
(or conditional) forecasting system. This forecasting system
will be evaluated in its capacity to forecast extreme warm
temperatures. The ECMWF extended range model will be
used to assess the capacity of the model to first represent
accurately the CPs and then establish if the CPs can produce
skilful forecasting of extreme warm temperatures. This will
allow to demonstrate if using CPs can provide improve-
ments to the forecast compared to the conventional, grid
point forecast.

Firstly, the data and methods used to perform the research
will be explained. Then, the results of the forecast evalua-
tion will be described and discussed before the key findings
will be summarized.
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2 Data and methods

To evaluate the forecast, the ECMWF extended range model
is used (Owens and Hewson 2018), providing forecasts with
lead time up to 46 days. A set of reforecast data covering
the period from 1999 to 2018 is used from the model in
operation between April and September 2019. The ECMWF
model is updated in yearly cycles (on average), meaning
that the real-time forecast benefits from yearly changes to
improve its performance. However, it also means that the
skill, errors, and biases of the ECMWF model change with
each cycle. The changes to the model are updated and pub-
lished as scorecards for the output variables, but also for
different regions and levels (ECMWEF, n.d.). It is essential
for forecasters to understand the impact of model changes
on different variables and regions. While yearly changes
are useful to keep the model and forecast at the state of the
art, it becomes difficult to account for all model changes
when investigating the forecast skill over multiple years.
The advantage of using the reforecast data compared to the
real-time forecast is that the reforecast data covers a long
period provided by the same forecast system, with the same
model bias across this period. The model is run twice per
week (Monday and Thursday) with one control member and
10 perturbed members, which is significantly lower com-
pared to the 101 ensemble members (for model cycle num-
ber 48r1) of the real time forecasts. The perturbed members
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Fig. 1 Increased probability compared to climatology of 2mT exceed-
ing the 90th percentile during the different CPs: Tripole (549 days)
a), Scandinavia (SC: 794 days) b), Southern Europe (SE: 607 days)
¢), Russia (RU: 609 days) d) and Western Europe (WE: 721 days) e).
The increased probability is represented as a ratio of probability of

have small perturbations in the initial conditions and in the
physics parameterisation to account for uncertainty in the
initial conditions and in the model formulation. Over the
forecast period, 880 initialisation dates are covered.

To verify the results, the ECMWF ERAS reanalysis
(Hersbach et al. 2020) dataset is used as truth. Both for the
reforecast and ERAS, the daily mean 2-meter temperature
(2mT) and geopotential height at 500 hPa (Z500) are used.
The data covers the European region (30°N —80°N, 25°W
—60°E) with a horizontal resolution of 1°*1°.

2.1 Connection between extreme high
temperatures and circulation patterns

In Rouges et al. (2023), HWs have been identified and clus-
tered based on their atmospheric circulation. The identifica-
tion of heatwaves follows the same principle as Stefanon
et al. (2012) by selecting HWs as period of at least 4 days
when the daily mean 2mT exceeds the 90th percentile over
a region of 1000 km. The HW days identified are then clus-
tered using a k-means clustering algorithm on the daily
7500 anomaly. The daily Z500 anomaly is filtered using
a Principal Component Analysis beforehand to allow for a
more effective clustering. This resulted in five HW types
characterised by specific CPs for which a composite of
7500 anomaly and 2mT anomaly is found in the supplemen-
tary material (S1). Figure 1 shows the probability of 2mT

exceeding the 90th percentile during CPs compared to the climato-
logical probability (1979-2020). Grey areas show regions where the
conditional probability is less than 1.5 times the climatology. Other
colours represent areas with a conditional probability higher than 1.5
times the climatology
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Fig. 2 Increased probability compared to climatology of 2mT exceed-
ing the 90th percentile for 4 days during the different persistent
CPs: Tripole (401 days) a), Scandinavia (SC: 694 days) b), South-
ern Europe (SE: 459 days) ¢), Russia (RU: 549 days) d) and Western
Europe (WE: 609 days) e). The increased probability is represented

exceeding the 90th percentile during each of the patterns.
This probability is much higher than climatology, highlight-
ing the link between the CPs and HWs.

The probability for 2mT to exceed the threshold is three
times higher compared to climatology over the specific HW
areas. For some CPs, such as the Russian (RU), Scandi-
navian (SC) and Tripole CPs, the probability is up to four
times higher. One of the findings of Rouges et al. (2023)
was that HWs coincide more with persisting CPs (five days
or longer). The CPs used have been computed with heat-
waves lasting 4 days or longer and have been shown to last
on average 5 days or longer. The threshold of 4 days was
chosen to follow the methodology by Stefanon et al. (2012)
and accounts for the fact that persisting heatwaves are
more impactful and more predictable at longer time ranges
(Zschenderlein et al. 2019). The conditional probability of
2mT exceeding the 90th percentile for four days during CPs
that last for at least five days has been computed. Compared
to climatology, the increased likelihood is six to nine times
higher, for SC and RU regions (Fig. 2). The signal is how-
ever much noisier compared to Fig. 1, showing the impact
of the limited sample size.

Importantly, the link between CPs and extreme tempera-
ture continues to hold in the reforecast. The increased prob-
ability of 2mT exceeding the 90th percentile is also visible
at all lead times over the specific regions corresponding to
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as a ratio of probability of exceeding the 90th percentile during CPs
compared to the climatological probability (1979-2020). Grey areas
show regions where the conditional probability is less than 1.5 times
the climatology. Other colours represent areas with a conditional prob-
ability higher than 1.5 times the climatology

each CPs with, however at lower amplitudes for longer lead
times.

This link between CPs and HWs allows us to suggest
that CPs could be used as predictors for HWs. Therefore, to
determine their capacity as predictors, a pattern-based fore-
casting method is devised and tested.

2.2 Evaluation of the skill of ECMWF forecasts

The goal of this study is to determine the skill of a pattern-
based prediction at the S2S range and compare it with a
direct forecast. The direct forecast is defined for this study
as the conventional model output. In this instance, the prob-
ability of 2mT to exceed the 90th percentile at each grid-
point over the European region is forecasted. The direct
forecast consists of the ensemble forecast for 2mT, and the
probability will depend on how many ensemble members
predict extreme warm temperatures.

Forecast errors can be split into a systematic and a
random component (Ferranti et al. 2002). The system-
atic error is defined as the average forecast error over
a certain period. Removing the systematic error or bias
can be done by computing the model anomaly, while the
random component can not be removed this easily. This
approach is often used for longer forecast ranges such as
the S2S and seasonal forecast. The forecast information
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provided is therefore the anomaly. The model anomaly is
computed using a lead time and ensemble member depen-
dent climatology, as the bias depends on lead time and
on the ensemble members considered. The climatology is
estimated from a set of three initial dates window to rep-
licate as close as possible the construction of the climatol-
ogy from ERAS (e.g., the climatology of each individual
ensemble member for the forecast initialised on the 3rd of
June 2012 is constructed with all 20 forecasts initialised
on the 3rd of June and also from the previous and next
forecast initialisations, in this case the 30th of May and
6th of June). This process is applied both to the 2mT and
the Z500 fields.

While subseasonal forecast products are generally shown
as weekly anomalies, in this work the evaluation is per-
formed on daily timescale. This allows to better showcase
increases in the forecast skill horizon which are generally at
a smaller timescale than weekly.

To forecast the different CPs, the forecasted daily Z500
anomaly field is projected onto the composite Z500 field
anomaly from ERAS (see Rouges et al. 2023) of each pat-
tern for each forecast. This allows for the creation of indices
which are a measure of the similarity of the atmospheric
conditions compared to the different patterns. Using the
same attribution procedure as in Rouges et al. (2023), each
ensemble member of each forecast is attributed to one of
the CPs or to the ‘neutral pattern’ (corresponding to days
where the atmospheric circulation is too different to any of
the CPs).

The conditional or pattern-based forecast is based on
the forecast of the CPs. Each pattern is associated with
a conditional probability of 2mT exceeding the 90th per-
centile at each grid point as seen in Fig. 1. The conditional
probability is then weighted by the forecast probability of
each pattern (including the ‘neutral pattern’). The pattern-
based forecast can be represented using the following
equation:

Nep
F.= 0 Rzp * Py

With P, being the forecasted probability to have any of the
patterns and P, the probability of extreme temperatures at
each grid point (as displayed in Fig. 1) for the corresponding
pattern. CP stands for the different patterns (WE, RU, Tri-
pole, SC, SE and neutral) and N, is the number of patterns
(in this case six including the neutral pattern).

To estimate the benefits of using CPs to predict heat-
waves, this study first determines the current prediction skill
of the ECMWF extended-range model (direct forecast). The
Briers Score (BS; Wilks 2011) is used to determine the
capacity of the model in predicting temperatures exceeding

the 90th percentile and in identifying the correct CPs. The
Brier Skill Score (BSS) allows to compare the BS of the
extended range model with a reference score. In this paper,
the reference forecast is the climatological probability of
extreme warm temperatures or of the different CPs. As the
reforecast is constituted of a reduced ensemble size, com-
pared to the 101 ensembles of the ECMWF extended opera-
tional forecast, investigating the skill of the reforecast data
underestimates the skill of the operational forecast. This is
due to probabilistic scores being sensitive to the ensemble
size. To account for this, the fair BS introduced by Ferro
(2008) and Ferro et al. (2014) is used. The fair BS adjusts
the original BS to represent the BS if the ensemble size was
infinite.
The fair BS is outlined as follows:

1 N o el —pr)
N o) =

fair BS =
It is defined as the conventional BS (first part) with p, being
the probability of the forecast k (between 0 and 1) and o,
the corresponding observation (1 or 0, if the event occurs or
not respectively), subtracted by an adjustment term which
accounts for the difference in ensemble size (m being the
ensemble size). N corresponds to the number of forecasts
considered. F_ ,in the equation describing the pattern-based
methodology, is replacing p, for the pattern-based forecast
in the BS equation.

Using the pattern based approach the forecast prob-
ability, p,, at each grid point of exceeding the threshold is
dependent on the conditional probability and therefore can
never reach 0 or 1. However, the adjustment term in the
fair BS works in such a way that it is equal to 0 when p, is
equal to 0 or 1. The conditional forecast would therefore
benefit from this adjustment for each forecast while the
grid point forecast would not systematically benefit from
it. Based on this, the estimation of the skill for the condi-
tional forecast will be shown using the original BS. Com-
parisons with the direct forecast are performed using the
original BS for both the conditional and direct forecast. As
the aim is to quantify the benefits of conditional forecast-
ing over direct forecasting, not using the fair BS does not
harm the comparison.

Together with the skill scores, an estimation of the fre-
quency bias of both the CPs and the 2mT exceeding the 90th
percentile is performed.

The significance of the results is evaluated using boot-
strapping of 1000 resamples with replacement, each hav-
ing the same sample size as the original sample (880 initial
dates). A 90th percentile two-tailed confidence interval for
the frequencies and a one-tailed confidence interval for the
BSS are used.
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3 Results
3.1 Direct forecast

The results of the evaluation of the ECMWF extended-range
model in forecasting 2mT exceeding the 90th percentile and
in identifying the CPs are presented below.

The first step consists in determining if the model has any
significant bias in the frequency of these events compared to
ERAS. For the 2mT, the frequency is estimated at each lead
time for each grid point and then integrated over the region
of the HW. For each region, a rectangle is drawn around the
region of highest conditional probability (see Fig. 1) and all
grid points (including greyed out once in Figs. 1 and 2) are
included in the analysis of Fig. 3 and after. As the Tripole
CP is defined by two regions of increased temperature, two

Fig. 3 Frequency difference

between the ECMWF model

(mean frequency of the 11 mem-

bers) and the ERAS climatology i |
(1979-2020), (a) for the 2mT above

the 90th percentile integrated over |

the different heatwave regions (by
definition the climatological prob-
ability is 10%) and (b) for the CPs. el
The shading represents the 90th

x
percentile confidence interval (the N
climatological frequency CPs varies o
from 14 to 16%)
-0.254
0.50
.73
1.00 4 ¥
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different regions are integrated over (Iberian Peninsula and
southern Russia). To simplify, the frequency shown is the
average frequency across the 11 ensemble members. The
results presented in Fig. 3.a, show no significant bias in
frequency in 2mT exceeding the 90th percentile. The high-
est frequency bias is seen for the Russian Tripole region
with a difference of 0.15% at very short range. The 2mT
exceeding the 90th percentile for four days does not show
a significant frequency bias either (not shown). The differ-
ence in frequency for the CPs is slightly more important
(Fig. 3.b) with the RU CP being 1% more frequent and the
WE pattern being 1% less frequent at a lead time passed 10
days. However, all other CPs do not have a significant fre-
quency bias. The frequency bias is very similar when look-
ing at long CPs (five days or longer), with the RU and WE
CPs showing the strongest difference in frequency, namely

a)

Tripole_RU
Tripole_ IB
SC
SE
RU
WE

——
—
—r—
——
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b)

Tripole
SC
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Fig.4 Frequency difference
between the ECMWF model
(mean frequency of the 11 mem-
bers) and the ERAS climatology
(1979-2020), for persistent CPs
(5 days or longer). The climato-
logical frequency of persistence
CPs varies between 4% for the
Tripole CP to ~10% for SC and
WE CPs and 5-6% for SE and
RU CPs

Bias (%)

1.5% higher (Fig. 4). The SE CP has a 1% negative bias
from a lead time of 20 days. However, by construction the
frequency of long CPs and persistent extreme temperature
is strongly negatively biased at short (four days) and very
long (35 days+) lead times. If an event starts before the
initial dates or finishes after 45 days (maximum lead time
of the extended range forecast), the forecast will truncate
this event and not identify it as a long event. As this study
focuses on the extended range (after 10 days) and very little
skill is to be expected passed 30 days, this problem does not
impact this exploration.

The small bias in frequency signifies a good representa-
tion of the temperature extremes and the CPs, even for per-
sisting CPs. The latter is essential when using these patterns
to infer temperature extremes.

Figure 5 represents the performance (fair BSS) of the
ECMWEF model at forecasting 2mT exceeding the 90th per-
centile and at forecasting the different CPs. As for the fre-
quency, the skill for extreme 2mT is computed for each grid
point and then integrated over the different HW regions.
The 2mT fair BSS shows a large disparity at short lead
times with the Iberian Tripole region having a skill score
of only 0.5 compared to most other regions having a score
closer to 0.6 and the RU region close to 0.7. The difference
can be partly attributed to the selection of the regions. The
selection was made based on the regions of highest condi-
tional probability of 2mT exceeding the 90th percentile in
Fig. 1. The extent of the area selected for the Iberian Pen-
insula is smaller than for other regions, potentially impact-
ing the aggregated score. At longer lead times, the scores
come closer together and passed ten days, all regions have

Tripole
SC

SE

RU

WE

tiit

15 20 25 30 35 40
Lead days

very similar scores. This signifies that at longer lead times,
there is little difference in skill across regions. Only, the RU
regions (RU and southern Russia) have a larger fair BSS
than other regions at longer lead times. This might indicate a
source of predictability (e.g., Boreal Summer Intraseasonal
Oscillation: BSISO) that the model is able to represent cor-
rectly. The impact of the BSISO has been investigated and
showed a reduction in spread at the extended range (Rouges
et al. 2023). However, this impact is limited to cases with
very high BSISO values and did not result in a significant
improvement in the accuracy of the forecast, potentially
showing that the model can capture the forcing from the
BSISO but not the teleconnection pathway.

The forecast skill horizon is defined as the forecast lead
time when the prediction has some level of skill (Buizza and
Leutbecher 2015). In this case, the last lead time when the
fair BSS is significantly above the climatology (based on a
one-tailed test at the 90th percentile) is used as threshold for
the forecast skill horizon. This test shows that the skill is not
significantly above the climatology passed 15 days for the
SC, SE, WE and Tripole IB regions while the RU regions
extend the forecast horizon by up to 22 days. Again, this
disparity could be explained by the RU regions being sensi-
tive to teleconnections. In Rouges et al. (2023), the BSISO
(Lee et al. 2013; Kiladis et al. 2014) was identified as a pos-
sible driver for some of the RU heatwave events, potentially
impacting the predictability.

In comparison, the CPs all start with a very similar score
of 0.85 and a similar forecast skill horizon of about 15 days.
Only the RU CP has a lower forecast skill horizon at 11 days
and the Tripole CP has better skill than climatology until
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Fig.5 Fair BSS for 2mT exceed-
ing the 90th percentile for (a) the
different heatwave regions and

(b) for the different CPs. Full
lines with symbols represent a fair
BSS significantly above 0 using a
one tailed test at 90th percentile. 0.8
Shading represents the 10th to 90th

percentile range

1.01

0.6+

0.2

0.0+

1.0
0.81

0.61

BSS
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b)
Tripole
—— SC
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-t \WE

0.01

17 days. The fair BSS for the CPs is limited by a sample of
880 forecasts per lead time, as is the 2mT forecast, however
it does not benefit from the aggregation of grid points as
for the 2mT. This is visible by the spread in skill across the
different patterns and the large overlap between skill scores
(Fig. 5). Therefore, the difference in forecast skill horizon
between CPs has a limited significance. In comparison, the
fair BSS of 2mT shown in integrated over multiple grid
points, allowing for a greater sample size. The uncertainty
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of fair BSS is visibly less important for 2mT, making the
difference between regions more significant.

Rouges et al. (2023), identified how HWs are driven pre-
dominantly by persisting CPs. Therefore, it is key to assess
the capacity of the model in identifying longer persisting
CPs. In this study, persisting CPs are defined as lasting five
days or longer. Figure 6 compares the BSS of forecasting the
CPs with the BSS of forecasting persisting CPs. The differ-
ence in forecast skill is low across most CPs. However, due
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Fig. 6 Fair BSS for CPs. Daily attribution (continuous line) and per-
sistent patterns (dashed line): (a) Tripole, (b) SC, (¢) SE, (d) RU and
(e) WE CPs. Full lines with symbols represent a fair BSS significantly

to the reduced sample size in persisting CPs, this leads to
an increase in spread and results in a significant decrease in
forecast skill horizon. For instance, the BSS for the Tripole
CP overlaps over most lead times for daily and persistent
CPs, but due to the larger spread, the skill horizon is reduced
by eight days. The forecast horizon of the SE and WE CPs
is reduced by six and four days respectively, compared to
daily CPs (without persistence criterium). The forecast skill
horizon of the RU persistent CPs is however reduced by
only two days and the SC persistent patterns experience
an increase in forecast range of one day. While the signifi-
cance tests highlight an important decrease in forecast skill
horizon when forecasting persistent CPs compared to daily
CPs, the uncertainty of the fair BSS visible in the shading
of Fig. 6, shows a large overlap between both fair BSSs.
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above 0 using a one tailed test at 90th percentile. Shading represents
the 10th to 90th percentile range

This underlines that the reduction in forecast skill horizon
might be mainly due to the sample size. However, the lower
skill could be explained by a slightly higher occurrence rate
of neutral regimes and/or different regime transitions com-
pared to ERAS.

In summary, Fig. 6 shows that the ECMWF extended
range forecast skill level is very similar in predicting per-
sistent CPs compared to daily CPs, with significant skill
at a forecast range of 10 to 15 days. This highlights that
the ECMWF extended forecast model is able to represent
persisting CPs at a similar level to daily patterns, making
it appropriate to use for conditional/pattern-based forecast.
Overall, the model is able to forecast the CPs at similar skill
level to traditional weather regimes (Ferranti et al. 2018;
Bueler et al., 2021).
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Fig.7 Direct forecast (circle markers) and conditional (star markers) for 2mT exceeding the 90th percentile. Faded lines without markers represent
a BSS not significantly higher than 0. Shading represents the 10th to 90th percentile

3.2 Conditional forecast

Using the approach detailed in the methods section, the
skill of the conditional forecast is evaluated and compared
with the direct forecast. The first comparison is made for
2mT exceeding the 90th percentile integrated over each key
region.

As explained previously, the conditional forecast is
evaluated using the original BS and not the fair BS. For
the purpose of the comparison, the direct forecast will
also be evaluated using the original BS. This significantly
reduces the forecast range over the different regions from
a lead time of more than 15 days to 10-12 days (Fig. 7).
Therefore, the skill shown here for the conditional fore-
cast will be an underestimation of the potential skill of
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the ECMWF model which uses 101 ensemble members
operationally.

Figure 7 shows the BSS for both direct and conditional
forecast for the different regions. The first observation is
the low score of the conditional forecast at short lead times
compared to the direct forecast. This was also seen in previ-
ous studies using similar methods (Mastrantonas et al. 2022;
Bloomfield et al. 2021). It can be explained by the fact that
the conditional skill is dependent on the conditional prob-
ability, therefore even a ‘perfect’ forecast (perfect knowl-
edge of the CP) cannot reach a perfect skill score. This
was demonstrated by Bloomfield et al. (2021), who used a
pattern-based method for energy forecasting. To showcase
the relevance of their approach, the skill for the pattern-
based method was shown when having perfect knowledge
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Fig. 8 Forecast skill horizon for direct and conditional forecast of 2mT exceeding the 90th percentile at each grid point based on 1000 bootstraps.
(a) Direct forecasting; (b) Conditional forecasting; (¢) Conditional minus direct forecasting

of patterns (pattern forecast done with patterns from ERAS
at a given date). Perfect knowledge of the patterns allowed
for the skill to remain constant and perform better at an
extended range compared to grid-point forecast The skill is
dependent on the conditional probability of the variable in
question which is therefore the limiting factor of the pattern-
based method.

The second observation is that the BSS for the condi-
tional forecast crosses the BSS for the direct forecast at
around 10 days. Around this time range, the BSS for the
direct forecast decreases significantly below 0 while the
conditional forecast significantly stays above 0. The BSS
of the conditional forecast decreases at a slower rate with
lead time, showing that beyond 10 days, the use of CPs
can be advantageous compared to the direct forecast. The
pattern-based forecast remains skilful at a longer lead time
than the direct forecast. The RU regions (RU and Tripole-
RU), with the SC and WE regions, experience the greatest
benefit with a gain of about five days lead time. The SE and
Tripole-Iberian regions both show a gain of three and four
days respectively. For most regions the improvement in skill

extends the forecast skill horizon to the limit of the medium
range, for RU and SC regions this extends into the start of
the subseasonal range (in particular Tripole-RU with skilful
forecast up to day 20). The higher skill seen for RU regions
has been seen in previous studies (Domeisen et al. 2023;
Wulf & Domeisen, 2019).

As mentioned in the previous paragraph, the skill is
dependent on the conditional probability. The regions with
the most skill across lead time and the highest increase in
forecast skill horizon correspond to regions with the high-
est conditional probability. Figure 8 highlights this result
even more and compares the forecast skill horizon of the
direct forecast with the skill horizon of the pattern-based
forecast, at each grid-point. This representation points out
how using the CPs can improve the prediction locally. The
improvement is specific over regions with the highest con-
ditional probability (Fig. 1). Comparatively to Fig. 7, the
forecast range is enhanced by up to ten days at the grid
point scale (Fig. 8.¢), in particular over land (RU, SC, Brit-
ish Isles and northern Europe). With the direct forecast, over
the ocean, the predictability is already quite high therefore
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there is no benefit in using the CPs. This is due to the high
memory of the ocean. An important point to highlight, is
the relatively small improvement over Greece and the Bal-
kans region, which coincides with a lower conditional prob-
ability, explaining the limited improvement in forecast skill
horizon.

Using the same methodology, the direct and condi-
tional forecast of persistent extreme warm temperatures
are investigated. Here, the 2mT exceeds the 90th percen-
tile for four days is forecasted while the CPs used for the
conditional forecast persist for 5 days or more. Similarly,
the BSS of the conditional forecast is comparatively low
at short to medium range (Fig. 9). Around day 10, the
BSSs cross and most regions observe an increase in fore-
cast skill horizon (besides the SE region). This increase is
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more modest with the RU (including the Tripole Russian
region) and SC regions seeing an increase of three to four
days while the Tripole Iberian and WE regions experience
a larger increase of up to six days. While there is signifi-
cant improvement, the forecast skill horizon for persistent
extreme heat only reaches the edge of the medium range.
The difference in skill and improvement has a similar
explanation as for the forecast of daily extreme warm tem-
peratures. Regions with the highest skill (Tripole RU, SC,
RU) also have the largest conditional probability of per-
sistent extreme warm temperatures. While the Tripole Ibe-
rian region sees the largest benefit, the skill is overall low
across all lead times compared to other regions. The SE
region is the only region with no significant improvement.
As for daily 2mT extremes, the conditional probability
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a)

Fig. 10 Forecast skill horizon for direct and conditional forecast of 2mT exceeding the 90th percentile during 4 days at each grid point based on
1000 bootstraps. (a) Direct forecasting; (b) Conditional forecasting; (¢) Conditional minus direct forecasting

over this region is among the lowest compared to other
regions. Additionally, as seen in Rouges et al. (2023), the
SE heatwaves coincide less with persistent CPs compared
to other heatwave types. In fact, the average length of CPs
coinciding with heatwaves is among the lowest for the SE
heatwaves (Rouges et al. 2023). This combination of fac-
tors might explain the limited influence of persistent CPs
and therefore the reduced gain in skill compared to other
regions.

This difference is further highlighted in Fig. 10. The fore-
cast skill horizon is improved very locally with almost no
improvement across central to southern Europe. Most of
the improvement is focused on western Europe, southern
Scandinavia, and RU. The conditional probability for 2mT
exceeding the 90th percentile for four days is significantly
more important than climatology but remains low in com-
parison with the conditional probability of extreme temper-
atures for a given day. It is also generally more localised,
therefore further limiting the potential in skill improvement.
Additionally, persistent CPs are less frequent, therefore

the forecast is done on a very limited sample. This partly
explains why the improvement in forecast skill horizon
is low and limited to key regions, and why the SE region
shows no benefit.

Operationally, forecast products at the subseasonal time
scale are shown as weekly average anomalies. While this
paper discusses the potential of CPs as predictors in the sub-
seasonal range, and improvements on the daily timescale
are more evident (Mastrantonas et al. 2022), BSS of weekly
forecast has been computed (not shown). Beyond week 2
(days 8-14; as per Pyrina & Domeisen, 2019) the pattern-
based forecast is significantly more skilful than the direct
methodology. At week 3 (days 15-21) for most regions the
forecast is not significantly skilful, but for the SC, RU and
Tripole-1B regions the pattern-based forecast is still skilful
into the subseasonal range.

Using CPs has shown that additional forecast informa-
tion can be extracted, extending the forecast skill horizon
for extreme warm temperatures to the edge of the medium
range and for some regions into the subseasonal range.
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4 Conclusion

Subseasonal forecast has received a lot of support and inter-
est in recent years with the establishment of the Subsea-
sonal to Seasonal Prediction project by the World Weather
Research Programme/World Climate Research Programme.
At this timescale, the forecast of surface parameters is lim-
ited in skill while the atmospheric circulation can be repre-
sented skilfully (Ferranti et al. 2015; Matsueda and Palmer
2018; Robertson et al. 2020). The atmospheric circulation
can be characterised into different main circulation patterns
(CPs) or weather regimes which impact the surface weather
(Ferranti et al. 2018; Grams et al. 2017; van der Wiel et al.
2019a; Mastrantonas et al. 2021). The use of these patterns
to infer surface conditions has been the focus of multiple
recent studies (Grams et al. 2020; Mastrantonas et al. 2022;
van der Wiel et al. 2019b; Bloomfield et al. 2021). In this
research, CPs associated with extreme warm temperatures
over Europe are investigated as potential predictors. To this
aim, a forecast method using these CPs is constructed and
its skill is compared to the conventional or direct forecast
method.

The five CPs identified (Rouges et al. 2023), Tripole,
Scandinavia (SC), Southern Europe (SE), Russia (RU) and
Western Europe (WE), are all associated with an important
increase in probability of 2mT exceeding the 90th percen-
tile, by up to four times compared to climatology, over the
heatwave (HW) region.

Based on these results, the CPs are used to provide a
forecast for the probability of 2mT exceeding the 90th per-
centile. The principle of this forecast is to forecast the CPs
and use the conditional probability of 2mT exceeding the
90th percentile threshold to provide a prediction for extreme
heat. The skill of this pattern-based forecast or conditional
forecast has been evaluated with the Brier Skill Score (BSS)
using 20 years of reforecast from the ECMWF extended
range model.

The results show that the ECMWF extended range
model is able to well represent the CPs, with limited bias.
Additionally, the BSS showed a similar skill by the model
to forecasting the CPs compared to traditional weather
regimes (Ferranti et al. 2018; Bueler et al., 2021). Interest-
ingly, persistent CPs generally have a similar skill than daily
CPs with a limited reduction in forecast skill horizon. This
reduction is partly due to the limited sample size of persis-
tent CPs. This further highlights that the model is able to
represent the patterns sufficiently well to be used to con-
struct a pattern-based forecasting method.

The forecast skill horizon of the conditional forecast is
compared to the forecast skill horizon of the direct fore-
cast. While at short to medium range, the pattern based
forecast has a lower skill, beyond 10 days the conditional
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forecast exhibits enhanced skill compared to the conven-
tional forecast, indicating its clear advantage. In addition,
the conditional BSS remains above zero (better than the
climatological reference) for longer, providing a skilful
forecast at longer lead times. This allows for an increase of
forecast skill horizon by five days on average and by more
than six days for some regions (RU, SC, Tripole RU). This
increase allows for skilful forecast to extend to the edge of
the medium range and into the subseasonal time range for
some regions (RU, SC and Tripole RU). By plotting the
forecast skill horizon of the conditional forecast for each
grid point over Europe, the benefit provided by the CPs spe-
cifically over the regions of HWs is more evident. In par-
ticular, the regions with the most important improvement
are the regions with the highest conditional probability for
2mT to exceed the 90th percentile.

This methodology is also applied for 2mT exceeding the
90th percentile for four days with CPs which persist five
days or longer. A more modest increase in skill is observed,
in particular for the SE region which does not benefit from
this method. This could be attributed to the low conditional
probability and generally lower persistence in CPs associ-
ated with these HWs.

The impact of HWs and extreme heat is a growing con-
cern that requires accurate forecast in particular at longer
lead times. Providing skilful forecast at longer lead times
enables early warnings which helps anticipating and miti-
gating the impact of such disasters. Overall, this research
highlights the potential of CPs in predicting extreme warm
temperatures at a longer time range than the direct fore-
cast. Integrating this type of forecasting system within a
decision-making framework could help the agricultural and
energy sector in addition to local authorities in taking key
decisions earlier and better prepare for extreme events. The
energy sector for instance already uses weather regimes in
their operations. Using patterns specifically designed for
extreme heat might in some cases be more appropriate, as
highlighted by Bloomfield et al. (2021). Further studies to
evaluate the usefulness and value of such forecast for the dif-
ferent sectors are however essential. The skill metrics used
here only allow to determine that the pattern based forecast
is better than climatology until a certain lead time, but does
not inform on the usefulness to stakeholders. Determining
this requires metrics tailored to the users needs (Bloomfield
et al. 2021; Dorrington et al. 2020).

Other predictors should also be tested and taken into consid-
eration when relevant. For instance, Mastrantonas et al. (2021)
also concluded of the necessity of testing teleconnections or
other parameters such as water vapor flux to predict extreme
precipitation. In Rouges et al. (2023), pre-existing drought
conditions have been linked to more extreme cases. Telecon-
nections with the tropics also highlighted the possibility of
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‘windows of opportunities’ i.e. periods of higher predictability
and therefore higher confidence in the forecast, however only
for specific cases and with limited significance. Long-lived
Rossby wave packets which can be triggered by enhanced
convection over the tropics have been shown to improve
predictability of heatwaves (Domeisen et al. 2023). Over the
USA, bad coupling between soil moisture and temperature in
the models could be responsible for lower prediction skill of
heatwaves (Ford et al. 2018), highlighting the importance of
surface-atmosphere interactions. In Bloomfield et al. (2021) it
was also highlighted how the use of CPs can enable to identify
‘windows of opportunity’. Lastly, it is important to mention
the rise of machine learning in numerical prediction with some
machine learning models reaching similar performance than
the ECMWF ensemble mean using 2mT, Z500 and soil mois-
ture as predictors (Weirich-Benet et al. 2023).

This study highlighted the potential of using CPs to extend
the forecast skill horizon for the prediction of extreme warm
temperatures into the subseasonal range.
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