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Heat extremes frequently hit different regions synchronously during boreal summer over the Eurasian
continent. A remarkable coupling is first revealed between Eurasian heat extreme occurrence and
individual extratropical intraseasonal oscillation (EISO). Further, the combined EISOs facilitate and
largely increase the occurrence probabilities of synchronous Eurasian heat extremes. These dominant
combined EISOs together contribute 20-45% to the total heat extreme days over the five Eurasian
regions where the climatological heat extremes occur most frequently. A multi-model hindcast further
shows that the subseasonal prediction exhibits higher skills for synchronous heat extremes over the
combined-EISO hotspot regions when the associated combined EISOs are active, supporting the
notion that the monitoring and prediction of EISOs are crucial for heat extremes’ early warning. Skillful
prediction of EISOs opens a pathway for heat extremes’ prediction by extending it from the weather to

the subseasonal timescales.

Accurate prediction of extreme events a few weeks ahead is one of the most
challenging targets in the “Ready-Set-Go” framework of disaster reduction
in the subseasonal time scale'”. Among many others, the lack of under-
standing of potential predictable sources for extremes is essential. As a quasi-
periodic signal, the atmospheric intrinsic intraseasonal oscillation (ISO) has
long been regarded as the most critical and reliable predictable source’. A
skillful prediction of ISO is of vital importance for improving the sub-
seasonal prediction of various phenomena, including extremes’”. In the
past half-century, the tropical ISOs, including Madden Julian Oscillation
(MJO)* and Boreal Summer ISO (BSISO)'*"*, have been well documented
regarding their formation, propagation, and climate impacts from obser-
vational, theoretical, and modeling perspectives'*". The strong relation-
ships between tropical ISOs and the occurrence of extreme climate events
have been widely identified in case studies''” and statistical probability
analyses™™.

The extratropical weather and climate are strongly regulated by the
extratropical ISO (EISO) in addition to the tropical ISOs*. Some case
studies have highlighted the linkage between individual extreme events and
the EISO. For instance, the 2020 record-breaking flooding over the Yangtze

River Basin was caused by the EISO from mid-to-high latitudes™".
Moreover, the failure to capture several extreme events was primarily
attributed to the errors in the EISO’s prediction in a subseasonal prediction
system, even though the tropical ISO was well predicted during some spe-
cific events™”.

Recently, Yang et al. *'. pointed out that EISOs could provide a window
of opportunity for achieving better subseasonal prediction for East Asia. The
research community has not achieved a well-defined picture of EISO until the
recent study of Zhu et al. **. They objectively identified three zonally propa-
gating EISO modes over Eurasia, which feature the eastward propagation
along the subtropical westerly jet with 8-25-day periods, eastward propa-
gation along the polar front jet with 10-30-day periods, and westward pro-
pagation along the polar front jet with 10-40-day periods. They named them
EISO-SJE, EISO-PJE, and EISO-PJW (SJE, PJE, and PJW for short hereafter),
respectively. It was observed that 31.8%, 31.9%, and 32.6% of boreal summer
days experienced strong occurrences of SJE, PJE, and PJW, respectively.
Among these occurrences, 52.7%, 42.1%, and 31.5% were found to persist for
at least half of their life cycle. Real-time metrics have also been built for
operational monitoring and prediction of these EISOs.
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A linkage between three EISOs and the occurrences of Eurasian blocking
has been found™. However, the phase-locking between EISOs and extreme
events as well as the causality, has yet not been clarified. Notably, several
extreme heat events in recent summers appeared synchronously in different
regions of the Eurasian continent, which amplified the losses™***. Their causes
remain elusive. Since two or three EISOs often appear simultaneously over the
FEurasian continent in summer”, it is conceivable that their combination
might account for, at least partially, the concurrence of the heat extremes.
Furthermore, there are some climatological regions with higher frequency of
heat events over the Eurasian continent. Whether these heat event regions are
tied to the EISOs is also unknown. This study explores the possibility of the
EISOs’ preferred combination tied to the historical synchronous heat extreme
and quantifies the contribution of combined EISOs to climatological heat
extreme occurrence, and then attempts to give a pathway for heat extreme
subseasonal prediction.

Results

Phase-locking between heat extremes and individual EISO

We first examine the effects of the three types of EISOs on Eurasian air
temperature variation at their different phases (see Materials and Methods).
The associated wave patterns of each EISO are displayed in Figs. S1-2 in
supplementary materials (see more details in Zhu et al. **). It is revealed that
each EISO significantly influences the regional surface air temperature
anomalies along their propagating tracks with the amplitude ranging from
-6 °C to 6 °C (Fig. S3).

We further explore the linkages between EISOs and heat extremes (see
the method for the definition of heat extremes). Here we define the areas as
the heat extreme hotspots associated with individual EISO phases, where
there are significant increases in the occurrence probability of heat extremes
against climatological occurrence probability (see method for the calcula-
tion). In this work, I, IL, I, and IV are simplified to represent phase I, phase I,
phase ITI, and phase IV. Results indicate that there is at least one heat extreme
hotspot for each EISO phase except for PJW II (Table 1, Fig. 1). The occur-
rence probability of heat extremes over these hotspots has remarkably
increased by 10 ~30% compared to the climatology, and the maximum
increases occur over Ural Mountain (UM) for PJE II (up to 34.4%) and over
eastern Europe Plain for PJW I (up to 31.2%). The hotspots along with PJE
and PJW are primarily located north of 50°N while those with SJE are mostly
south of 55°N. Among the three EISO modes, the impacts from PJE and PJW
are the most pronounced with the increase in heat extreme occurrence
probability reaching above 20%, owing to their larger spatial scales and
stronger intensities than SJE (Fig. 1).

Notably, these heat extreme hotspots are collocated with the tropo-
spheric high-pressure anomalies which usually act as a “heat dome” defined
in previous research™*. The heat dome acts as a lid on the atmosphere, which
traps the hot air and warms it even more as it sinks. A temperature budget
analysis is conducted for each heat extreme hotspot (Fig. S4). The results show
that the adiabatic heating dominates the warming over the EISOs’ anomalous
high, leading to more frequent heat extremes (Figs. S4a—c, S4d-f, S4h—p). The
exceptions are these two hotspots in the northern Tibetan Plateau (TP) at
phase IIT and southeastern TP at phase IV of SJE (Figs. S4d and S4g), where
the increased warming is primarily caused by the increase of the short-wave
radiation heating.

Dominant combined EISOs and strengthened phase-locking with
heat extremes

Multiple strong EISOs often take place concurrently”. Therefore, we attempt
to identify the dominant combined EISOs not only with the most frequent
occurrence but also with the highest impacts on heat extremes. There is a total
of 112 possible types of combined EISOs (two-type-EISO combination: 48;
three-type-EISO combination: 64) because there are three types of EISOs
with four phases for each one. The objective criteria for selecting the domi-
nant combined EISOs are given in the Methods section. Eventually, twelve
dominant combined EISOs are identified as follows: (C1): PJE I + PJW I
(occurrence number: 137), (C2): PJEIV + PJW II (87), (C3): PJEIV + PJW

111 (75), (C4): SJE IIT + PJE I + PJW 1 (57), (C5): SJE I + PJEIIL (57), (C6): SJE
IV + PJEII + PJW I (56), (C7): PJE I +PJW IV (54), (C8): SJEII + PJEI +
PJW I (54), (C9): SJE I + PJE I + PJW III (47), (C10): SJE IV +PJE II (45),
(C11):SJE I +PJEIT + PJW IV (44),and (C12): SJEIV +PJE I + PJW I (41)
(Fig. 2a).

The combined EISOs have stronger impacts on heat extremes than
individual ones: there are 2-4 synchronous heat extreme hotspots for each
combination phase (Table 2) and the occurrence probabilities of heat extreme
are significantly increased by up to 70% in some regions (Fig. 2b). The
following features are distinct for the combined EISOs compared to the
individual one. First, the heat extreme hotspots, which are only constrained to
the north of 50°N by the individual PJE and PJW phase, can extend south-
ward to the mid-latitude regions (southwestern Europe in C7; East Asia in
C2) in the combined phases of PJE and PJW. Second, there are always
significant heat extreme hotspots simultaneously over the areas both to the
south and north of 50°N at the combined phases of SJE and PJE/PJW. The
strengthened coupling indicates that the combined EISOs are more con-
ducive to the simultaneous occurrences of severe heat extremes respectively
over the Eurasian high and middle-to-lower latitudes.

We further explore whether and to what extent the combined EISOs
contribute to the occurrence of heat extremes by focusing on the regions with
the most active heat extreme activities. Nine regions are identified with the
most frequent occurrence of heat extremes as the heat extreme days exceeding
the 90th percentile of the whole Eurasian grid-by-grid heat extreme days (Fig.
3a). Among them, five regions, northwestern Europe, eastern Europe Plain,
western Siberia Plain, northeastern Asia, and south of the Yangtze River
Basin, are geographically close to the heat extreme hotspots linked with the
dominant combined EISOs described above (Fig. 2b vs. Fig. 3a). Specifically,
among the total occurrence of gridded heat extremes over these five Eurasian
regions, 25.3%, 43.7%, 18.7%, 26.5%, and 24.6% of them are associated with
the dominant combined EISOs. Over some specific areas, such as west of UM,
this ratio can even exceed 50% (Fig. 3b).

We also noticed that PJE and PJW appeared in almost all the pre-
ferable combinations, while the SJE-PJW combination rarely occurred in
historical summers (Table 2). This may be related to the properties of the
EISO waves themselves, and their interaction with the background cir-
culation, as well as the topography. For PJE and PJW, both EISOs pro-
pagate along the polar front jet in eastward and westward directions,
respectively. During their propagations, the anchoring effects of the
topography”’* and blocking high (Fig. $5)***' make it easier for PJE and
PJW to appear in combination. However, for SJE and PJW, their different
origins, different propagation directions, different zonal scales, and rela-
tively distant propagation paths make it difficult for them to form com-
binations. An in-depth study for the interaction of different EISOs will be
worthwhile to investigate in the future.

An example of 2022 summer: synchronous heat extremes over
northern Europe and the Yangtze River Basin

In July 2022, northern Europe and Yangtze River Basin experienced severe
heat extremes simultaneously”™* (also can be seen in Fig. $6). Over the two
regions, the warming developed almost synchronously in early July, peaked in
middle July (9-13 July) and decayed after 15 July (Fig. 4a, b), which featured
typical intraseasonal variation. During the whole warming period (ie.,
early-middle July), the area-averaged warming amplitudes are nearly 11.3 °C
(from 17.2 to 28.5 °C) over the northern Europe and 3.9 °C (from 27.5 to
31.4 °C) over the Yangtze River Basin, while nearly 6.2 °C over the northern
Europe and 2.9 °C over the Yangtze River Basin in their intraseasonal
components. The Yangtze River Basin originally has much smaller day-to-
day variance in climatology due to its lower latitude and higher temperature
background in summer (Fig. S7). The EISO real-time monitoring indices are
shown in Fig. 4c—e. Three EISO indices simultaneously exhibit strong signals
between 9 and 13 July, which correspond well to the combined type of C4
(Fig. 2). In this combined EISOs, there are two hotspots with significantly
increased heat extremes, respectively, over the northern Europe and the
Yangtze River Basin (Fig. 2b).
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Table 1 | Heat extreme hotspots at each phase of individual EISO

Hotspots Phase | Phase Il Phase lll Phase IV
SJE West of TP Western TP Southwest of UM-East of Mediterranean; Southwestern Europe;
Northeastern TP UM-Caspian Sea;
Southeastern TP
PJE North Europe-Eastern Europe Plain; UM Western Siberia Plain North Europe;
North of Okhotsk Western Siberia Plain
PJW North Europe-Eastern Europe Plain Western Siberia Plain North Siberian

Blue (red) names represent the hotspots of each combined EISOs over the Eurasian middle (high) latitudes. TP and UM used here are the acronyms of Tibetan Plateau and Ural Mountain, respectively.
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Fig. 1 | Phase-locking between heat extremes and individual EISO. Composite
GHT300 anomaly (contours; unit: gpm; interval: 20 gpm) overlaid with the increases
in the occurrence probability (shading; unit: %) of heat extremes for each of the four
phases of (a) SJE, (b) PJE, and (c) PJW with respect to climatological occurrence
probability. Only the GHT300 anomaly above the 95% confidence level is given. The

%

30

increases in the occurrence probability of heat extremes exceeding the 99% con-
fidence level are marked with black dots. Here the significance is verified by a 1000-
times Monte Carlo simulation procedure. Purple lines denote the location of the UM
and TP, respectively.

We further examine the performance of subseasonal-to-seasonal (S2S)
forecasts for real-time prediction of this extreme case and the multi-EISOs.
Here, IAP-CAS was chosen because this model represents well EISOs and its
EISO prediction skills rank in the top three out of 11 operational dynamical
models (Fig. S8). Meanwhile, IAP-CAS can provide adequate real-time daily
prediction and the associated climatology to meet the needs of the following
analysis. Figure 5 shows the scatter plots between the subseasonal prediction
errors of multi-EISOs and T),,,x anomalies during the target peak period
(9-13 July) using all ensemble members at lead times of 10-25 days for the
regions of northern Europe and the Yangtze River Basin, respectively. It can
be found that, on the subseasonal timescale, the temperature prediction errors
in both regions have a significantly positive correlation with the prediction
errors of multi-EISOs. This indicates that the subseasonal prediction

capacities of temperature in these two key regions are evidently constrained
by the prediction biases of multi-EISOs. Additionally, the subseasonal pre-
diction of T}, anomalies over northern Europe is more significantly influ-
enced by multi-EISOs (R® is 0.56 over northern Europe, and 0.44 over
Yangtze River Basin), which aligns with the stronger influence of multi-EISOs
on the occurrence of heat extremes in that region (Fig. 2). Therefore, the well-
captured EISOs in the dynamical prediction are important for accurate
subseasonal prediction of extreme warm events over the Eurasian continent.

Effects of the combined EISOs on Eurasian heat extreme
prediction

There are 2-4 synchronous heat extreme hotspots occurring in each
combined EISO (Fig. 2). It is expected that the prediction skill of heat
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Fig. 2 | Phase-locking between heat extremes and
the dominant combined EISOs. a The frequency of
each dominant combined EISOs. (b) Composite
GHT300 anomaly (contours; unit: gpm; interval: 20
gpm) overlaid with the increases in the occurrence
probability (shading; unit: %) of heat extremes for
the combined EISOs with respect to climatological
occurrence probability. Only the GHT300 anomaly
above the 95% confidence level is given. The
increases in the occurrence probability of heat
extremes exceeding the 99% confidence level are
marked with black dots. Red (blue) rectangles are the
hotspots of each combined EISOs over the Eurasian
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extremes in these hotspot regions could be higher with the occurrence
of the associated combined EISOs than those with inactive EISOs.
Here we examined the prediction skill of synchronous above-normal
warm events measured by the area under the Relative Operating
Characteristic curve (ROCA) (see Materials and Methods). Syn-
chronous above-normal warm events are defined as positive

temperature anomalies exceeding the tertiles of the corresponding
climatology within all hotspot regions for each type of combined
EISO**°. A larger value of ROCA represents better prediction skills
for synchronous warm events. We compared the differences in ROCA
with and without the associated combined EISOs at a lead time of 2-4
pentads (Fig. 6). For both individual models and the multi-model
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Table 2 | Heat extreme hotspots at each combined EISO

Combined EISOs
(two-type-EISO)

Hotspots

Combined EISOs
(three-type-EISO)

Hotspots

(C1): PUE 1+ PJIW | North Europe-Eastern Europe Plain;

North of Okhotsk

(C4): SJE NI+ PJE | +PJIW I

North Europe-Eastern Europe Plain; North of Okhotsk;
Northeast of TP

(C2): PJEIV+PIW I Northwestern Europe;
Northeastern Asia;

East Asia

(C6): SJE IV + PJE Il + PUW |

North Europe-Eastern Europe Plain;
Southeast of TP

(C3): PJE IV + PJW Il Northwestern Europe;

Western Siberia Plain

(C8): SUE I+ PJE | + PJW I

North Europe-Eastern Europe Plain;
Northeastern Asia;
Western TP

(C7): PJE Il 4+ PIW IV North Siberian;

Southwestern Europe

(C9): SUE I+ PJE Il + PJW I

Western Siberia Plain;
West of TP

(C5): SUE 1+ PJEIN Northwestern Europe;

North Siberian;

(C11): SUE Il + PJE Il + PJW IV

UM;
North of Okhotsk;

Western TP Northeast of Mediterranean;
South of TP
(C10): SUEIV+PJEI UM; (C12): SUEIV+PJE I+ PJW I North Europe-Eastern Europe Plain;
Southwestern Europe; North of Okhotsk;
Southeast of TP East Asia

Red (blue) names represent the hotspots of each combined EISOs over the Eurasian high (middle) latitudes.

Fig. 3 | Contribution of the dominant combined

(a) Frequency of heat extremes in summer days/year
T T

EISOs to climatological heat extremes. a The
spatial distributions of the climatological frequency
of heat extremes (shading; unit: day/year) in boreal 70N
summer. The frequency of heat extremes exceeding >
the upper quintile of Eurasian grid-by-grid heat
extreme days is marked with black dots. The nine
rectangles denote the regions where the heat
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average across the 12 types of combined EISOs, the subseasonal
prediction skills are evidently higher during periods with the occur-
rence of the corresponding combined EISOs than during those
without. The increments in prediction skills are significant when the
associated combined EISOs occur, except for C1 atalead time of three
pentads and C7 at a lead time of two pentads. Specifically, the aver-
aged increments of the prediction skill in all combined EISOs are
61.9%, 52.5% and 48.6% at a lead time of two, three and four pentads,
respectively.

Discussion

Thelack of recognition of the extratropical subseasonal prediction sources is
a stumbling block on the path to understanding the prediction errors and
improving subseasonal predictions, particularly for extreme events. Pro-
minent coupling between individual EISO and heat extremes is clearly
identified over some specific Eurasian regions. More importantly, twelve
dominant combined EISOs are unraveled, which increases the number and
the occurrence frequency of synchronous Eurasian heat extremes. Mean-
while, the twelve dominant EISOs correspond to twelve types of preferable

npj Climate and Atmospheric Science| (2024)7:169



https://doi.org/10.1038/s41612-024-00714-1

Article

(a) northern Europe-regional averaged T ..
T T T T

(b) Yangtze River Basin-regional averaged T,,,,
T T T T

T T 5 T T 2
14 /-\
/—\ 13 11
2o o
< do =
11 % 3
= S
40 = =
o) 110
419 2
42 il ,
1-3
L 1 1 1 . 1 . ! . L L L
Jun.25 Jun.30 Jul.5 Jul.10 Jul.15 Jul.20 Jun.25 Jun.30 Jul.5 Jul.10 Jul.15 Jul.20
date date
3 (c) SJE during Jun. 28-Jul.21 3 (d) PJE during Jun. 28-Jul.21 3 (e) PJW during Jun. 28-Jul.21
1 1 1
Phase | 1 Phase IV Phase | 1 Phase IV Phase | 1 Phase IV
2} 2 2} ;
1
o 1} o 1 o 1 ‘\
4 4 4 A
° ° °
Sof--®-o{--a-f)----- Sof-ag{--a---)----- Sof----- AV
© © ©
£ £ £
i , % Jun.28 -1 , % Jun.28 el . % Jun.28
I ® Jul.9-13| I ® Jul.9-13| I ® Jul.9-13|
ot 1 % Jul.21 2 1 % Jul.21 2ot 1 % Jul.21
1 1 1
Phase Il | Phaselll Phase I 1 Phaselll Phase Il 1 Phaselll
-3 . -3 . -3 .
-3 -2 -1 0 1 2 3 -3 -2 -1 0 1 2 3 -3 -2 -1 0 1 2 3

Normalized PC1

Fig. 4 | Temporal evolution of the T,,, over northern Europe and the Yangtze
River Basin and the corresponding EISO real-time monitoring indices. Regional
averaged raw (bar; unit: °C) and ISO (lines; unit: °C) T, during 24 June-22 July
2022 over the (a) northern Europe and (b) Yangtze River Basin. The blue rectangle
denotes the peak period (9-13 July). Day-by-day curves for real-time (c) SJE, (d) PJE,

Normalized PC1

Normalized PC1

and (e) PJW index during 28 June-21 July 2022. The purple and blue pentagrams are
the EISO indices on 28 June and 21 July, respectively, and the red points are the EISO
indices during the peak period.
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Fig. 5 | Scatter diagrams for subseasonal prediction errors of the T,,,, anomalies
(y-axis) against the multi-EISOs (x-axis). Scatters in (a) and (b) are the prediction
errors for all individual members at lead times of 10-25 days over northern Europe
and Yangtze River Basin, respectively. The linear fit curves (256 blue/orange dots)

are in black. The fitting measures for the linear regression (R2) together with their P
values are given in each panel, and double asterisks indicate the fitting is significant at
the 99% confidence level.
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synchronous Eurasian heat extremes in the subseasonal time scale. More-
over, we found that the dominant combined EISOs together account for
25.3%, 43.7%, 18.7%, 26.5%, and 24.6% of the historical heat extreme days
over five Eurasian regions (northwestern Europe, eastern Europe Plain,
western Siberia Plain, northeastern Asia, and south of the Yangtze River
Basin) where the heat extremes occur more frequently in climatology.
Further, both the observational monitoring and subseasonal dynamical
prediction confirm that the synchronous heat extremes over northern
Europe and the Yangtze River Basin in 2022 summer are highly linked with
the combined EISOs. Finally, the multi-year dynamical subseasonal hind-
cast exhibits that the prediction skills for synchronous heat extremes over
the combined-EISO hotspots are significantly higher with the occurrence of
the associated combined EISOs than those with inactive EISOs. This study
provides a perspective that the combined EISOs is one of the most important
sources for the synchronous occurrence of subseasonal heat extremes over
Eurasia, strongly indicating that understanding, monitoring, and accurately
predicting the multi-EISOs are necessary for better early warning of heat
extremes and the mitigation of associated disasters. The skillful prediction of
EISOs opens a window of opportunity for forecasting Eurasian heat
extremes from the weather to the subseasonal timescale. There are still some
remaining issues. For instance, the major combined EISOs have been
identified in this study, but the reasons why these combinations are most
preferable is an open question. Since the prediction of the Eurasian con-
tinent’s extreme heat depends on EISOs’ prediction skill, what determines
the prediction skill of EISOs is also worthwhile to be addressed.

Methods

Reanalysis datasets

Daily atmospheric circulation fields were retrieved from the Eur-
opean Center for Medium-Range Weather Forecasts Reanalysis
dataset, version 5 (ERA5)". The horizontal resolution was gridded
into 1.5° x 1.5° and the historical record covered 1982-2022. Daily
maximum 2-meter air temperature (Ty,, ) were obtained from the
Berkeley Earth Surface Temperatures (BEST) dataset provided by the

Berkeley Earth Project***. Also, the results were verified by the daily
Tmax derived from the ERA5 and National Center for Environmental
Prediction/Climate Prediction Center, in which the latter is global
GTS data and is gridded using the Shepard Algorithm.

Subseasonal-to-seasonal model datasets

For the subseasonal-to-seasonal forecast data, the hindcast is from 11
operational models, which include the China Meteorological Administra-
tion (CMA), the Environment and Climate Change Canada (ECCC), the
European Center for Medium-Range Forecast (ECMWE), Institute of
Atmospheric Physics, Chinese Academy of Sciences (IAP-CAS), the Insti-
tute of Atmospheric Sciences and Climate of the National Research Council
(ISAC-CNR), the Meteo-France/Centre National de Recherche Meteor-
ologiques (Meteo-France), the Hydrometeorological Centre of Russia
(HMCR), the Japan Meteorological Agency (JMA), the Korea Meteor-
ological Administration (KMA), the National Centers for Environmental
Prediction (NCEP), and the Met Office (UKMO). And the real-time pre-
diction is from IAP-CAS. A detailed description of each of the 11 opera-
tional models is presented in Table 3.

Phase definition of EISOs and calculating the EISO real-time
monitoring indices
The definition of the EISO phases and calculation of the EISO real-time
monitoring indices follow that described in Zhu et al. *2 Here, we divide each
EISO into four phases instead of eight phases, in order to increase the sample
size of each phase and ensure that the composite results of the combined
EISOs are statistically significant. Meanwhile, if the EISO is divided into four
phases, the average duration of each phase is 5-8 days, which is more
meaningful for studying the impact of extreme events, as well as under-
standing, monitoring and accurately predicting EISO. The recipe for cal-
culation is as follows:
1. Removing the slow climatological annual cycle by subtracting the cli-
matological mean and the first three harmonics from the raw data
(V200 for SJE; V250 for PJE; GHT250 for PJTW);
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Table 3 | Description of the S2S models used in this study

Centers Hindcast or real-time Time range Resolution Period Frequency Rfc size
CMA Hindcast Days 0-60 T266, L56 2007-2021 2/week 4
ECCC Hindcast Days 0-32 0.35° x 0.35°, L85 2001-2020 Weekly 4
ECMWF Hindcast Days 0-46 Tco319, L137 2002-2021 2/week 11
IAP-CAS Hindcast Days 0-65 ~1°x1°,L32 1999-2018 Daily 4
IAP-CAS Real-time Days 0-65 ~1°x1°,L32 2022 Daily 16
HMCR Hindcast Days 0-46 0.9° x 0.72°, L96 1991-2015 Weekly 11
ISAC-CNR Hindcast Days 0-32 0.75° x 0.56°, L54 1981-2010 Every 5 days
JMA Hindcast Days 0-34 TI319, L100 1991-2020 2/month 5
KMA Hindcast Days 0-60 0.83° x 0.56°, L85 1993-2016 4/month 7
Meteo-France Hindcast Day 0-47 T359, L91 1993-2017 4/month 10
NCEP Hindcast Day 0-44 ~1°x1° L64 1999-2010 Daily 4
UKMO Hindcast Day 0-60 N216, L85 1993-2016 4/month 7

2. Removing the lower frequency components than each EISO timescale  heat extremes is considered as confident for this specific region that is named

by subtracting the mean of the most recent N1 days (N1 = 9 for SJE, 11
for SJE, and 15 for PJW, which are the optimal parameters examined by
Zhu et al.);

. Removing the synoptic fluctuations by making the previous 3-day
running mean;

. Projecting V200’, V250’ and GHT250" processed by the above three
steps onto the SJE EOFs, PJE EOFs and PJW EOFs, respectively
(EISOs” EOFs are computed using ERA5 intraseasonal data by Zhu
et al”, and available from https://doi.org/10.13140/RG.2.2.12680.
80641), to obtain PClgy, PC2gyg, PClpyg, PC2pyg, PClpyyy and PC2pyy;

. Normalizing the PCs to obtain PC1 g, PC2'gp, PC1 pjg, PC2 b,
PCl*p]W and PCZ*p]W, and the real-time SJE index is defined as
[PC1'gjp PC2 ), the real-time PJE index as [PC1 p PC2 pyg], and
the real-time PJW index as [PC1 pjy PCZ*HW];

. Phase 1 of EISOs is defined as PCl'<0 & PC2'>0 &
(PC1"% 4 PC2%)"? > 1.2; phase I of EISOs as PC1" < 0 & PC2" < 0 &
(PC1™ 4 PC2?)" > 1.2; phase Il of EISOs as PC1" > 0 & PC2" < 0 &
(PC1™”+PC2?)"?>1.2; and phase IV of EISOs as PC1" >0 &
PC2" >0 & (PC1? + PC2™)"* > 1.2. The phase diagram of EISOs in
the two-dimensional phase space is shown in Fig. S1 in supplemen-
tary materials, and the wave patterns at each EISOs’ phase are
displayed in Fig. S2 in supplementary materials.

Heat extreme and its occurrence probability

According to Fischer and Schir™, heat extreme is defined as the Ty,
exceeding the 90th percentile of the climatology and persists for at least three
consecutive days. All days that meet the above-mentioned criteria are called
heat extreme days. The 90th percentile is the 15-day window centered on
each calendar day during 1991—2020. The 90th and 15-day window are
recommended by Expert Team on Climate Change Detection and Indices,
and we also made some sensitive experiments (e.g., 5-day, 9-day and 31-day
window, and 95th and 99th percentile), the results didn’t change sig-
nificantly. Moreover, we defined heat extreme based on daily mean 2-m air
temperature, Ty, and daily minimum 2-meter air temperature, respec-
tively, and further evaluated EISOs” impacts on them, the results were also
similar.

The increases in the occurrence probability of heat extremes in a specific
EISO phase are calculated as Prso;) — Peiimatology> it Which Prso) represents
occurrence probability of heat extreme days during all days of Phase i (i =
I-1V), and Pimatology Stands for occurrence probability of heat extreme days
of all summer days (123 day/year X 41 year = 5043 day). The significance of
increases in the occurrence probability of heat extremes at different phases is
verified by 1000 times Monte Carlo simulation procedure’". If the occurrence
probability of heat extremes in a specific region is statistically significantly
increased during a specific EISO phase, the phase-locking between EISO and

as a heat extreme hotspot for the specific EISO phase. Here we focus on the
increases in the occurrence probability of heat extremes rather than the
probability itself to intentionally avoid falsely including some areas inherently
with the high occurrence of heat extremes.

Dominant combined EISOs

The dominant combined EISOs are chosen by three objective criteria: I. the
combination phase should belong to one specific phase of two or three
EISOs; II. the selected type appears at least once per summer on average
during the last 41 summers; III. the increase in the occurrence probability of
heat extremes on at least one grid point should exceed by at least 35%
climatological occurrence probability.

Prediction errors
The prediction errors of Ty,.x anomaly and multi-EISOs at different lead
times are calculated as follows:

ERRK(T) = 1/ (Typ, — Tpee(1))?

ERReiso(1) = <\/(OISIE *Plle(T))ZJZF(OZSIE *PZSIE(T))Z

+ \/(01 pe—Plpg (T))z +(02P]E _PZP]E(T))Z
2

N \/(o1mw7P1,,,W(T))z;(ozpmfpzw(r))z) / 3

where ERRt(t) and ERReiso(t) are the prediction errors of T, anomaly
and multi-EISOs at lead times of T, respectively. T ranges from 10 to 25 days.
T, and T, are the observed and predicted domain-averaged Ty
anomaly during the peak period (9-13 July) over northern Europe or the
Yangtze River Basin. Olgp/O2gy, Olpyp/O2py; and Olpyy,/O2pyy are the
observed SJE, PJE and PJW indices, respectively, and PISIE(T)/ PZS]E(T),
Pl (1)/P2py (1) and P1ppyy (T)/P2pyy (1) are the corresponding predictions
with a T — day lead.

Area under the relative operating characteristic curve

ROCA is calculated as follows:
1. Building the ROC contingency table, as shown in Table 4 and the
corresponding descriptions;

. Calculating the hit rate (HR) and false alarm rate (FAR) through
the ROC contingency table;

HR, = Zinoi/Ziloi; FAR, = Z}inNOi/Z?I:lNOi
. Plotting the ROC curve by the HR (y-axis) and FAR (x-axis);
. ROCA is obtained by integrating the area under the ROC curve.
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Table 4 | ROC calculation

Bin number Member distribution Observed occurrences Observed non-occurrences
1 F=0,NF=N 04 NO;

2 F=1,NF=N-1 0, NO-

3 F =2, NF=N-2 O3 NO3

n F=n-1,F=N-n+1 On NO,

N+1 F=N,NF=0 Oni1 NON 1

“In ROC contingency table, N is the number of members in the ensemble, and n is the number of the n bin ranging from 1 to N + 1. F is the number of members predicting occurrence of the event, and NF is
the number of members predicting non occurrence of the event. O,,/NO,, is the observed occurred/non-occurred frequency in n™ bin.

ROC contingency table for defining above-normal warm events prediction parameters.

Temperature budget diagnosis
According to Yanai et al. **, the temperature budgets analysis was made over
each heat extreme hotspot. The equation could be written as

oT
—:—VXVT—{—wa—i—@
ot [

where ¢, represents the specific heat at constant pressure, T the air tem-

perature, t the time, V the horizontal wind, V the horizontal gradient

operator, p the pressure, w the vertical velocity, o the static stability, which is

calculated as 0 = RL — 2L and Ris the gas constant. Q1 denotes the diabatic
. L. fpf’ 9p .. . .

heating, which includes the radiative heating, latent heating, and surface

sensible heating.
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