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ABSTRACT: The importance of extreme event attribution rises as climate change causes severe damage to populations
resulting from unprecedented events. In February 2019, a planetary wave shifted along the U.S.–Canadian border, simulta-
neously leading to troughing with anomalous cold events and ridging over Alaska and northern Canada with abnormal
warm events. Also, a dry-stabilized anticyclonic circulation over low latitudes induced warm extreme events over Mexico
and Florida. Most attribution studies compare the climate model simulations under natural or actual forcing conditions
and assess probabilistically from a climatological point of view. However, in this study, we use multiple ensembles from an
operational forecast model, promising statistical as well as dynamically constrained attribution assessment, often referred
to as the storyline approach to extreme event attribution. In the globally averaged results, increasing CO2 concentrations
lead to distinct warming signals at the surface, resulting mainly from diabatic heating. Our study finds that CO2-induced
warming eventually affects the possibility of extreme events in North America, quantifying the impact of anthropogenic
forcing over less than a week’s forecast simulation. Our study assesses the validity of the storyline approach conditional on
the forecast lead times, which is hindered by rising noise in CO2 signals and the declining performance of the forecast
model. The forecast-based storyline approach is valid for at least half of the land area within a 6-day lead time before the
target extreme occurrence. Our attribution results highlight the importance of achieving net-zero emissions ahead of sched-
ule to reduce the occurrence of severe heatwaves.

KEYWORDS: North America; Extreme events; Anthropogenic effects/forcing; Surface temperature;
Statistical techniques; Operational forecasting

1. Introduction

As more record-breaking extreme events have occurred in
recent years, the importance of attribution studies has risen
dramatically (IPCC 2013, 2021). The increased risk of ex-
treme events has raised the importance of relevant mecha-
nisms. The pronounced media exposure of extreme events
has led the public to accept impacts from climate change as a
fact and illuminate the topic’s significance more for a specific
extreme case attribution than risk-based general detection,
demanding more complex knowledge combining statistical
analysis and physical understanding (Shepherd 2016; Lloyd
and Shepherd 2023). Conceptually, most attribution studies
can be categorized by two frameworks: storyline and probabil-
istic (Shepherd et al. 2018). The storyline framework examines
the human-induced impacts on the main drivers of extreme
events, conditioning them to the physical process. In contrast,
the probabilistic framework quantifies the anthropogenic attri-
bution of the risks by defining the specific event as one of a
class, regardless of the particular weather processes.

Due to the nonlinearity and rarity of target extreme events,
current attribution studies conventionally use the probabilistic
framework, which is often called the risk-based approach.
These studies compare the likelihood of risks or the observed
event intensity based on the estimated probability distribution
of extremes between factual and counterfactual results from
climate model simulations contrasting anthropogenic forcing
effects. These simulations provide ensembles of modeled
states interacting with different physical parameterization de-
tails (e.g., Pall et al. 2011; Seong et al. 2022; Min et al. 2022).
These simulations are conditioned on a clear thermodynamic
signal seen with the target extreme events rather than atmo-
spheric circulation because the changes in the latter from an-
thropogenic forcings are usually minor compared to natural
variability (Deser et al. 2012, 2014).

However, this probabilistic framework cannot preselect
those dynamical processes involved in observed extreme
events, which raises questions of process fidelity within uncon-
ditional statistical approaches (Bellprat and Doblas-Reyes 2016;
Bellprat et al. 2019; Palmer and Weisheimer 2018). Contrary to
the probabilistic framework, with a highly constrained experi-
mental design, some studies employ a storyline approach to un-
derstand the role of physical processes in extreme events (e.g.,
Wang et al. 2021; van Garderen and Mindlin 2022; Terray 2023;
Blanchard-Wrigglesworth et al. 2023). Storyline approaches
can use AMIP-style simulations, or nudging to inherit a phys-
ically conditioned environment (e.g., sea surface temperature
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and sea ice conditions or large-scale flow) corresponding to
the main driver of the observed target extreme events.

A new numerical model framework for extreme attribution is
proposed, utilizing operational medium-range weather forecasts
(Leach et al. 2021). Unlike the climate model, this forecast
model has been widely verified for particular weather events
at process levels. The predictability of the operational fore-
cast model ensures that the constrained physical process
matches the storyline framework. Furthermore, the free-
running coupled ocean–atmosphere integrations with large
ensembles comprising different initial conditions allow for a
spread in synoptic conditions over time, allowing a risk-based
assessment with good statistics. Since this operational forecast
approach has the advantages of both frameworks, previous
studies using these have successfully assessed the human-
induced CO2 attribution to the record-shattering extreme heat-
wave events over Europe in 2019 (Leach et al. 2021), the Pacific
Northwest in 2021 (Leach et al. 2024), and also the midlatitude
windstorms over the United Kingdom in 2022 (Ermis et al.
2024).

In this study, we introduce the extreme events that oc-
curred in February 2019 in North America and quantitatively
compare the severity of these within the historical records.
We examine the performance of the European Centre for
Medium-Range Weather Forecasts (ECMWF) ensemble pre-
diction system in reproducing these extremes. Then, we quan-
tify the size of the CO2 signal and the probabilistic risk of
extremes by comparing the multiensemble simulations under
perturbed CO2 conditions. Finally, we summarize and discuss
our storyline attribution findings.

2. Data and methods

a. Forecast model

We use the ECMWF Integrated Forecasting System
(IFS) model cycle CY45R1, which was the version in opera-
tion at the time of the events. The ECMWF IFS comprise
an atmospheric model with 91 vertical layers and about
18 km horizontal resolution up to 15 days, increasing to
36 km from 16 to 30 days. This atmospheric model is cou-
pled to an ocean model, Nucleus for European Modelling
of the Ocean (NEMO), version 3.4, which has 75 vertical
levels and 0.258 horizontal resolution (about 27 km on the
equator). Notably, ECMWF IFS is one of the best models
with outstanding performance in predicting the develop-
ment of 2019 winter sudden stratospheric warming (Rao
et al. 2019).

b. Perturbed CO2 experiment

We used the perturbed CO2 forecast ensemble simulations
implemented by Leach et al. (2021). Four different initializa-
tion dates (4, 11, 17, and 23 February 2019) of operational en-
sembles (ENS) are selected to simulate until the 27 February
with different CO2 concentration levels. These two counter-
factual worlds are preindustrial levels of 285 ppm (PIC) and
increased to 600 ppm (INC), where that level is approxi-
mately equal to the doubled global radiative forcing from the

PIC to ENS. These opposite directions of CO2 perturbation
experiments isolate only the atmospheric CO2 impacts on the
extreme events, which is more comprehensible without esti-
mating the human-caused effects on ocean states (Stone and
Pall 2021). The experimental design details are depicted in
Leach et al. (2021).

c. Reanalysis

We use the fifth major global reanalysis produced by
ECMWF (ERA5) from 1950 to 2019 (Hersbach et al. 2020).
Climatological values are calculated over the years 1999–2018.
The horizontal resolution of the data in our analysis is 0.258,
except for the calculation of globally averaged results, which is
at a 2.58 horizontal resolution.

d. Extreme events

Our study focuses on the daily mean air temperature at 2 m
from the surface (T2m). The extreme variable TX (TN) indicates
the maximum (minimum) T2m in February in each grid scale of
reanalysis dataset. After finding some regions experiencing the
highly ranked TX (TN) in February 2019, we checked the ex-
treme event validity of the heatwaves (cold spells) as the target
of our storyline attribution study. The definition of heatwaves
(cold spells) follows two conditions in regionally averaged T2m:
1) when T2m exceeds (below) the climatological threshold and
2) the first conditions last at least three consecutive days. The
threshold is 90th (10th) percentile values from the February cli-
matological period (e.g., Puvvula et al. 2022; Thomas et al.
2023). We found highly ranked TX and TN events in the four
heatwaves and a cold spell, respectively. As the definitions of
TX (TN) and heatwave (cold spell) are different, we test consis-
tency in the extreme occurrence date between the extreme event
definitions of 1) regionally averaged T2m in peak date of heat-
wave (cold spell) and 2) TX (TN), which may have different
dates on each grid scale. Notably, the regionally averaged tem-
perature on a peak day (solid red or blue horizontal lines in
Fig. 5) is similar to TX (TN) during the heatwave (cold spell)
days (dotted lines in Fig. 5), supporting the fact that the extreme
event in most grids over the target region coincides with the lo-
cal peak date.

e. Temperature tendency and thermodynamic
decomposition

Atmospheric temperature changes in time (tendency) can
be explained by the thermodynamic equation below:

DTAtm

Dt
� 2v ? =pTAtm 2 v

TAtm

u

­u

­p
+Q, (1)

where TAtm is the atmospheric temperature, Dt is a day, v is the
horizontal wind velocity, p is the pressure, v is the vertical velocity
in pressure coordinates, and u is the potential temperature. From
left to right, temperature tendency (Tend, DTAtm/Dt) is comprised
of contributions from horizontal advection (Adv, 2v ? =pTAtm),
adiabatic heating [Adiab, 2v(TAtm/u)(­u/­p)], and diabatic heat-
ing (Diab, Q). The three terms are computed at each grid point.
Notably, the diabatic heating is a combination of shortwave and
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longwave radiative processes and heating fluxes (e.g., sensible and
latent). We estimated it as the residuals according to previous
studies (e.g., Yanai and Johnson 1993; Lai and Gong 2017; Yao
et al. 2017; González-Herrero et al. 2022) because of lack in ar-
chived variables in ECMWF IFS experiments. This indirect calcu-
lation is expected to be negligibly different compared with direct
values (e.g., Kim et al. 2021; Kim and Lee 2022). We applied
Eq. (1) to the first and second nearest levels to the surface in
the archived IFS experiment datasets (1000 and 925 hPa).
We used their vertically weighted values as the temperature
tendency results for the near-surface. To minimize the com-
plex terrain effects on the near-surface atmospheric variables
at 0.258 horizontal resolution, the temperature tendency and
its components over the North American regions are slightly
filtered using a nine-point local smoothing before analysis,
following the method of Kim et al. (2021). We do not apply
smoothing for globally averaged results because they are cal-
culated from coarse resolution (2.58).

Now, the temperature tendency can be rewritten in differ-
ent formats as follows:

TAtm(d) 2 TAtm(d 2 1) �
�d

d21
Tend dt � Tend(d), (2)

TAtm(d) � Tend(d) + TAtm(d 2 1), (3)

TAtm(d) � Tend(d) + Tend(d 2 1) + TAtm(d 2 2), (4)

where letter d in parentheses indicates a day for each variable.
As we cannot calculate the first-day value from our forecast
ensembles due to a lack of variables ahead of forecast initiali-
zation date, Eqs. (2)–(4) can be replaced by the accumulation
of tendency as follows:

TAtm(d2) 2 TAtm(d1) � ∑
t�d2

t�d1+1
Tend(t), where d2 . d1 $ 1:

(5)

The sum of the tendency can express the temperature be-
tween two different days. We simplify Eq. (5) as follows:

DTAtm �∑Tend �∑Adv +∑Adiab +∑Diab: (6)

As DTAtm is calculated from the near-surface atmosphere
(1000–925 hPa), we expect change in it is similar to DT2m

(e.g., Kim et al. 2021; González-Herrero et al. 2022) unless
land–atmosphere interaction has a significant role (e.g., Miralles
et al. 2014; Barriopedro et al. 2023; Garcı́a-Garcı́a et al.
2023). To convert DTAtm to DT2m, we add residuals (RES)
to indirectly reflect the land interaction effects on DT2m

between two periods (d1, d2). Although near-surface Diab
includes surface turbulent heat fluxes (e.g., Dirmeyer et al.
2021), RES still implies the strength of land-interaction
effects because those are amplified due to a difference in
coordination: near-surface pressure levels (1000–925 hPa)
versus 2-m height.

DT2m �∑Tend +RES: (7)

f. Temperature anomaly decomposition

Ṫ2m � (T2m 2 T2m) + (T2m 2 T2m), (8)

Ṫ2m � T′
2m + T ′

2m: (9)

The T2m with an upper dot denotes an anomaly relative to
all T2m of the February climatological period (1999–2018). The
T2m with single and double overlines are monthly averaged
T2m values for February 2019 and those of all days of February
in climatological periods, respectively. Therefore, two terms in
parentheses indicate 1) transient eddy relative to the T2m

monthly mean of 2019 (T′
2m) and 2) T2m monthly mean anom-

aly of 2019 relative to all February in climatological periods
(T ′

2m), respectively. We interpret these two terms as the T2m

anomaly contributions from the submonthly and the interan-
nual scale, respectively.

To account for the contributions from the atmosphere and the
other sources to T2m anomaly (Ṫ2m), we combine Eqs. (7) and
(8) and perturbing T2m term on the left-hand side [Eq. (10)].

T2m(d2) 2 T2m 2 [T2m(d1) 2 T2m] � ∑Tend +RES: (10)

By reallocating terms and subtracting T2m for both left- and
right-hand-side terms, Eq. (10) can be transformed as

[T2m(d2) 2 T2m] �∑Tend + [T2m(d1) 2 T2m]
1 (T2m 2 T2m) +RES, (11)

Ṫ2m(d2) � ∑
t�d2

t�d1+1
Tend(t) + T′

2m(d1) + T ′
2m +RES: (12)

In Eq. (12), the anomalous temperature on a specific day (d2)
is explained by contributions from the accumulated tenden-
cies between two dates, a transient eddy on another day,
monthly anomalies, and residuals. We use these decomposi-
tions to explain extreme events over five regions at specific
dates experiencing different synoptic weather system. The d1
is selected 3 days ahead of d2 when the synoptic weather sys-
tem dramatically varies the local temperature (see Fig. 2).
Each term of Eq. (12) implies 3-day synoptic weather effects,
the transient eddy before it, interannual variability effects on
the monthly anomaly, and land-atmosphere interactions dur-
ing synoptic time intervals, respectively.

g. CO2 signal decomposition

CO2 signal is measured from the differences between INC
and PIC experiments as follows:

SIG(T2m) � INC(T2m) 2 PIC(T2m), (13)

where SIG(T2m) indicates the CO2 signal on T2m on a specific day.
By considering Eq. (7) with d15 1, we can rearrange Eq. (13) by

SIG[T2m(d)] � INC T2m(1) + ∑
t�d

t�2
Tend(t) +RES

[ ]

2 PIC T2m(1) + ∑
t�d

t�2
Tend(t) +RES

[ ]
: (14)
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Since the CO2 signal in our experiments originated from a per-
turbation in atmospheric CO2 concentration, the size of RES
in both INC and PIC should have a negligible monthly differ-
ence (see Fig. 3b). By definition of SIG [Eq. (13)], Eq. (14)
can be rearranged as

SIG[T2m(d)] ’ SIG[T2m(1)] + SIG ∑
t�d

t�2
Tend(t)

[ ]
: (15)

We further decompose Eq. (15) by applying Eq. (6).

SIG[T2m(d)] ’ SIG[T2m(1)] + SIG ∑Adv
[ ]

+ SIG ∑Adiab
[ ]

+ SIG ∑Diab
[ ]

:

(16)

Thus, SIG in T2m can be explained by the sum of SIG for the
first 24 h of forecast simulations and the cumulative sum of
Adv, Adiab, and Diab. In our study, all results of SIG decom-
position are first calculated from each grid and then averaged
for the selected domain.

h. Statistical methods

Changes in event probability are analyzed by a risk ratio
(P1/P0) analysis, which implies fractional changes in the likeli-
hood of an event exceeding the level of observed extreme in en-
sembles under the different forcing conditions (e.g., P1 5 ENS
and P0 5 PIC for PENS/PPIC). To calculate the risk ratios among
ensembles, we used the stationary generalized extreme value
(GEV) fitting method.

F(x; m, s, j) �
exp 2exp 2

x 2 m

s

{ }[ ]
, j � 0

exp 2 1 + j
x 2 m

s

{ }2j21
[ ]

, j Þ 0, 1 + j
x 2 m

s
. 0

⎧⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩
:

(17)

The cumulative distribution function, F(x; m, s, j) of the
GEV, is given by Eq. (17), estimating the distribution types of

Gumbel, Fréchet, and Weibull depending on the shape (j) pa-
rameters. The mean and spread of fitting are parameterized
by the location (m) and scale (s), respectively. In this study, x
denotes the extreme values in a forecast ensemble out of each
set of initialization date. To check the sensitivity in the GEV
fitting method, we examined parameters fitted by two meth-
ods: maximum likelihood estimation (MLE) and L moments.
We confirmed the negligible differences in their parameters
(generally less than a decimal point with the same sign). Nev-
ertheless, we only present the results from L moments estima-
tion because statistically larger samples are required for MLE
(e.g., Kharin et al. 2007; Min et al. 2009; Lazoglou et al. 2019;
Kim et al. 2020; Leach et al. 2021; Wehner et al. 2024). For
the quantification of GEV uncertainty ranges, we implement
bootstrapping resampling from the ensembles 100000 times
and estimate the 90% confidence intervals and median values.
We compute GEV for each extreme case: TX (TN) during
days of heatwaves (cold spell).

To assess the statistical robustness in CO2-induced effects
on globally or regionally averaged results, we use the signal-
to-noise ratios (S/N) method (e.g., IPCC 2013, 2021; Lee et al.
2023a) which divides the ensemble-averaged changing signal
(S) by their spread (N). The S/N values of three, two, and one
are equivalent to 99.9%, 97.7%, and 84.1% probabilities
of one-sided changes in normal distribution, respectively.
For grid scale, we performed a one-sample t test after calcu-
lating paired differences from ensembles in different CO2

conditions.

3. Results

a. February 2019 extreme events in North America

The stratospheric temperature over the Arctic increased
dramatically fromDecember 2018 to January 2019. The weak-
ening of the polar vortex continued till early February and
inversely recovered in March, perturbing the latitudinal posi-
tion of the jet stream in February (Lee and Butler 2020). The
polar vortex, the global warming trend, and the positive phase
of El Niño induce both anomalous monthly mean patterns

FIG. 1. (a) Monthly anomalies of temperature (shading) and 500-hPa geopotential height (contour) in February 2019
relative to the 20-yr climatology (1999–2018). The 20-, 70-, and 120-m (220, 270, and 2120 m) geopotential heights
are highlighted with pink solid (sky-blue dashed) contour lines. Gray transparent shadings around 308N denote
200-hPa zonal wind exceeding 35 m s21 to illustrate the position of the subtropical jet stream. (b) The rank of TX and
TN in February 2019 relative to TX and TN in February since 1950. Stipples indicate that the extreme event occurred
between the 8 and 27 Feb, where the perturbed CO2 simulations exist. The solid rectangles highlight the target regions
of our study, and each date of their extreme event occurrence is displayed in brackets.
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FIG. 2. (a) The 2-m surface air temperature (T2m) time series before and after record warm extreme events over RG1. Climatology
(1999–2018) and 2019 February mean are shown together with horizontal solid lines. The red dotted line denotes the heatwave definition
threshold (90th percentile). Heatwave events are highlighted with multiplication marks. Vertically filled areas with pink and gray represent
the heatwave event periods including the peak of extreme event (TX) and 3 days before TX. (b) Spatial patterns of temperature Tend
in the atmosphere and surface are illustrated by shading and contours. Contour levels are 118, 128, and 138C (218, 228, and 238C).
(c) Inland-averaged T2m anomaly and contributions from the sum of Tend during the 3 days, transient eddy, monthly mean anomaly, and
residual, respectively [see Eq. (12)]. Gray and dark gray bars represent 6s and 62s ranges from climate period, respectively. Multiplica-
tion marks denote the values at the peak date (8 Feb) over RG1. [(d)–(f) and (j)–(o)] As in (a)–(c), except for the different regions
(RG2–RG5) experiencing different extreme events at different dates (check Fig. 1). (g)–(i) As in (a)–(c), except for the cold extreme
event. (g) The threshold for cold spell events is the 10th percentile. Instead of red and pink colors, blue and light blue are used for contrast
to the warm extremes in the other regions.
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(Fig. 1a) and several warm and cold extreme events in North
America (Fig. 1b). With very active upper-level circulation
during February, the most severe events happened in various
regions at different phases of wave circulation. Compared to
the T2m February historical record (1950–2018), many regions
experienced extreme weather in 2019 ranging from the 1st to
the 15th warmest or coldest rank (Fig. 1b).

Out of those regions, five regions were selected as the target
of this study because they experienced highly ranked severe
extreme events between 8 and 27 February 2019 within the
simulation periods of perturbed CO2 experiments (Fig. 1b).
The anomalous characteristics of each extreme event are ana-
lyzed, given the growth and decay processes of the weather
system (Fig. 2). The T2m in five regions exceeded (fell) the
90th (10th) percentile of 20 years climate (Figs. 2a,d,g,j,m).
The T2m raised (dropped) from approximately their climato-
logical or monthly mean levels to the highest (lowest) temper-
ature within 3 days before the peak record occurred (gray
shaded area in Figs. 2a,d,g,j,m). We check the similarity in ten-
dency between T2m and TAtm to proclaim the validity of our
assumptions in Eqs. (6) and (7) (Figs. 2b,e,h,k,n). The ten-
dency patterns of T2m (contour) and TAtm (shading) were simi-
lar, having statistically significant correlation between them
(1% significance level).

We decompose the anomalous T2m value [Eq. (12)] and com-
pare each term with its climatological ranges (Figs. 2c,f,i,l,o).
We assess each contribution as typical or atypical by com-
paring its values with climatological spread (S/N, see section 2).
Three regions (RG1, RG3, and RG5) show that the synoptic
weather contribution (STend) is within a standard deviation
of climatology, indicating the usual synoptic weather system.
Their extreme events are primarily driven by spatiotemporarily
larger-scale variations affecting monthly anomalies, such as the
positive phase of El Niño–Southern Oscillation (e.g., S. Lee
et al. 2023), the negative phase of the Pacific–North America
teleconnection (e.g., Manthos et al. 2022), and global warming

(e.g., Zhang and Boos 2023). These are illustrated in monthly
anomaly contributions (T ′

2m) where these values of the
events are located outside of a standard deviation. On the
other hand, RG2 and RG4 display STend before extremes
are larger than a standard deviation. This group highlights
the anomalous synoptic weather system, dramatically rais-
ing the temperature. Each contribution size and its percen-
tile in climatology are summarized in Table 1. The typical
synoptic weather group members (RG1, RG3, and RG5) ex-
hibit the first or second largest contributions from monthly
anomalies, while the atypical synoptic weather group members
(RG2 and RG4) exhibit the largest contributions from the
transient eddy to anomaly in T2m with its percentile beyond
99.8. The quantified sizes and percentile values in Table 1 reaf-
firm the different atmospheric mechanisms behind each re-
gional extreme event (e.g., Fig. 2).

In addition to this, we summarize the 2019 February extreme
events in five regions from two perspectives: grid and region-
ally averaged sense (Table 2). Higher-latitude regions (RG1,
RG2, and RG3) denote about half of the grids experiencing ex-
treme rank levels between the 4th and 15th, while those of low-
latitude regions (RG4 and RG5) show between the 1st and
3rd. These latitudinal extreme rank contrasts in the grid scale
correspond to the previous reports based on the observed situ-
ation datasets (Comisión Nacional del Agua 2019; NOAA
2019). Although portions of the extreme ranks in grids vary,
ranging from 1st to 15th, in a regionally averaged sense, all five
regions are within the top 5 ranks of extreme temperature
records.

b. CO2 perturbation effects in globe

To understand how CO2 perturbation modifies the operation
forecast simulations, we first check the global averaged T2m by
comparing the ensembles of INC and PIC (Fig. 3), which have
less uncertainty than on a regional scale. Although different ini-
tial conditions are applied, the increased amount of CO2 raises

TABLE 1. The decomposition of 2019 February regionally averaged T2m anomalies (8C) in the peak date of the extreme events [Ṫ 2m,
see Eq. (12)]. The percentile of each value relative to climatology (1999–2018) is shown together in parentheses.

Region (date) STend T ′
2m T ′

2m Res Ṫ 2m

RG1 (8) 16.5 (84.3) 20.4 (49.0) 15.9 (100.0) 13.8 (87.6) 115.8 (99.8)
RG2 (26) 112.2 (99.8) 23.1 (25.2) 12.5 (85.0) 14.8 (90.4) 116.4 (99.8)
RG3 (8) 21.1 (42.9) 23.6 (28.1) 29.6 (0.0) 25.4 (1.1) 219.7 (0.0)
RG4 (16) 17.8 (100.0) 22.1 (16.7) 11.5 (100.0) 22.3 (0.5) 14.9 (100.0)
RG5 (23) 13.5 (72.8) 10.1 (50.7) 13.8 (95.0) 11.0 (73.3) 18.4 (99.1)

TABLE 2. The percentage of the area experiencing different ranks of TX (TN) in grid scale (check Fig. 1b) and the rank of
regionally averaged T2m during the 2019 heatwave (cold spell for RG3) relative to the highest (lowest) regionally averaged T2m in
February of previous years (1950–2018). The grids outside of the land are excluded in this analysis.

Rank First Second Third Fourth Fifth Sixth –fifteenth Regional extreme

RG1 0.8% 2.8% 7.8% 6.9% 6.6% 39.2% Fourth
RG2 0% 0.1% 3.7% 21.4% 25.6% 46.9% Fourth
RG3 6.2% 5.7% 12.0% 12.5% 10.4% 32.7% Fifth
RG4 40.8% 12.1% 6.0% 5.6% 4.8% 22.2% First
RG5 10.2% 20.7% 17.0% 12.4% 3.7% 28.6% Fifth
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T2m gradually until the 11 simulation days with good agreement.
After the stabilization around 0.38C warming, the ensemble
spread gradually increases, eventually making the CO2 signal
ambiguous, located within the S/N ratio , 61 after 17 simula-
tion days (Fig. 3a). To understand the source of rising tem-
perature and uncertainty details, we investigate T2m signal
decomposition as introduced in Eq. (16). The CO2 signal in
T2m excellently matches TAtm responses because the simulation
time scale in forecast experiments is too short to induce distinct
changes in land–atmosphere interactions (e.g., Meehl et al.
2021). Noteworthy, as the simulation time increases, the CO2

signal in T2m is more similar to that in STend (Fig. 3b), imply-
ing that the decomposition of STend can spotlight the major
factor changing the temperature. In 15d and 111d cases,
the increases in T2m are mainly explained by diabatic heating
illustrating S/N larger than one in these cases (Fig. 3b). The
main contribution to the CO2 signal shifts from diabatic
heating for 15d and 111d to horizontal advections for 117d
and 124d and the ensemble standard deviation range of each
term across the zero line, suggesting that the perturbed CO2

eventually grows uncertainty in weather noises later than 10-day
forecast.

Likewise, the vertical temperature responses to the per-
turbed CO2 levels are explored by STend and its decomposed
terms (Fig. 4) instead of TAtm itself [see Fig. 3b and Eqs. (15)

and (16)]. According to the sudden increase in CO2 and its
greenhouse gas effects, stratospheric cooling and near-surface
warming are confirmed with S/N . 3 for the first 11 simula-
tion days, expecting distinct signals in changing stratospheric
temperature (Fig. 4a). These clear signals originate from dia-
batic heating, illustrating similar levels of change (Fig. 4d).
However, temperature responses in the troposphere become
uncertain as weather and associated cloud characteristics vary
during the adjustment period in perturbed CO2 concentration
(e.g., Turner et al. 2018). The contributions from adiabatic
and advection are relatively low magnitude (Figs. 4b,c). Adia-
batic contributions show cooling in low atmospheric levels ex-
cept for 200 hPa, which offsets diabatic cooling, resulting in
near-zero changes in 200 hPa. Horizontal advections induce
warming signals in the low atmosphere after 11 days. Ensem-
bles display a large uncertainty in horizontal advections, simi-
lar to the T2m results (Fig. 3b). The vertical analysis highlights
that the CO2 signal is evident in the stratosphere for several
weeks. However, it is uncertain in the upper troposphere
and the near-surface after 11 days of simulations. The S/N
uncertainty differences between the stratosphere and tro-
posphere are explained mainly by the differences in S
(stratosphere . troposphere, e.g., Dong et al. 2009) because
the sizes of N from each pressure level are similar and smaller
than 0.48C.

FIG. 3. (a) Time-evolving CO2 signal in global mean T2m, by subtracting results of piControl
experiment from those of increased CO2. Four different colors are applied for the different initi-
ate dates. Solid lines and shaded areas represent 51 ENS’ mean and spread (10th–90th percen-
tile). (b) CO2 signal in T2m and decomposed contributions from Eq. (16). Three evolution times
are examined [(left to right) CO2 decomposition at 15d, 111d, 117d, and 123d]. Horizontal
red lines represent the grand ensemble averages from 204, 153, 102, and 51 available ensemble
members with different initiate dates. Shaded areas of dark and light gray indicate61s and62s
ranges of ENS, respectively.
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c. Extreme events in forecast ensembles

The ECMWF IFS forecast ensembles with different initiate
dates are compared to check the appropriate members appli-
cable to the storyline analysis (Fig. 5). We also draw the CO2

perturbed experiments to check forecast results with perturb-
ing CO2 concentration levels, which are conditional to the
identical dynamic process. Although the forecast ensembles
within a weak lead time show comparable performances in ex-
tremes, as the lead time increases, the other forecast ensem-
bles barely catch the extremes at the heatwave or cold spell
days in ERA5 results. In this case, ensembles are widely lo-
cated around the monthly averaged T2m of February 2019,
shown by yellow horizontal lines in Fig. 5. Those results con-
firm that the forecast model makes it hard to predict actual
extreme events if it has 2 or 3 weeks lead time. The process-
constrained analysis is only capable for the ensembles having
less than a week lead time prior to target events (e.g., Dai
et al. 2021; Leach et al. 2021). The increased CO2 raises
T2m within a week. However, these CO2 effects are much
smaller than a daily variation of T2m in February, as shown
in Fig. 2.

Therefore, we focus on the ensembles having a forecast
lead time of less than a week to examine the storyline attribu-
tion. As Fig. 3b illustrates the importance of temperature ten-
dency in understanding CO2 effects, in Fig. 6, we investigate
its decomposed size over each region to check the perfor-
mance of the forecast model and CO2-perturbing effects

details in the process-constrained synoptic weather system.
First, we check the model performance for the decomposed
weather system. As the lead time is less than a week, the sim-
ulated atmospheric tendency before the extreme event has
the same sign as the ERA5 result, except for the RG3 case.
Over the RG3, the tendency of ECMWF IFS shows the oppo-
site signs compared to ERA5, illuminating that the ECMWF
IFS has a distinct bias in the synoptic weather system in this
case, which is addressed in the later chapter (e.g., Fig. 9). Ex-
cept for that, advection, adiabatic, and diabatic terms are re-
produced well in forecast ensembles. The major atmospheric
processes contributing to regional extremes differ depending
on the planetary wave phase along the subtropical jet stream
(Fig. 1). For example, the horizontal warm (cold) advection is
the primary factor raising (dropping) TAtm over RG2 and
RG5 (RG3), while dry or moist dynamics mainly lead to
warmer TAtm over RG1 or RG4. CO2-perturbing effects in
atmospheric conditions are illustrated together. CO2-induced
changes in decomposed terms of tendency are much smaller
than the daily variation of T2m (e.g., Fig. 2). Although globally
averaged responses in near-surface have clear CO2 signals
(S/N . 1) within a week (Fig. 4), these on a regional scale are
much diverted, even in a diabatic heating response (e.g., Diab
of RG3: ENS . INC, RG4: PIC . ENS). We highlight that
the CO2 signal in decomposed terms of tendency over re-
gions is inhomogeneous, unlike the globally averaged cases
(cf. Figs. 3 and 4).

FIG. 4. (a) Time-evolving CO2 signal in globally averaged atmospheric temperature in (ordinate) vertical levels
from 51 ensemble members with the longest simulation days (initialization: 4 Feb 2019). (b)–(d) As in (a), except for
the decomposed variables of (a) by temperature Tend equation. (a)–(d) All the Tend terms (8C day21) are shown in
accumulated values (8C) from forecast day 2 to the day denoted in the abscissa. S/N in ENS is denoted with colored
dots (red: S/N. 3, black: S/N. 2, and gray: S/N. 1).
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d. Probabilistic assessment in forecast ensembles

As an apparent benefit of the forecast-based attribution ex-
periments is large ensemble members with weather systems
constrained by forecast lead time, we investigate the statistical
assessment for the extreme events in different forcing condi-
tions. By applying GEV fitting to the ensembles, we estimate
the likelihood of the extreme events in ENS, INC, and PIC
and check the CO2 signal in paired sets of ensembles (Fig. 7).
Bootstrapping is applied to reflect the uncertainty ranges of
GEV fitting. The parameters of GEV are summarized in Ta-
ble 3. Since the forecast days are less than a week, GEV distri-
butions of ENS, INC, and PIC are positioned around the
levels of each regional extreme event, similar to the ensemble
spread in Fig. 5, proving the constrained results in synoptic
weather processes. We examine the CO2 signals in two differ-
ent sets: the differences between 1) INC and PIC (INC–PIC)
as shown in the previous figures (Figs. 3 and 4) and 2) ENS
and PIC (ENS–PIC) to check consistency in additional CO2

effects in regional scales. The comparison between these two
demonstrates whether the regional CO2 signal within a week
still matches with theoretical linearity (e.g., Cubasch et al.

2001) or not because INC, ENS, and PIC have different CO2

concentration levels, which are experimentally designed to
have double CO2 radiative forcing in the first set than in the
second one (see section 2).

The GEV distribution of CO2-perturbed experiments
(INC and PIC) reflects the effects of the CO2 signal on
their location parameter [m in Eq. (17)] with a positive shift
(0.08 ; 10.58C, Table 3). If CO2 perturbation responses in a
weekly were perfectly proportional to the designed difference
in CO2 radiative forcing, the CO2 signal of the first set would
be located around two times larger than its second set, accord-
ing to the linear relation between the additional radiative
forcing and temperature changes on a yearly scale (e.g.,
Hausfather et al. 2020; Tsutsui 2020). However, the regional
CO2 signal on a weekly scale looks nonlinear (Fig. 7). Our re-
sults illustrate that a rise in CO2 concentration affects atmo-
spheric weather, resulting in a warmer surface. However, the
CO2 signal in the region cannot be simplified as a global mean
response.

As GEV distribution changed (Table 3), we investigated
the risk ratios in regional extreme events associated with

FIG. 5. ECMWF IFS ensemble results for (a),(b),(d),(e) TX during heatwaves and (c) TN during cold spell period. Multiplication marks
and vertical solid lines indicate the mean and minimum and maximum ranges from 51 ENS, respectively. Different colors indicate opera-
tional (black) and perturbed CO2 experiments (red: increased CO2 and blue: preindustrial CO2). Please note that the results are computed
from the ENS with different initiate dates: (left to right) about 3 weeks, about 2 weeks, and within a week lead time before the peak date.
For the results of perturbed CO2 experiments, only ensemble members within a week lead time are shown. The field-averaged values of
T2m climatology (1999–2018), monthly mean T2m for February 2019, and T2m in the peak date during the extreme events are computed
from ERA5 and distinguished by horizontal lines with colors (green: climatology, orange: February of 2019, red: field-averaged warmest
record in a day, and blue: field-averaged coldest record in a day). Red (blue) dotted lines denote the TX (TN) events during the heatwave
(cold spell) days to check coincidence over regional extreme events.
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increased CO2 levels (Fig. 8) under the storyline approach. In-
creases in CO2 generally cause local warming, which is favor-
able for heatwaves (RG1, RG2, RG4, and RG5) and
unfavorable for the cold spell (RG3). Most of the results cor-
respond to these general expectations, except for the RG3 in
the ENS–PIC set, where the CO2 signal is nearly zero
(Fig. 7f). According to the bootstrapped uncertainty ranges,
the most significant and precise CO2 attribution is confirmed
in the heatwave over RG4. The increased CO2 provokes about
27 times more risks for both sets of experiments. Extremes over
low latitudes (RG4 and RG5) illustrate statistically more signifi-
cant results than those over higher latitudes (RG1–RG3), where
a 90% confidence interval ranges across a unit probability.

RG3 results are different from others, such as the forecast
model performance (Fig. 6c), the unclear CO2 signal between
ENS and PIC (Fig. 7f), and the inconsistency of risk-based
probability (Fig. 8c) from different sets. Hence, we conduct
an additional analysis of systematic bias effects in extreme
event cases over RG3. After that, we suggest the three condi-
tions of a forecast-based attribution study, fulfilling the story-
line and probabilistic frameworks coincidentally.

e. Conditions for the forecast-based storyline approaches

The statistical assessment is essential to confirm the signifi-
cance of CO2 effects under the dynamic constraint in the
storyline approach as the weather noise in ensembles grows
as the forecast days increase. The systematic bias in the fore-
casting system induces the disparity in reanalysis. Also, the
unconstrained CO2 signal impairs the findings of attribution
results due to much larger uncertainty sizes. We investigate
further extreme cases over RG3, where forecast ensembles

fail to reproduce the atmospheric process affecting local ex-
tremes (Fig. 6c) and where the increased CO2 effects from the
ENS–PIC set are near zero (Fig. 7f). Figure 9 displays the
ECMWF IFS results with an initialization date of 4 February
2019, which are used to examine the extreme case study over
RG3. As shown in Fig. 2g, the regionally averaged tempera-
ture dramatically dropped between 6 and 8 February.

We check the ensemble results relative to the reanalysis da-
taset, hereinafter referred to as bias (Figs. 9b,c). The forecast
model generally shows reasonable performances until the
sixth. However, this model has a distinct cold bias on the sev-
enth while a warm bias on the eighth when the minimum
low temperature mainly occurs. These biases induce some en-
sembles to get TN on 7 February, not as the expected pro-
cesses in reanalysis but a day earlier (Fig. 9a). The size of the
bias in T2m is comparable to that in TAtm. This suggests that
the bias in this extreme event significantly originated from
the atmospheric process. We investigate the details of the
temperature-varying process (Figs. 9b,c). The land–atmosphere
interaction size is estimated by subtracting TAtm from T2m

[Eq. (7)]. A slightly colder bias exists on 7 February, which
makes some ensembles have TN earlier. However, the ensem-
ble spread crosses the zero line, indicating statistically insignifi-
cant bias (Fig. 9b). The problem is severe in the eighth case
(Fig. 9c). The ensemble spread shows that bias in TAtm is the
most prominent source affecting 38C warmer in TAtm than the
values from ERA5. The ensemble mean bias on the eighth is
much larger than the ensemble spread (s), indicating signifi-
cance in ensemble bias. The decomposed tendency clarifies that
the CO2 local effects are heterogeneous between INC–PIC and
ENS–PIC cases. We also checked the spatial patterns of the

FIG. 6. (a),(b),(d),(e) Three-day averaged terms of atmospheric temperature Tend before the warmest day in the heatwave event.
(c) As in (a), except for the atmospheric temperature Tend before the coldest day in the cold spell event that occurred over RG3. Range
bars denote standard deviation ranges of ENS.
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CO2 signal from ENS–PIC (not shown). Since their differences
in T2m are not overall positive signals as INC–PIC case until the
fifth simulation day, it confirmed that about 125 ppm CO2 con-
centration differences (ENS–PIC) may not be enough to prom-
ise the statistically significant positive signals in the early period,
larger than the weather noises.

The local tendency patterns on 7 (Figs. 9d,e) and 8 February
(Figs. 9g,h) are investigated to understand the process differences

between simulations and reanalysis. The tendency patterns are
similar between ENS and ERA5 on the seventh. However, its at-
mospheric decomposition notably has hidden biases in advection
and diabatic, offsetting each other (Fig. 9b). The errors in fore-
cast ensembles grew on 8 February. The temperature tendency
over RG3 in reanalysis is slightly negative, while it in ENS is pos-
itive. We checked which factor explains the biased patterns over
tendency (Figs. 9f,i), affirming that the biases in meridional or

FIG. 7. (a) Solid (dashed) lines with colors indicate the GEV distribution for extreme events in RG1 based on the
51 ENS members (median values of 100000 bootstrapping samples) of the forecast (black) and CO2-perturbed experi-
ments (INC: red and PIC: blue). 90% confidence interval ranges of GEV distributions are estimated by the bootstrap
method and shown by shading area. Vertical dashed lines indicate the target extreme event levels. (b) Histograms for
the CO2 signal in extreme events over RG1. Samples are computed from the 51 paired ensemble sets of INC and
PIC (red) and ENS and PIC (black). (c)–(j) As in (a),(b), except for the different extreme events that occurred in
different periods and regions (RG2–RG5, Fig. 2).
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eastward wind speeds overRG3 inENS promote the wave prop-
agation phase faster than in reanalysis, bringing earlier TN in
some ensembles. This atmospheric weather bias limits the valid-
ity of the storyline framework application for the extreme events
over RG3.

As the bias and CO2 signal limit storyline application of
forecast ensembles, we numerically evaluate the appropriate
lead time for a forecast-based storyline approach. The size of
both noise in CO2 signal and bias in ENS over land area grow
with lead time increases, illustrating the low compatibility of
the storyline approach for the longer predictions (Fig. 10).
Thus, we consider two conditions to find the appropriate
dates of storyline approaches: 1) CO2-positive signal in a
grid is significant at the 10% confidence level among the en-
sembles and 2) bias size in grids is ,28C in an ensemble-
averaged sense. Figures 10a–f illustrate the patterns of CO2

signal and ENS bias from the ensembles initialized from
4 February. CO2-positive signals (INC–PIC) over RG1 and
RG3 are significant on the extreme event date (8 February),
as confirmed in Fig. 7, while the forecast ensemble bias over
RG3 limits the storyline approach applying for the TN ex-
tremes, as investigated in Fig. 9. As lead time increases, the
CO2 signals in grids grow, but contemporarily, the bias and
uncertainties among ensembles are much proliferated. By
comparing the ensembles with different initialization dates

(Fig. 10g), we confirmed the similar characteristics in forecast
ensembles regardless of their initial conditions. Although the
spatial patterns vary among forecast members, CO2 signal
(bias) conditions generally quantify at least 50% over the
land regions until the 110 (16) lead time. We further com-
pute the area where these two conditions qualified (Fig. 10h).
The storyline framework of the forecast system is capable
of about a half-land area within a week lead time earlier to
extreme event occurrence. Although the fraction fulfilling
both conditions is similar among the ensembles in different
initialization dates, showing consistency, the preinspection of
the model performance on the target extreme event is essen-
tial because the bias pattern varies. As much of the applicable
area is limited by the bias conditions (Fig. 10g), we stress that
the stabilized performances in the forecast model are essential
to lead the universal application of this framework.

4. Summary and discussion

The background warming from the rising CO2 concentra-
tion induces favorable conditions for warm extremes. How-
ever, the warming-driven melting of Arctic ice weakens the
polar vortex. It perturbs the position of the polar jet, resulting
in drastic variation in midlatitude winter weather (Overland
et al. 2021; Cohen et al. 2021) interacting with different phases

TABLE 3. GEV parameter sets for the regionally averaged TX and TN in February 2019 extreme events. The type of extreme
event is described in parentheses. GEV is fitted from the 51 ensemble members of each initialization group within a week before the
peak extreme day. The initialization date and peak date of the extreme for each event are shown in parentheses.

GEV parameters (extreme events)

Location (m, 8C) Scale (s, 8C) Shape (j)

INC ENS PIC INC ENS PIC INC ENS PIC

RG1 (heatwave) (4 Feb 2019 | 8 Feb 2019) 22.70 22.75 22.85 1.01 1.01 1.03 0.23 0.24 0.24
RG2 (heatwave) (23 Feb 2019 | 26 Feb 2019) 215.25 215.31 215.51 0.80 0.84 0.83 0.29 0.27 0.29
RG3 (cold spell) (4 Feb 2019 | 8 Feb 2019) 229.07 229.61 229.57 0.54 0.59 0.52 0.02 0.00 0.01
RG4 (heatwave) (11 Feb 2019 | 16 Feb 2019) 20.33 20.31 19.95 0.70 0.73 0.70 0.61 0.63 0.56
RG5 (heatwave) (17 Feb 2019 | 23 Feb 2019) 21.97 21.82 21.76 0.28 0.31 0.29 0.60 0.49 0.47

FIG. 8. (a)–(e) Boxplots of the risk ratios using two sets of attributions in probabilistic: ENS versus PIC (black) and
INC versus PIC (red) as the factual versus counterfactual conditions over five extreme events. Shading (black solid
lines) indicates 90% confidence interval (median) values from bootstrapped GEV samples in Fig. 7.
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of natural variability (Yang et al. 2018; Soulard et al. 2019).
As a result, the observed cold extreme trend characteristics
over Central America are insignificant for the recent periods
associated with unapprehensive dynamics in Arctic amplifica-
tion (Cohen et al. 2023). Accordingly, the highly ranked po-
larized extremes have occurred frequently: the heatwaves
(e.g., over the Southeast part of North America in February 2023,
Erdman 2023) as well as the cold spells (e.g., over the south-
central part of North America in February 2021, Cohen et al.
2021; NOAA 2021; Hsu et al. 2022). Notably, February 2019
has the opposite phase in two natural variability indices

(Niño-3.4: 0.68 and PNA: 21.97), which is an exceptional
case considering the significant positive correlation between
them (e.g., Soulard et al. 2019). With these anomalous back-
grounds, the warm and cold opposing extreme events con-
temporarily happened over North America in February 2019
(Fig. 1). The core synoptic weather systems or interannual vari-
ability effectively vary the daily temperature apart from its cli-
matological mean state ranging from 4.98 to 19.78C (Fig. 2 and
Table 1), causing the severe drop (RG3) or rise in temperature
(RG1, RG2, RG4, and RG5). The analysis of the atmospheric
temperature tendency quantified the size of contributions to the

FIG. 9. (a) Time series of T2m and TAtm in the cold spell period over RG3 from ERA5 (black) and 51 members of ENS initiated from
4 Feb 2019 (green and khaki). The 8th is highlighted by the vertical thick line when most TN events occurred. (b) Bias in ENS, INC, and
PIC results in different variables on the 7th. (c) As in (b), except for 8 Feb. (d) TAtm Tend patterns for the 7th case from ERA5. Contours
denote the complex topography around RG3 ranging from (light gray) 500 m to (black) 1500 m with every 250-m intervals with contrasts.
(e) As in (d), except for the data from the ensemble-averaged results of ENS. (f) Scatterplots for the meridional wind and Tend for the
seventh case. The correlation coefficient between them is shown, and the 1% significance level is marked by an asterisk after its number
(*). (g),(h) As in (d),(e), except for the event of 8 Feb. (i) As in (f), except for the zonal wind and Tend for the eighth case.
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extreme events, where the regions are affected dramatically
by abnormal atmospheric synoptic weather (RG2 and RG4)
or not (RG1, RG3, and RG5). The relative contribution size
of adiabatic, diabatic, and advection in our results in Euler-
ian perspective is analogous to the results in previous stud-
ies based on the Lagrangian perspective (Röthlisberger and
Papritz 2023a,b).

We analyzed the atmospheric CO2 attribution in each tar-
get extreme event based on the operational forecast model,
ECWMF IFS, simulations by perturbing CO2 concentration
settings (Leach et al. 2021). As reported in the global climate
model study (Dong et al. 2009), the changes in atmospheric
CO2 level lead to surface and troposphere warming but
stratosphere cooling in forecast simulations. Although our
experiments do not resolve any effects of human-induced
changes in ocean conditions, perturbed CO2 experiments illu-
minate increases in CO2, causing a higher (lower) chance
for warm (cold) extremes. The extremes in low latitudes
(RG4 and RG5) show statistically significant results. In con-
trast, those in high latitudes show insignificance in magnitude
or large uncertainties. We state two reasons for the difference
in probability risk in regions. First, larger daily T2m variability
in high latitudes (Figs. 5 and 7 and Table 3) likely inhibits the
statistical significance of the CO2 signal, which is less than a

degree Celsius. Second, the atmospheric process inducing pos-
itive CO2 signals differs on regional scales (Figs. 7 and 10),
further complicating how an increase in CO2 concentration
changes the weather in extreme days. The CO2 signals of two
different estimations (INC–PIC and ENS–PIC) are similar ex-
cept for the case of RG3. We have checked the CO2 signals
from ENS–PIC as in Fig. 10 (not shown) and confirmed the
ambiguous CO2 signals in simulation days of one and four,
showing significant CO2-positive signals over less than half of
the land area. Our experiment reveals that the early radiative
energy disturbance may not promise linear-like clear signals
(e.g., Cubasch et al. 2001) in regional patterns. INC–PIC
set may show the clearer signal even because the concentra-
tion differences are much larger (315 ppm) than ENS–PIC
(125 ppm). Regardless of constraints in dynamical weather
systems, uncertainties remained in our results pending the dis-
cernible noise size of the CO2 signal after seven simulation
days and growing sizes in forecast errors, as confirmed by a
previous study (Leach et al. 2021). Based on our findings, we
suggest qualification guidelines for the storyline approach
with forecast ensembles (Fig. 10). As the capable area de-
creases as simulation time increases, we recommend forecast-
based storyline attribution studies to investigate extreme
events within 6 days of forecast lead time to secure

FIG. 10. (a)–(c) CO2 signals from INC and PIC, which were initiated on 4 Feb 2019 with different lead times (15D, 19D, and 113D).
Stipples in grids indicate a statistically significant positive signal at the 10% confidence level. (d)–(f) As in (a)–(c), except for the bias in
ENS relative to ERA5. Hatches indicate the absolute size of bias is larger than 28C. (g) Land area fraction fulfilling the condition of CO2

signals (SIG: solid lines) or bias size (BIAS: dashed lines) with different lead times. Colors denote the ENS with different initialization
dates. (h) As in (g), except for the area fraction fulfilling both conditions simultaneously.
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performance in the atmospheric process and significant posi-
tive CO2 signal together.

Our forecast-based attribution experiments have merits in
perturbing forcing conditions and conditioning the dynamical
noise size in the operation forecast model, which is the most
reliable numerical simulation for the ongoing phenomena.
However, our findings have several caveats. Since human-
induced warming over the ocean can change global surface
temperature much more than concentrations only (e.g., Dong
et al. 2009), the additional ECMWF forecast experiments re-
flecting counterfactual ocean conditions are a compelling
topic for the subsequent study. Spectral nudging technology is
a potentially considerable option to promise better results in
a much longer lead time in order to constrain the uncertainty
and error sizes in forecasting (Hitchcock et al. 2022). Since
CO2 responses are determined by Earth systems’ climate sen-
sitivities (e.g., Lee et al. 2023b; Song et al. 2023), a single type
of model with large ensembles may have a systematic bias to
quantify the size of attribution. Like other attribution studies
(e.g., Philip et al. 2020), future studies of multiforecast
model–based assessment are required. We focused on the at-
mospheric process in our analysis, but it is noteworthy that
the potential importance of ocean and soil conditions reinfor-
ces the extreme events. As Yoon et al. (2024) quantify these
contribution sizes based on the series of model sensitivity sim-
ulations with different conditions, the additional forecast
model experiments with the combinations of various bound-
ary conditions are worth it as a future challenging topic.

Nonetheless of our caveats, due to the scarcity of previous
studies focusing on storyline attribution, we highlight that our
discoveries enhance the overall understanding of human-
driven forcing effects on the extreme events with a medium-
range operation forecast model. Our findings reaffirm general
information on CO2-perturbing effects on the globe and re-
gion on a monthly scale and provide the scientific guidance
for application of forecast-based ensembles in storyline attri-
bution study. As the additional CO2 provokes a more favor-
able environment for the February 2019 severe heatwave
occurrences over Europe (Leach et al. 2021), North America
(Figs. 7 and 8), and the globe (Figs. 3 and 4), we argue that
early fulfillment of CO2 net-zero emissions eventually inhibits
record-shattering warm extreme occurrences in the world.
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