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A B S T R A C T

Extreme El Niño events entail important socio-economic challenges, both in regions such as South America directly affected by their impacts and in regions around
the world that are influenced by the associated teleconnections. Uncertainty remains about the ability of recent climate models to reproduce the characteristics and
impacts of extreme El Niño events. In this study, we evaluate the ability of 32 CMIP6 models to simulate extreme El Niño events, focusing on their occurrence, their
seasonal evolution, and the characteristics of the associated atmospheric moisture flux divergence. Our results reveal the reasonable performance of the CMIP6
ensemble in reproducing the observed anomalies and seasonal cycles of extreme El Niño events. The ensemble mean also captures the average temporal evolution and
magnitudes of moisture flux anomalies, but fails to reproduce some important aspects of the associated spatial patterns. Most individual models have marked de-
ficiencies in adequately simulating the seasonal cycle of atmospheric moisture flux divergence dynamics and reproducing a clear distinction between moderate and
extreme events. The latter indicates that the atmospheric–ocean coupling and resulting precipitation anomaly patterns over Ecuador and northern Peru are still not
correctly reproduced by the individual models. These deficiencies echo previous studies and underscore the limitations of current global climate models in providing
reliable insights into the impacts of climate change on El Niño extremes and their consequences for regional atmospheric dynamics and precipitation. This work
highlights the need for further research to improve model representations of extreme El Niño events and their associated impacts on vulnerable regions, thereby
facilitating more effective risk management and adaptation measures.

1. Introduction

The El Niño-Southern Oscillation (ENSO)––the major ocean-
atmosphere coupled mode of interannual climate variability (Bjerknes,
1969; Neelin et al., 1998; Battisti and Hirst, 1989)—is associated with
large-scale atmospheric variability that affects weather and climate
worldwide (Rasmusson and Carpenter, 1982; Ropelewski and Halpert,
1987; Kiladis and Diaz, 1989; Hoerling et al., 1997; Davey et al., 2014).
In the tropics, ENSO affects the Walker circulation (Bjerknes, 1966,
1969) and reorders the hydrological cycle, with implications for the
precipitation regime over the east-central tropical Pacific (Peixoto and
Oort, 1992; Trenberth et al., 2002) and the globe (Capotondi and Co-
authors, 2015; Kim et al., 2015). The positive sea surface temperature
(SST) anomaly during El Niño, the warm phase of ENSO, favors

conditions for the initiation of atmospheric moisture convergence over
the western tropical Pacific Ocean and propagation of the convergence
belt eastward along the central-eastern Pacific (Wang, 2000; Paixao
Veiga et al., 2005; Boers et al., 2014; Xu et al., 2015).

The dynamics of an El Niño event is controlled by the evolution of the
SST anomaly (Chen and Jin, 2022) and spans 2–3 years. The growth
phase starts during the boreal summer and autumn of the first year
(Vimont et al., 2022) and ends toward the end of the year (Rasmusson
and Carpenter, 1982; Wallace et al., 1998; Larkin and Harrison, 2002),
followed by a rapid decay phase during boreal winter and spring of the
following year (Lengaigne and Vecchi, 2010; Song et al., 2020).

El Niño events considerably differ in their intensity. The events that
occurred in 1972/1973, 1982/1983, 1997/1998, and 2015/2016 stand
out for their extreme magnitude and are therefore termed super (Hong
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et al., 2014; Hameed et al., 2018) or extreme (Sanabria et al., 2018;
Hameed et al., 2018; Dewitte and Takahashi, 2019) El Niño events. They
were characterized by comparably large amplitudes in the Niño 3.4
region (central to eastern equatorial Pacific: 5◦S to 5◦N, 170◦W to
120◦W), strong eastern-Pacific warming, strong atmospheric coupling
(Santoso et al., 2017; Chen et al., 2017; Dewitte and Takahashi, 2019),
and distinct patterns of the atmospheric moisture flux divergence (Xu
et al., 2015). These conditions caused heavy rainfall along the western
Pacific slopes of the Tropical Andes (Sanabria et al., 2018, 2019; Thielen
et al., 2023), but rainfall deficits along the Amazonian side of the Andes
in southern Peru (Sulca et al., 2018; Sanabria et al., 2019; Humane-
s-Fuente et al., 2020). Anomalous rainfall conditions entailed by these
extreme El Niño events were also observed in other South American
regions but with specificities depending on the event (Cai et al., 2020).

The ability to simulate El Niño extremes is of great socio-economic
importance, particularly in South American countries that are directly
exposed to anomalous ENSO dynamics (Cai et al., 2020), but more
generally in countries around the world influenced by global El Niño
teleconnections (e.g., King et al., 2020; McKenna et al., 2020). In Peru,
for instance, the Pacific watershed is home to 30% of the country’s
population, major agro-industries producing goods for export, and
important water reservoirs. On the other side of the country, the Amazon
watershed provides livelihood for most residents of the area via food
security crops, hydroelectric dams, and mining. Therefore, any change
in the meteorological impacts of extreme El Niño events in these two
core areas of Peru can have severe economic impacts.

Given the implications of extreme El Niño events for South American
countries and globally, there is much interest in understanding how
global warming can affect their occurrence and properties. Uncertainties
in current projections of ENSO response to global warming (Latif and
Keenlyside, 2009) are considerable, and ultimately, the possibility of
developing future scenarios for extreme El Niño events depends on the
ability of global climate models (GCMs) to capture their essential fea-
tures. Some studies have found that tropical Pacific seasonality (Hou and
Tang, 2022) and ENSO teleconnections (Planton et al., 2021) are
simulated in a satisfactory manner in coupled global climate models.
With respect to the GCMs participating in the various phases of the
Coupled Model Intercomparison Project (CMIP), Hou and Tang (2022),
Liao et al., 2021, and Chen et al. (2017) found deficiencies in relation to
the representation of the 4–7 year periodicity of the ENSO, the strength
of El Niño and La Niña events, and the seasonal evolution of these
events. Progress in the simulation of ENSO has nevertheless been seen
during the fifth evaluation phase (CMIP5) (e.g., Guilyardi et al., 2012) as
well as during the sixth evaluation phase (CMIP6) (Hou and Tang, 2022;
Planton et al., 2021). Whether the models participating in CMIP6 are
better than their predecessors that participated in CMIP 5 remains an
open question (De Silva et al., 2023).

The overarching aim of this study is to assess the ability of the CMIP6
model ensemble (32 members) to reproduce the observed characteristics
of extreme El Niño events in both the oceanic and atmospheric domains.
We analyze the magnitude, seasonal cycle and spatial patterns of
extreme El Niño events and compare these characteristics with moderate
events. We begin by determining statistical thresholds for the separation
of extreme and moderate El Niño events based on the relative Niño-3.4
index (herein denoted as rENSOi). The rENSOi was introduced by van
Oldenborgh et al. (2021) to overcome the sensitivity of other indices
commonly used to track the evolution of the ENSO phenomenon
(Trenberth, 2020) with respect to global warming. Given the robustness
of the index, we consider the detection of extreme El Niño events based
on the rENSOi an interesting alternative to the calculation of the EOF
modes from monthly SST anomalies (Takahashi et al., 2011) or the
classification of El Niño evients based on boreal winter rainfall in the
Niño 3 region (Cai et al., 2014, 2015).

We then examine the ability of the models to reproduce the gap
between the joint probability densities of the peaks of the rENSOi and
the divergence of the atmospheric moisture flux during both extreme

and moderate events. Further, we assess the magnitude and seasonal
cycle of extreme El Niño events by contrasting the time series of the
rENSOi and the moisture flux divergence over the tropical Pacific as
simulated by the selected 32 CMIP6 models by comparison with the
observational benchmark.

Finally, we examine the ability of the selected GCMs to reproduce the
spatio-temporal properties of the atmospheric moisture flux divergence
over the central-eastern tropical Pacific during the detected extreme El
Niño events. We consider the moisture flux divergence to be a measure
of the atmospheric coupling with SST and a precursor of anomalous
precipitation over Ecuador and northern Peru. To assess the capacity of
the CMIP6 ensemble to capture the specific characteristics of extreme El
Niño events, the properties of the events are further compared to mod-
erate El Niño events in models and observations.

2. Data and methods

2.1. Monthly fields from HadlSST, ERA5 and CMIP6

We obtained monthly sea-surface temperature (SST) observations
spanning the years 1901–2019 from the Met Office Hadley Centre’s sea
ice and sea-surface temperature dataset (HadISST) (Rayner et al., 2003).
The data have a spatial resolution of 1◦ × 1◦. To estimate the atmo-
spheric moisture flux divergence, we employed monthly fields of verti-
cally integrated eastward and northward water vapor fluxes covering
the period 1950 to 2019. The data were extracted from the fifth gen-
eration European Centre for Medium-Range Weather Forecasts
(ECMWF) reanalysis for the global climate and weather (ERA5) (Bell
et al., 2021), as available in the Copernicus Climate Change Service
(C3S) data repository (C3S, 2017). The data are provided on a longi-
tude/latitude grid with a spatial resolution of 0.5◦ × 0.5◦ and 19 pres-
sure levels with a vertical coverage ranging from 1 000 hPa to 1 hPa.

With respect to CMIP6, SST, wind and specific humidity data were
extracted from the Earth System Grid Federation (ESGF) CMIP6 re-
pository (Balaji et al., 2018), which was accessed from the following
URL: https://esgf-node.ipsl.upmc.fr/projects/cmip6-ipsl/. The data are
from the first realization of the historical simulation (r1i1p1) (Eyring
et al., 2016). We used all models with 19 vertical pressure levels avail-
able from the surface to 0.01 hPa to be able to consistently calculate the
vertically integrated moisture flux. This results in a total of 32 GCMs
(Table 1), including those with good overall performance in atmospheric
moisture balance (Watterson et al., 2021).

2.2. Relative Niño-3.4 index (rENSOi)

The rENSOi was introduced by van Oldenborgh et al. (2021) to
monitor the evolution of the El Niño-Southern Oscillation while avoid-
ing sensitivity to global warming. It is defined as the difference between
the Niño 3.4 SST anomaly (5◦N–5◦S, 120◦W–170◦W; cf. Fig. 1) and the
SST anomaly over all tropical oceans (20◦ S–20◦ N). The rENSOi is well
suited to describe the influence of SST on large-scale atmosphere cir-
culation, particularly the upper-tropospheric temperature, and provides
a robust view of ENSO teleconnections (Oldenborgh et al., 2021;
Johnson and Kosaka, 2016). In addition, rENSOi has the advantage of
being less sensitive with respect to biases in the SST fields compared to
other ENSO indices, such as Niño 3.4, NOAA-ONI, or the E and C index
(van Oldenborgh et al., 2021). The rENSOi is also well suited for
real-time monitoring and forecasting, and its strength in this respect has
recently been confirmed by the analysis of L’Heureux et al. (2024).

We computed a reference time series of rENSOi using the HadlSST
monthly fields. In addition, we evaluated the rENSOi for all 32 CMIP6
models included in our study using the corresponding monthly SST
fields.

J. Sanabria et al. Weather and Climate Extremes 47 (2025) 100746 

2 

https://esgf-node.ipsl.upmc.fr/projects/cmip6-ipsl/


2.3. Detection of extreme and moderate El Niño events

It has become common practice to classify El Niño events either
through the use of leading EOFs modes of the SST in the tropical Pacific
(Takahashi et al., 2011), or with regard to the average rainfall (5 mm
d− 1) during the months of December through February in the Niño 3
region (Cai et al., 2014, 2015). Although attractive for its simplicity, the
use of absolute thresholds in connection with the evaluation of climate
model results is problematic because it assumes that the model outputs
are unbiased. This is normally not the case. To illustrate this problem,
we show boxplots of the atmospheric moisture flux divergence (mean for
DJF) from ERA5 and the 32 CMIP6 models (Fig. 2). The modeled dis-
tributions depart considerably from the observed distributions and differ
from each other, especially over the negative divergence (i.e., conver-
gence) values of interest for the characterization of extreme El Niño
events. The use of a divergence threshold of − 2mm d− 1 analogous to the
5 mm d− 1 used by Cai et al. (2014, 2015) for precipitation, would allow
for identifying the extreme events of 1982/1983, 1997/1998 and
2015/2016 (Fig. 3). However, application of this threshold to the time
series of the spatially integrated divergence from CMIP6 would lead to
an erroneous number of extreme events for many of the models, from
zero in fivemodels to more than ten extreme El Niño events in nine other
models.

For this reason, we opted for a statistical definition of extreme El
Niño events based on a percentile threshold for the rENSOi, which is
directly applicable to instrumental records and GCM outputs without
bias correction. The detection procedure involves the following steps:
(a) divide the rENSOi time series into consecutive 12-month periods
spanning October to September (of the following calendar year); (b) for
each 12-month period, evaluate the maximum or peak value of the
rENSOi (the peak is usually attained between November and February);
(c) determine the percentile that elects the known extreme events in the
instrumental record (Sanabria et al., 2018; Hameed et al., 2018; Dewitte
and Takahashi, 2019), that is, 1972/1973, 1982/1983, 1997/1998 (if
the HadISST time series is truncated in 2014 for the sake of consistency
with the time range of the CMIP6 ensemble), and 2015/2016; and (d)
use this same percentile to single out extreme El Niño events in the
rENSOi time series from CMIP6.

This analysis of the observational rENSOi series suggested that
extreme El Niño events are those that exceeded the 98th percentile.
Accordingly, to identify extreme El Niño events in the CMIP6models, we
selected those events from each individual simulation that exceed the
98th percentile of the simulation’s rENSOi time series. As the rENSOi
records from CMIP6 consist of 114 entries (years), this implies that two
to three events per record are identified per model. A similar procedure
was applied to detect moderate El Niño events. Based on the literature,
we decided to define moderate events as those classified as Central-
Pacific (CP) by Yu and Kim (2013). We then determined the percen-
tiles that would single out the same events in the historical series of the
rENSOi (which were ultimately the 60th and 80th percentiles) and
applied them to determine moderate events in the CMIP6 records.

2.4. Atmospheric moisture flux divergence

We evaluated the atmospheric moisture flux divergence, ∇ • Q→, as:

∇ • Q→≡ ∇ •

⎛

⎝
∫1hPa

1000 hPa

v→ q
dp
g

⎞

⎠ (1)

where q is the specific humidity, v→= (u, v) the (horizontal) wind vector
on a pressure surface, g is the acceleration due to gravity, and p denotes
atmospheric pressure. The divergence of the vertically integrated
moisture flux is a good proxy for the difference between evaporation and
precipitation at the surface, E − P, because for a column extending in the
vertical from the surface to the top of the atmosphere the water balance

Table 1
CMIP6 Models used in this study. In addition to the model names and in-
stitutions, the table provides information about the horizontal resolution of the
oceanic and atmospheric components of the models, and the number of vertical
atmospheric levels.

Model Institution Atmospheric
grid

Oceanic
grid

Pressure
Levels

(lat. x lon. in degrees)

ACCESS-
CM2

CSIRO-ARCCSS,
Australia

1.25◦ ×

1.875◦
1◦ × 1◦ 19

ACCESS-
ESM1-5

CSIRO, Australia 1.25◦ ×

1.875◦
1◦ × 1◦ 19

AWI-CM-1-
1-MR

AWI, Germany 0.9◦ × 0.9◦ 0.938◦ ×

0.938◦
19

BCC-CSM2-
MR

BCC, China 1.1◦ × 1.1◦ 1◦ × 1◦ 19

CAMS-
CSM1-0

CAMS, China 1.1◦ × 1.1◦ 1◦ × 1◦ 19

CanESM5 Canadian Centre for
Climate Modelling
and Analysis, Canada

2.8◦ × 2.8◦ 1◦ × 1◦ 19

CESM2 NCAR, USA 0.94◦ × 1.25◦ 1◦ × 1◦ 19
CESM2-
WACCM

NCAR, USA 0.94◦ × 1.25◦ 1◦ × 1◦ 19

CIESM Tsinghua University,
China

1◦ × 1◦ 0.9◦ ×

1.3◦

19

CMCC-
ESM2

CMCC, Italy 1.9◦ × 2.8◦ 0.9◦ ×

1.25◦

19

CNRM-CM6-
1-HR

CNRM, France 0.5◦ × 0.5◦  19

CNRM-CM6-
1

CNRM, France 1.4◦ × 1.4◦ 1◦ × 1◦ 19

CNRM-
ESM2-1

CNRM, France 1◦ × 1◦ 1◦ × 1◦ 19

EC-Earth3-
CC

EC–EARTH
consortium/Europe

1◦ × 1◦ 1◦ × 1◦ 19

FGOALS-f3-
L

Chinese Academy of
Sciences/China

1◦ × 1◦ 1◦ × 1.3◦ 19

FIO-ESM-2-
0

FIO QLNM, China 0.27◦-0.54◦ ×

1.1◦

1.25◦ ×

0.9◦

19

GFDL-CM4 GFDL, USA 1◦ × 1.25◦ 0.25◦ ×

0.25◦

19

GFDL-ESM4 GFDL, USA 1◦ × 1.25◦ 0.5◦ ×

0.5◦

19

GISS-E2-1-G GISS, New York, USA 1.25◦ × 1◦ 1.25◦ ×

1◦

19

HadGEM3-
GC31-LL

MOHC NERC, Hadley
Centre, UK

1.25◦ ×

1.875◦
1◦ × 1◦ 19

HadGEM3-
GC31-MM

MOHC, Hadley
Centre, UK

0.55◦ × 0.83◦ 0.25◦ ×

0.25◦

19

IITM-ESM CCCR-IITM, Indian 0.5◦ × 0.1◦ 1.875◦ ×

1.9◦

19

INM-CM5-0 INM, Rusia 1.5◦ × 2◦ 0.5◦ ×

0.25◦

19

IPSL-CM6A-
LR

IPSL, France 1.3◦ × 2.5◦ 1◦ × 1◦ 19

MCM-UA-1-
0

University of Arizona,
USA

2◦ × 2◦ 2◦ × 2◦ 19

MIROC-
ES2L

MIROC, Japan 2.8◦ × 2.8◦ 1◦ × 1◦ 19

MIROC6 CCSR, Japan 1.4◦ × 1.4◦ 1◦ × 1◦ 19
MPI-ESM1-
2-HR

MPI, Germany 0.9375◦ ×

0.9375◦

0.4◦ ×

0.4◦

19

MRI-ESM2-0 MRI, Japan 1.125◦ ×

1.125◦
1.0◦ ×

0.5◦

19

NESM3 Naijing, University of
information Science
and Technology/
China

1.9◦ × 1.9◦ 1◦ × 1◦ 19

NorESM2-
MM

Norwegian Climate
Centre, Norway

1.9◦ × 2.5◦ 1◦ × 1◦ 19

UKESM1-0-
LL

Earth System Model,
United Kingdom

1.25◦ ×

1.875◦
1◦ × 1◦ 19
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equation reads:

∂
∂t W+∇ • Q→≈∇ • Q→≡E − P (2)

where ∂W/∂t is the rate of change of precipitable water, a term that can
be neglected if the time scales considered are long (monthly or longer).

The divergence, ∇ • Q→, was initially evaluated on a grid-point basis
(ERA5 or model grid). However, in order to relate the moisture flux
divergence to rENSOi, a spatially integral index, we integrated ∇ • Q→

over the central-eastern tropical Pacific area that extends from 170◦W to
80◦W in longitude and from 8◦N to 8◦S in latitude (Fig. 1). This area
exhibits active temperature changes and is warmer than average, which

Fig. 1. Geographic map of the study region showing the Niño 3.4 region (red rectangle), as well as the region used to calculate the integrated Atmospheric moisture
flux divergence (blue rectangle). The background field shows the ERA 5 moisture flux divergence field during DJF averaged over the period 2015–2016.

Fig. 2. Distribution of the spatially integrated, DJF-mean moisture flux divergence (area of integration as shown in Fig. 1) in the observations (ERA5, boxplot on the
left in gold) and the 32 CMIP6 models (gray boxplots) over the available years.
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give rise to convective processes during extreme El Niño.

2.5. Evaluation of model performance

To evaluate the performance of the models with regard to the sea-
sonal evolution of El Niño extremes, we analyzed the time series rENSOi
and ∇ • Q→ aligned over a 24-month period starting in January prior to
the DJF season identified as peak year (e.g., January 1972 to December
1973 for the 1972/1973 extreme event). First, the 24-month time series
of all extreme events in each dataset (observations and models) were
averaged to assess the general characteristics of the evolution of extreme
El Niño events. For each model simulation the correlation with obser-
vations, the root mean square difference (RMSD) and the standard de-
viation were calculated and plotted in a Taylor diagram. Second, we
calculated a range of measures to assess the performance of the models
as an ensemble. These measures include the timing of peak value within
the 24-month cycle, the amplitude of the peak averaged across all
extreme events, the range of the peak values across all extreme events,
the number of months in which the average time series across all
extreme events is outside the range of moderate events, and the differ-
ence between extreme and moderate events with respect to the average
peak value of either the rENSOi or the moisture flux divergence.

3. Results

3.1. Occurrence of extreme El Niño events

As shown in Fig. S1 (top left), the four extreme El Niño events single
out in the observational time series of rENSOi were, by construction,
1972/1973, 1982/1983, 1997/1998, and 2015/2016. All four events
occurred in the second half of the historical record (1901–2019), and all
of them were found to reach their maximum magnitude from November
to January of the following year (cf. Table 2 and Fig. 5a, later). The
extreme events were also striking in terms of moisture flux divergence
(Fig. S1, top right), with average values around − 4 mm d− 1 compared to
an average of − 1 mm d− 1 for the moderate events.

Concerning the occurrence of extreme El Niño events in CMIP6,
Fig. S1 shows that, contrary to the observational data, not all of the two
to three detected extreme El Niño events occurred during the second half
of the investigated time span. Rather they were distributed across the
entire period (cf. also Table 2). In this context it is important to stress
that the years in the model outputs do not necessarily correspond to true
calendar years, because the model runs, once started, are unconstrained

Fig. 3. Evolution of the spatially integrated monthly moisture flux divergence
(area of integration as shown in Fig. 1) as evaluated based on ERA5, covering
1950–2019. The horizontal dashed line indicates a possible threshold for
detecting extreme El Niño events (1982/1983, 1997/1998 and 2015/2016).

Table 2
Identified extreme El Niño events in the observational dataset (HadISST and
ERA5; boldface) and the output of the 32 selected CMIP6 models, and month of
the peak relative ENSO index, and the minimum aggregated moisture flux
divergence, respectively. Both peak months refer to the 24-month interval of the
El Niño cycle. Month 1 corresponds to January of the first year and month 13
corresponds to January of the second year and so on.

Dataset Extreme El
Niño events
(start/end
year)

Total
number of
extreme
events

Peak
month of
the
relative
ENSO
index

Peak month of
the atmospheric
moisture flux
divergence

HadISST
ERA5

1972/1973,
1982/1983,
1997/1998,
2015/2016

4  12, 13, 13,
11

13, 13, 13, 12

ACCESS-
CM2

1972/1973,
1985/1986,
2011/2012

3  12, 10, 11 12, 12, 12

ACCESS-
ESM1-5

1923/1924,
1972/1973,
2001/2002

3  13, 16, 13 10, 17, 2

AWI-CM-1-
1-MR

1910/1911,
1923/1924,
1969/1970

3  1,3 12, 13 14, 11, 12

BCC-CSM2-
MR

1932/1933,
1943/1944

2  9, 10 11, 11

CAMS-
CSM1-0

1945/1946,
1953/1954

2  10, 10 14, 11

CanESM5 1948/1949,
1973/1974,
2009/2010

3  11, 12, 14 12, 12, 16

CESM2-
WACCM

1903/1904,
1935/1936

2  12, 11 13, 13

CESM2 1910/1911,
1934/1935,
1945/1946

3  12, 12, 12 12, 13, 14

CIESM 1960/1961,
1976/1977,
1990/1991

3  14, 12, 11 14, 13, 13

CMCC-
ESM2

1912/1913,
1931/1932

2  11, 10 12, 12

CNRM-
CM6-1-
HR

1919/1920,
1928/1929,
2009/2010

3  12, 13, 12 12, 17, 13

CNRM-
CM6-1

1957/1958,
2000/2001

2  12, 12 14, 13

CNRM-
ESM2-1

1903/1904,
1937/1938,
1954/1955

3  12, 12,12 13, 3, 14

EC-Earth3-
CC

1910/1911,
1982/1983,
1988/1989

3  12, 12, 13 13, 15,15

FGOALS-f3-
L

1925/1926,
1939/1940,
2004/2005

3  9, 10, 10 8, 1,3 14

FIO-ESM-2-
0

1960/1961,
2000/2001

2  12, 11 13, 13

GFDL-CM4 1948/1949,
1970/1971,
1986/1987

3  11, 11, 11 12, 13, 14

GFDL-
ESM4

1981/1982,
2012/2013

2  11, 12 12, 14

GISS-E2-1-
G

1946/1947,
1960/1961,
2001/2002

3  8, 9, 9 1,2 13, 12

HadGEM3-
GC31-LL

1923/1924,
1940/1941

2  12, 8 15, 7

HadGEM3-
GC31-
MM

1917/1918,
1924/1925

2  12, 11 13, 12

IITM-ESM 1931/1932,
1940/1941

2  10, 11 15, 15

INM-CM5-0 1946/1947,
1983/1984,
2002/2004

3  8, 9, 13 6, 8, 15

(continued on next page)
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by observations. One model, MIROC-ES2L, further highlighted an
extremely regular ENSO cycle, without an indication that extreme El
Niño events would differ significantly from other El Niño events in terms
of the rENSOi. For many of the models, extreme El Niño events were also
clearly distinct from the moderate events with respect to the moisture

flux divergence (more than − 2 mm d− 1 lower). Some models show a
reduced difference between extreme and moderate∇ • Q→ events, which
mostly corresponds to a reduced difference between extreme and
moderate rENSOi. In a few models, there was no clear difference at all
between extreme and moderate events as for the divergence.

There was also considerable variability concerning the timing of the
peak value (maximum magnitude) of the extreme El Niño events
(Table 2). Some models simulated this timing up to six months earlier
(BCC-CSM2-MR, CAMS-CSM1-0, FGOALS-f3-L, GISS-E2-1-G, HadGEM3-
GC31-LL, INM-CM5-0, MCM-UA-1-0 and MIROC6) or later (ACCESS-
ESM1-5, CanESM5, CIESM, MPI-ESM1-2-HR, MRI-ESM2-0 and
UKESM1-0-LL) than in the observational data (November to January).

As revealed by Fig. S1, the peak value of observed atmospheric
moisture flux divergence during extreme El Niño events, occurred, on
average, 0 or 1 months after the oceanic peak. In CMIP6, the timing of
the ∇ • Q→ peaks also show considerable variability. Some models
simulated it up to five months earlier (ACCESS-ESM1-5, FGOALS-f3-L,
HadGEM3-GC31-LL, INM-CM5-0, and MCM-UA-1-0) or four months
after the observed peak (ACCESS-ESM1-5, CanESM5, CNRM-CM6-1-HR,
EC-Earth3-CC, HadGEM3-GC31-LL, IITM-ESM, INM-CM5-0, IPSL-
CM6A-LR, MIROC-ES2L, MPI-ESM1-2-HR, MRI-ESM2-0, NESM3, and
UKESM1-0-LL; Table 2).

3.2. Overall performance of the CMIP6 models

For a general impression of the performance of the CMIP6 models
with respect to the representation of extreme El Niño events, Taylor
diagrams are presented in Fig. 4 for both the oceanic and the atmo-
spheric components. The diagrams report statistics computed by
comparing the mean evolution of extreme El Niño events over a 24-
month period (average evolution over all events) in the observations

Table 2 (continued )

Dataset Extreme El
Niño events
(start/end
year)

Total
number of
extreme
events

Peak
month of
the
relative
ENSO
index

Peak month of
the atmospheric
moisture flux
divergence

IPSL-
CM6A-LR

1988/1989,
2009/2010

2  12, 12 15, 12

MCM-UA-
1-0

1922/1923,
1998/1999

2  11, 9 11, 8

MIROC-
ES2L

1911/1912,
1990/1991,
2004/2005

3  13, 1,2 12 15, 13, 13

MIROC6 1962/1963,
2008/2009

2  11, 10 14, 12

MPI-ESM1-
2-HR

1935/1936,
1985/1986,
2000/2001

3  17, 14, 17 17, 17 17

MRI-ESM2-
0

1922/1923,
1954/1955,
2000/2001

3  11, 16, 13 12, 15, 14

NESM3 1934/1935,
1964/1965

2  12, 11 15, 12

NorESM2-
MM

1962/1963,
2008/2009

2  11, 12 13, 14

UKESM1-0-
LL

1929/1930,
1935/1936,
1965/1966

3  13, 12, 12 16, 13, 12

Fig. 4. Taylor diagrams showing the correlation between observations and models, the standard deviation and the root mean square difference (RMSD) between
observations and models. Values are shown for the average 24-month time series across all extreme El Niño events for each dataset. a) relative ENSO index (rENSOi).
b) Moisture flux divergence. The black filled circle shows the multi-model mean.
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and the individual models. Specifically, the Taylor diagrams display
correlation with the observed values, RMSD between observed and
simulated values, and standard deviation of the rENSOi (Fig. 4a) and ∇

•Q→ (Fig. 4b).
Correlations were relatively high for most models, with 24 out of the

32 simulations showing a value above 0.9. Similarly, RMSD was below
0.4 for 16 models, indicating that, on average, the simulated extreme
events followed the observed temporal SST evolution comparatively
well. Standard deviations were larger than the observed values for the
majority (19) of the models, revealing either larger peaks or stronger
fluctuations during the 24-month cycle.

With respect to moisture flux divergence (Fig. 4b), the picture is
clearly different, with values distributed across much of the Taylor di-
agram as a result of clearly lower correlations and larger RMSD values
compared to rENSOi. Only one model (ACCESS-CM2) showed a corre-
lation above 0.95 and RMSD below 0.4. The standard deviations ranged
from 0.1 to 2.7 and were thus up to a factor of 2 larger than the observed
value (1.3).

The multi-model mean aligns more closely with the observed mean
than the individual models on average. Averaging the models thus
cancels out biases in the individual models and the common signal
inherent in the CMIP6 ensemble reasonably captures the key charac-
teristics of the observed 24-month cycle.

3.3. Seasonal evolution of extreme and moderate El Niño events

The cycle (over two consecutive years) of an extreme El Niño event
consists of a growth phase (slow warming) that peaks between
November of the first year and January of the second year. This is fol-
lowed by a decay phase (cooling) that lasts until at least the end of the
second year. As revealed by Fig. 5a (left side), in the observational data
the amplitude of this cycle during extreme El Niño events was much
larger (maximum rENSOi between 1.85 and 2.16 ◦C) than the corre-
sponding amplitude during moderate El Niño events (average maximum
rENSOi 1.13 ◦C; 10th percentile 0.88 ◦C, 90th percentile 1.25 ◦C). The
data also indicated that during extreme El Niño events the asymmetry
between slow warming and rapid cooling was more pronounced than
during moderate El Niño events. Overall, the individual cycles of the
four extreme El Niño events were comparable in terms of amplitude and
timing, lying outside the range of cycles of the moderate events during
the peak months.

Differences between extreme and moderate El Niño events cycles
also emerged from the cycle of the moisture flux divergence, even more
distinctly in this case (Fig. 5a, right side). During extreme El Niño events,
∇ • Q→, which was positive at the beginning of the first year, rapidly
shifted to negative values, attaining largest negative values (− 2 to − 5
mm day− 1) in January of the second year. The phase characterized by
negative values of ∇ • Q→ (i.e., moisture flux convergence or excess of

Fig. 5. Evolution of the relative ENSO index (left) and moisture flux divergence (right) over a 2-year period. a) Cycle of the observed extreme El Niño events
(HadISST: left; ERA5: right) illustrated by the colored curves. The gray shaded area shows the mean ± 1 standard deviation of all moderate El Niño events. b) Cycle of
the extreme El Niño events of the individual CMIP6 models illustrated by continuous gray lines. Dashed black lines: mean of all models; black solid line: mean of the
observations. c) As b) but for the moderate events.
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precipitation over evaporation) lasted for about 12 months, then
changing to positive values of ∇ • Q→ only toward the end of the cycle
(although with large differences in timing, among the individual
extreme events). For most of the time, the evolution of ∇ • Q→ during
extreme El Niño events was outside the range of moderate El Niño
events, but for both the 1972–1973 as well as the 2015–2016 events the
persistence of anomalous conditions ended as early as during the first
half of the second year.

Concerning the representation of the evolution of extreme El Niño
events in the models, Fig. 5b shows that the individual simulations
captured the timing of the rENSOi fluctuations relatively well (gray lines
in Fig. 5b, left panel). Furthermore, the magnitude of the extreme El
Niño events varied considerably across the ensemble (Table 3). On
average over the ensemble, the models matched the observed cycle
remarkably well (dashed line in Fig. 5b as compared to the solid line).
The same outcome was recorded for the moderate events (Fig. 5c, left).

Regarding moisture divergence the picture is noisier, with individual
models showing varying temporal evolutions, magnitudes and timings
of the peak (Fig. 5b and c, right panels and Table 4). For extreme El Niño
events, the ensemble mean again followed the observed evolution very
closely, whereas for the moderate events, there was a systematic dif-
ference between the observations and the models with large parts of the
ensemble underestimating the observed values, particularly during the
peak and decay phases of the cycle.

Fig. 6 presents another comparison of the model ensemble with the
observed values for some key aspects of the seasonal cycle during
extreme El Niño events. The timing of the peak month, although varying
across individual members, was matched very well by the ensemble
mean for both rENSOi and ∇ • Q→. The magnitude of the rENSOi peak

was slightly overestimated by the CMIP6 ensemble, although the
observed value (1.95 ◦C) was still within the 90% model range
(1.1 ◦C–3.6 ◦C), indicating that the models identified more extreme Niño
3.4 SSTs than observations over the historical period. The middle panel
of Fig. 6 illustrates the range between the largest and the smallest values
across the identified extreme El Niño events. The CMIP6 ensemble
reproduced the variability among rENSOi extremes well, but over-
estimated the differences between ∇ • Q→ amplitude among individual
extreme events. Fig. S3 illustrates this for the individual models, many of
which showed large negative peak values for some extreme events and
almost no distinct peaks for others (e.g., GFDL-CM4).

The last two panels in Fig. 6 distinguish between moderate and
extreme El Niño events. The fourth panel shows the number of months
within the 24-month cycle, in which the average extreme events are
outside the range of moderate events. This was the case for eleven
months in the HadISST rENSOi dataset, a value exceeded by most model
simulations, again indicating that the extreme SST events identified by
CMIP6 tended to exceed those observed in magnitude. For ∇ • Q→ the
difference between the observations and the models was even more
striking, with all models underestimating the observed value. In ERA5,
during 20 out of 24 months of the assessed cycle, the ∇ • Q→ values
during extreme events were outside the range of the moderate events
(Fig. 5a, right). The model interquartile range covered 9–14 months,
demonstrating that in most simulations, moisture divergence was only
extraordinary during the short period of the peaking phase, but indis-
tinguishable frommoderate events during the rest of the 24-month cycle
(see Fig. S3). The last panel of Fig. 6 shows that whereas extreme event
magnitude of rENSOi was overestimated by most models, this was not
the case for moderate events, resulting in comparably large differences

Table 3
Comparison of the timing, maximum and minimum value of the relative ENSO index during extreme El Niño cycles as identified in the observations (HadISST;
boldface) and each of the considered CMIP6 models. The mean values over the identified extreme events are shown, as well as the difference between simulated and
observed values.

Dataset Timing of the peak maximum value (peak) Maximum Minimum

Mean Month Difference CMIP6 - Obs Value Difference CMIP6 - Obs Value Difference CMIP6 - Obs

HadISST 12.3  2.0  ¡1.2 
ACCESS-CM2 11.0 − 1.3 2.0 0.0 − 1.6 − 0.4
ACCESS-ESM1-5 14.0 1.8 1.6 − 0.4 − 0.5 0.7
AWI-CM-1-1-MR 12.7 0.4 2.5 0.5 − 1.3 0.0
BCC-CSM2-MR 10.0 − 2.3 1.7 − 0.2 − 1.3 0.0
CAMS-CSM1-0 10.0 − 2.3 2.3 0.3 − 2.8 − 1.6
CanESM5 12.3 0.1 1.7 − 0.2 0.2 1.4
CESM2-WACCM 11.5 − 0.8 3.6 1.6 − 1.0 0.2
CESM2 12.0 − 0.3 2.7 0.8 − 1.6 − 0.4
CIESM 12.3 0.1 2.3 0.4 − 1.1 0.2
CMCC-ESM2 10.5 − 1.8 3.6 1.7 − 2.1 − 0.8
CNRM-CM6-1-HR 12.3 0.1 1.1 − 0.9 − 0.6 0.7
CNRM-CM6-1 12.0 − 0.3 2.6 0.7 − 1.9 − 0.7
CNRM-ESM2-1 12.0 − 0.3 2.3 0.4 − 2.4 − 1.1
EC-Earth3-CC 12.3 0.1 2.0 0.1 − 2.2 − 0.9
FGOALS-f3-L 9.7 − 2.6 2.2 0.3 − 2.2 − 0.9
FIO-ESM-2-0 11.5 − 0.8 2.9 1.0 − 1.6 − 0.4
GFDL-CM4 11.0 − 1.3 2.3 0.4 − 1.0 0.2
GFDL-ESM4 11.5 − 0.8 2.3 0.4 − 1.9 − 0.6
GISS-E2-1-G 8.7 − 3.6 2.3 0.3 − 0.7 0.6
HadGEM3-GC31-LL 10.0 − 2.3 1.9 − 0.1 − 0.3 0.9
HadGEM3-GC31-MM 11.5 − 0.8 1.8 − 0.1 − 1.7 − 0.4
IITM-ESM 10.5 − 1.8 1.8 − 0.2 − 1.8 − 0.6
INM-CM5-0 10.0 − 2.3 1.3 − 0.7 − 0.8 0.4
IPSL-CM6A-LR 12.0 − 0.3 3.3 1.3 − 1.2 0.0
MCM-UA-1-0 10.0 − 2.3 2.0 0.0 − 0.4 0.8
MIROC-ES2L 12.3 0.1 2.6 0.7 − 1.5 − 0.3
MIROC6 10.5 − 1.8 2.9 1.0 − 2.0 − 0.7
MPI-ESM1-2-HR 16.0 3.8 1.7 − 0.3 − 0.1 1.2
MRI-ESM2-0 13.3 1.1 2.2 0.2 − 0.9 0.4
NESM3 11.5 − 0.8 2.1 0.1 − 0.6 0.7
NorESM2-MM 11.5 − 0.8 3.4 1.4 0.2 1.4
UKESM1-0-LL 12.3 0.1 2.3 0.4 − 1.4 − 0.1
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between extreme and moderate peaks. For 90% of the simulations the
observed 0.7 ◦C difference between moderate and extreme peaks was
exceeded (mean of the models 1.2 ◦C). For ∇ • Q→ the smaller values in
the simulations (− 2.0 mm day− 1) compared to ERA5 (− 2.8 mm day− 1)
confirmed the limited ability of the CMIP6 ensemble to differentiate
between moderate and extreme events in the atmospheric domain.

3.4. Spatial patterns of moisture flux divergence from extreme El Niño
events

Fig. 7 shows the spatial patterns of ∇ • Q→ for extreme and moderate
El Niño events in the observations and the CMIP6 ensemble mean. The
observational record showed some clear differences between extreme
and moderate events. Over the tropical Pacific, a distinct center of
negative divergence (convergence) was established during extreme El
Niño events around 170◦W. The area characterized by magnitudes
larger than 6 mm d− 1 extended over the Pacific as a broad branch
ranging from 10◦N to 5◦S to the coasts of Ecuador and Peru. By contrast,
during moderate events, the core of the negative divergence belt was
located further west at 170◦E (190◦W) and the branch was much nar-
rower (10◦N to 5◦N) and located further north, reaching the South
American coast at the latitude of Colombia.

The CMIP6 models simulated the center of negative divergence
during extreme El Niño events on average farther west (180◦W), and the
negative divergence branch over the Pacific is narrower and located
farther north (10◦N to 5◦N) compared to the observations. By contrast,
the average simulated patterns during moderate El Niño events were
similar to the observed patterns. The spatial patterns confirmed the
findings described earlier that the CMIP6 ensemble d did not represent
the differences in ∇ • Q→ between moderate and extreme El Niño events
as neatly as did the observations. The individual mode simulations

(Fig. S4) were even more strongly different from the observations, often
lacking the general pattern of convergence versus divergencemanifested
in ERA5.

4. Discussion

Due to our choice to identify extreme El Niño events based on a
percentile threshold and given the length of the record, three such ex-
tremes were identified in HadISST (if only the time span between 1901
and 2014 is considered, with in addition 2015/2016) and two to three
events were singled out in each of the CMIP6 models. Whereas in the
observations all extreme events were clustered in the second half of the
investigated period, extreme El Niño events were more evenly distrib-
uted along the time axis in many of the CMIP6 model records. This is not
surprising. There is in fact emerging evidence that in the wake of
changes in internal climate variability (Cai et al., 2021; Tang et al.,
2020), ENSO dynamics underwent alterations over the course of the last
century, with more central Pacific El Niño events occurring during the
most recent decades than during the first half of the century (Freund
et al., 2020). However, the mechanisms responsible for these shifts are
not yet fully understood (Capotondi and Ricciardulli, 2021), which can
explain the inability of global climate models to reproduce the observed
transition.

Concerning the association between oceanic and atmospheric com-
ponents in the ENSO system, the observations indicate a clear response
of the latter to anomalous SST conditions during extreme El Niño events.
The atmospheric moisture flux divergences in the area bounded by
170◦W to 80◦W in longitude and 8◦N to 8◦S in latitude, typically be-
comes negative as an El Niño cycle develops, and it does so more
markedly during extreme El Niño events, resulting in peak negative
values (about − 4 mm day− 1, on average) that are significantly more
negative than observed during moderate El Niño events (− 1 mm day− 1).

Table 4
Same as Table 3 but with respect to the spatially aggregated moisture flux divergence.

Dataset Timing of the minimum value (“peak”) Minimum Maximum

Mean Month Difference CMIP6 - Obs Value Difference CMIP6 - Obs Value Difference CMIP6 - Obs

ERA5 12.8  ¡3.9  1.1 
ACCESS-CM2 12.0 − 0.8 − 5.2 − 1.3 2.1 1.0
ACCESS-ESM1-5 9.7 − 3.1 − 2.9 1.0 1.4 0.3
AWI-CM-1-1-MR 12.3 − 0.4 − 4.0 0.0 0.5 − 0.6
BCC-CSM2-MR 11.0 − 1.8 − 3.2 0.7 2.2 1.1
CAMS-CSM1-0 12.5 − 0.3 − 7.4 − 3.4 2.0 0.9
CanESM5 13.3 0.6 − 3.3 0.6 0.6 − 0.5
CESM2-WACCM 13.0 0.3 − 7.0 − 3.1 0.8 − 0.3
CESM2 13.0 0.3 − 5.5 − 1.6 1.6 0.5
CIESM 13.3 0.6 − 4.5 − 0.5 0.9 − 0.3
CMCC-ESM2 12.0 − 0.8 − 6.2 − 2.3 1.5 0.4
CNRM-CM6-1-HR 14.0 1.3 − 2.3 1.6 0.9 − 0.3
CNRM-CM6-1 13.5 0.8 − 6.3 − 2.4 2.0 0.9
CNRM-ESM2-1 13.3 0.6 − 4.2 − 0.3 1.4 0.3
EC-Earth3-CC 14.3 1.6 − 5.4 − 1.5 1.5 0.4
FGOALS-f3-L 11.7 − 1.1 − 6.3 − 2.4 2.0 0.9
FIO-ESM-2-0 12.5 − 0.3 − 6.3 − 2.4 1.6 0.5
GFDL-CM4 12.7 − 0.1 − 3.4 0.5 1.2 0.1
GFDL-ESM4 13.0 0.3 − 3.9 0.1 0.9 − 0.2
GISS-E2-1-G 12.3 − 0.4 − 6.8 − 2.9 1.9 0.8
HadGEM3-GC31-LL 11.0 − 1.8 − 2.5 1.4 0.7 − 0.4
HadGEM3-GC31-MM 12.5 − 0.3 − 5.2 − 1.3 1.7 0.6
IITM-ESM 15.0 2.3 − 4.5 − 0.5 2.3 1.2
INM-CM5-0 9.7 − 3.1 − 1.6 2.3 1.0 − 0.2
IPSL-CM6A-LR 13.5 0.8 − 4.2 − 0.3 1.2 0.1
MCM-UA-1-0 9.5 − 3.3 − 3.4 0.5 1.7 0.6
MIROC-ES2L 13.7 0.9 − 5.3 − 1.4 1.6 0.5
MIROC6 13.0 0.3 − 6.3 − 2.3 1.3 0.2
MPI-ESM1-2-HR 17.0 4.3 − 2.0 1.9 1.2 0.1
MRI-ESM2-0 13.7 0.9 − 6.7 − 2.8 1.7 0.6
NESM3 13.5 0.8 − 3.7 0.2 0.6 − 0.5
NorESM2-MM 13.5 0.8 − 5.9 − 2.0 0.9 − 0.2
UKESM1-0-LL 13.7 0.9 − 4.4 − 0.5 0.8 − 0.3
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The observational data further suggest a lag between the time of the
rENSOi peak and the time of the most negative∇ • Q→ of the order of one
month. A number of examined CMIP6 models were able to capture this
coupling between oceanic and atmospheric components and the corre-
sponding time lag (extreme events with respect to rENSOi are also
extreme with respect to ∇ • Q→. However, details of the coupling as
simulated in the CMIP6 models often departed from the behavior dis-
closed by ERA5 and HadISST.

The different performance of the CMIP6 models with respect to the
oceanic component (rENSOi), on the one hand, and the atmospheric
component (∇ • Q→), on the other hand, was evidenced by the Taylor
diagrams (Fig. 4), even though in these diagrams the performance was
only gauged in relation to the mean evolution of extreme El Niño events
over a 24-month period. The lower performance in simulating the at-
mospheric component is underlined by lower values of the correlation
coefficient and larger dispersion around the observational benchmark
(larger RMSD) than for the case of the oceanic component. Similarly, the
low ability of CMIP6 to reproduce the spatial patterns of divergence in El
Niño extremes with anomaly centers farther west, less broad conver-
gence branches and located farther north than the observed pattern
resulted in inaccuracies in the seasonal evolution of convergence.

Models that did not exhibit significant differences between moderate

and extreme events in the seasonal cycle (time series of the extreme
events mostly within the range of moderate events) also simulated
spatial patterns that were almost identical for moderate and extreme
events (ACCESS-ESM1-5, BCC-CSM2-MR, CanESM5, CNRM-CM6-1-HR,
HadGEM3-GC31-LL, INM-CM5-0, and MPI-ESM1-2-HR). This lack of
differentiation between moderate and extreme events usually featured a
very weak seasonal cycle and very small divergence anomalies even
during the peak season. Overall, the best performing model in our
analysis was ACCESS-CM2, which captured the variance, timing and
amplitude in the seasonal cycle of both rENSOi and ∇ • Q→ remarkably
well and also reproduced the spatial patterns and associated differences
between moderate and extreme events successfully.

Overestimation and underestimation of the amplitude of the ∇ • Q̅→

cycle in the CMIP6 ensemble may be attributed to the improper repre-
sentation of the mechanisms linking surface fluxes to atmospheric
moisture divergence (Peixoto and Oort, 1992; Trenberth et al., 2002).
They could also be related to data processing and model parameteriza-
tions (He et al., 2022). The lack of adequate representation of the
interaction between atmospheric forcing and oceanic processes may also
be a contributing factor (Zhao and Karamperidou, 2022). Problems in
the simulation of the oceanic component are likely associated with
perturbations in the simulation of the ENSO blocking phase relative to

Fig. 6. Violin plots illustrating the statistical characteristics of the seasonal evolution of El Niño extreme events in observations and in the CMIP6 model ensemble for
a) rENSOi and b) moisture flux divergence. From left to right: timing of the peak month, peak value (amplitude), difference in extreme peaks among the identified
extreme events, number of months, where the average extreme events are outside the range of moderate events, and difference between extreme and moderate peaks.
The observed values are indicated by the horizontal dashed lines, model ensemble averages are plotted as white dots. The box and whiskers plots inside the violin
plots iluustrate the median and the interquartile range of the distribution, the values extending the at most 1.5x the interquartile range, and the extrema. The outer
contours of the violin plots illustrates the shape of the distribution of the seasonal evolution of the extreme El Niño events in the models.
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the seasonal zonal SST cycle (Liao et al., 2021; Chen and Jin, 2022).
In addition to the aforementioned factors, the failure to accurately

reproduce ∇ • Q̅→ patterns during extreme El Niño can be attributed to
the inadequacy of climate models in representing modes of variability
such as Pacific Meridional Modes (PMMs), the Pacific Decadal Oscilla-
tion (PDO), the Interdecadal Pacific Oscillation (IPO) (Jin, 2022), and
modes of variability outside the Pacific (McKenna et al., 2020). As
pointed out by Taschetto et al. (2020) inadequate representation of ∇ •

Q̅→ leads to the inability to accurately depict rainfall teleconnections.

5. Conclusions

The recent decade has witnessed important advances in relation to
seasonal ENSO outlooks (e.g., L’Heureux et al., 2017; 2019). This means
that once ENSO is in a given phase, the current GCMs are able to
simulate its further evolution. Improvements in seasonal predictions

Fig. 7. Patterns of moisture flux divergence (convergence = negative divergence), mean for December to February (DJF), during extreme El Niño and moderate El
Niño events. a) Observations; b) ensemble mean of the CMIP6 models.
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have been possible due to a better understanding and formulation of the
processes governing oceanic variability and its coupling with atmo-
spheric dynamics, as well as the adoption of new techniques, such as the
application of deep learning (Patil et al., 2022). Nevertheless, much
remains to be done to advance climate simulations of ENSO in settings
where model runs are initialized without incorporating data assimila-
tion, as in seasonal forecasting. This is especially true for the occurrence
of extreme El Niño events and the associated links to atmospheric cir-
culation. In this paper, we have examined a 32-member ensemble of
CMIP6 models. On average, the model ensemble captured the magni-
tude and timing of the seasonal evolution during extreme El Niño events
remarkably well, at least in relation to the oceanic and atmospheric
indices considered here. With a few exceptions, variations in rENSOi and
differences in moderate events were also reasonably depicted by the
individual model simulations. By contrast, many models failed to
reasonably reproduce the clear distinction between moderate and
extreme events in the observed atmospheric moisture flux dynamics
over the tropical Pacific. This suggests the limited capabilities of the
examined climate models to reasonably predict the hydrological con-
sequences of extreme tropical Pacific SSTs in South America and other
regions affected by ENSO teleconnections.

The deficiencies disclosed by our work are well supported by the
results of other studies (Song et al., 2020; Liao et al., 2021; Planton et al.,
2021; Geng et al., 2023; De Silva et al., 2023).Our findings lend to the
conclusion that many of the current GCMs, even if capable of capturing
the oceanic flavor of extreme El Niño events, do not yet provide a reli-
able starting point for investigating the impacts of such events on
regional atmospheric dynamics and precipitation in tropical South
America. As pointed out by Cai et al. (2020) and Sanabria et al. (2018,
2019), these atmospheric and hydrological responses to extreme El Niño
events are not always the same, exhibiting variations from event to
event.

The frequency of extreme El Niño events is expected to increase in
the future (Cai et al., 2014, 2017; Wang et al., 2017). In addition, ENSO
teleconnection patterns may continue to change in the future (McGregor
et al., 2022; Alizadeh, 2024; Lieber et al., 2024), as they did in the past
(Dätwyler et al., 2019; Luo et al., 2022; Han et al., 2023). As in many
cases the assessment of future teleconnection changes is based on the
climate models considered in this study, with their limitations in
simulating atmospheric responses to SST extremes. Thus caution is
required in interpreting both the temporal and spatial patterns of
simulated regional and large-scale dynamic responses to ENSO extreme
events in impact assessments. This is particularly true if only individual
models are assessed. Although it is beyond the scope of the present
investigation to address ENSO dynamics, future modeling efforts may
prioritize the dynamic response of the tropical troposphere to improve
the models’ capabilities in capturing spatiotemporal patterns during
extreme El Niño events.
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