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El Nino Southern Oscillation phenomena 
S. G. H. Philander 

Geophysical Fluid Dynamics Laboratory/NOAA, Princeton University, Princeton, New Jersey 08540, USA 

At intervals that vary from 2 to 10 yr sea-surface temperatures and rainfall are unusually high and 
the tradewinds are unusually weak over the tropical Pacific Ocean. These Southern Oscillation El 
Nino events which devastate the ecology of the coastal zones of Ecuador and Peru, which affect the 
global atmospheric circulation and which can contribute to severe winters over northern America, 
often develop in a remarkably predictable manner. But the event which began in 1982 has not 
followed this pattern. 

" WHEN pressure is high in the Pacific Ocean, it tends to be 
low in the Indian Ocean from Africa to Australia." That is how 
Walker 1

-
5 described the large-scale climate fluctuations which 

he named the Southern Oscillation (SO). Studies during the 
past half century have confirmed that the SO involves far more 
than a seesaw in the surface pressure between the South-east 
Pacific High Pressure Zone and the North Australian-Indone-
sian Low Pressure Zone (Fig. 1). It is now viewed as one of 
the most striking examples of interannual climate variability 
on a global scale: over the tropical Pacific Ocean the SO is 
associated with considerable fluctuations in the rainfall, the 
sea-surface temperature , and the intensity of the tradewinds, 
and it has recently been correlated with droughts over India, 
with severe winter weather over North America6

"
7

, and with 
fluctuations of the averaged temperature of the Northern Hemi-
sphere atmosphere8

• 

Early investigators were unable to identify the physical pro-
cesses responsible for the long-term memory of the atmosphere 
implied by the persistence, over several seasons, of anomalous 
conditions associated with the SO. Only in the late 1960s did 
Bjerknes9- 11 point out that the SO is closely linked with inter-
annual sea-surface temperature variations in the eastern and 
central Pacific Ocean. He proposed that the ocean, which has 
a memory much longer than that of the atmosphere, is of central 
importance in the SO. 

Sea-surface temperature anomalies in the tropical Pacific 
Ocean are primarily associated with a phenomenon known as 
El Niiio. This term originally referred to a warm current that 
flows southward along the coasts of Ecuador and Peru in 
January, February and March. The current marks the end of 
the local fishing season during which sea-surface tempertures 
are low and the south-east trade winds are intense. (The trades 
drive the surface waters of the eastern Pacific westward 
(offshore) and hence induce the upwelling of cold nutrient-rich 
water near the coast.) In certain years, temperatures are excep-
tionally high during the warm season and continue to be so 
during the normally cold upwelling season (Fig. 2a ). At present 
the term El Niiio is reserved for those interannual events when 
anomalously warm surface waters cover not only the coastal 
zone of South America but also most of the tropical Pacific 
Ocean. These events have disastrous economic consequences 
for the fishing and guano industries along the South American 
coast. 

The average period of the SO is 3 yr--spectra of variables 
such as the surface pressure in the tropical Pacific have a peak 
at a period of -38 months-but the SO is so aperiodic that 
the time between successive El Niiio events varies from 2 to 
10 yr (ref. 12). 1t is for this reason that the phases of SO during 
which sea-surface temperatures are high and the surface-
pressure difference across the tropical Pacific is low, are viewed 
as independent events referred to as El Nino- Southern Oscilla-
tion (ENSO) events. 

A typical phenomenon 
Data sets that describe El Nino-Southern Oscillation events 
are most reliable for the period since the Second World War. 
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Of the nine events that have occurred since 1950 seven evolved 
in a remarkably similar manner. These events--Figs 2 and 3 
show their temporal and spatial evolution-started as modest 
anomalies off the coast of Ecuador and Peru during the boreal 
spring (February and March) and then expanded westward until 
the entire tropical Pacific Ocean was affected 6 months later. 
The minor event of 1963 and the current 1982 event evolved 
differently because unusually warm surface waters first 
appeared in the central Pacific Ocean. The coast of South 
America was affected subsequently so that the phase of the 
atypical phenomena was very different from the phase of the 
more common events. 

In the following description of a typical event the develop-
ment is, for convenience, divided into three phases: a precursory 
phase that precedes the onset off the South American coast in 
the early spring; next a phase during which anomalous condi-
tions grow; and finally a phase during which anomalous condi-
tions decay and normal conditions return. 
(1) Precursors. The westward tradewinds that prevail over 
most of the tropical Pacific Ocean converge on the North 
Australian-Indonesian Low Pressure Zone where the air rises 
and where there is considerable cloudiness and rainfall. The 
air returns eastwards at greater altitudes and sinks over the 
cold, dry South-east Pacific High Pressure Zone which is evident 
in Fig. 1. This zonal cell is known as the Walker Circulation9

• 

One of the precursors of El Niiio is an eastward displacement 
of the upward branch of the Walker Circulation, to the region 
between New Guinea and the dateline. This is revealed by 
surface pressure, wind and rainfall records 12 : starting in October 
and November preceding the onset of El Niiio the surface 
pressure at Darwin, Australia, increases, the tradewinds west 
of the dateline weaken and surface waters near the dateline 
warm slightly; the rainfall over Indonesia starts to decrease but 
near the dateline the rainfall increases. This change in the 
Walker Circulation is also evident in the eastern Pacific Ocean 
where, at southern latitudes outside the tropics, Easter Island 
at 27° S- 109° W for example, surface pressure starts to fall as 
early as August preceding the onset of ENSO. 

These precursors over the western Pacific appear to be 
necessary conditions for ENSO events but are not sufficient 
conditions because similar atmospheric changes can occur even 
when no El Niiio is imminent. During 1979 and 1980 for 
example, changes in the wind, sea level and rainfall west of the 
dateline were very similar to those observed during ENSO 
events but there was no such event over the central and eastern 
Pacific13

• 

In addition to the zonal Walker cell, the atmosphere has a 
meridional Hadley circulation. Its salient feature is the Inter-
tropical Convergence Zone (ITCZ) where the south-east and 
north-east trades meet. This narrow zonal band of rising air, 
cloudiness and high rainfall, which is often visible on photo-
graphs taken from satellites, migrates seasonally between 10° N 
approximately in August and September, and 3° N in February 
and March. A precursor of ENSO is a southward displacement 
of the ITCZ which, in the eastern Pacific, is close to or even 
south of the Equator during the early months of El Niiio years. 
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Fig. 7 Teleconnections to the extratropics during ENSO. 

In this discussion it has been assumed that unusually warm 
surface waters heat the atmosphere locally but this is not 
necessarily so. Suppose that cold dry air descends on a pool of 
warm surface waters. The pool will lose latent heat to the 
atmosphere but the heating of the atmosphere will occur non-
locally where the air rises and the water vapour condenses. For 
example, warm surface waters in the southeastern tropical 
Pacific Ocean where cold dry air descends during most of the 
year will alter the surface winds in the remote western Pacific 
where the moist air rises. The warm surface waters, instead of 
expanding because of the unstable air-sea interactions 
described above, will therefore disappear. 

To grow, a pool of anomously warm surface waters must 
affect the atmosphere locally in such a manner that the altered 
surface winds induce warm oceanic currents towards the pool. 
This is possible when there is rising air over the pool, a condition 
which is satisfied in the southeastern equatorial Pacific Ocean 
when the ITCZ is in its southernmost position, in February and 
March. This is why the onset of a typical El Nino is always 
during the boreal spring, and why the subsequent growth of 
anomalous conditions continues to be modulated by the sea-
sonal cycle. The interplay between the anomalously warm sur-
face waters and the large-scale convergence of the surface winds 
is very complex because the pool of warm water, especially 
when it covers a considerable area can modify the large-scale 
convergence. This happens during the mature phase of ENSO, 
for example, when the ascending branch of the Walker Cell 
moves to the central Pacific. In a model of the unstable air-sea 
interactions described here, the rate at which anomalous condi-
tions grow is sensitive to the relation between the sea-surface 
temperature and the local heating of the atmosphere. This 
relation is complex and at present is poorly understood. 

The mechanisms that result in the growth of anomalous 
conditions during a typical ENSO are to some extent self-
correcting. During the mature phase, the convergence of surface 
winds on the ascending branch of the Walker Circulation in 
the central Pacific is associated with an intensification of the 
trades over the eastern Pacific where sea-surface temperatures 
start to fall because of coastal and equatorial upwelling. The 
attendant reduction in the heating of the atmosphere moves 
the convergence zone westward so that the restoration of nor-
mal conditions gradually progresses in that direction. West of 
the dateline, as pointed out earlier, the return of normal condi-
tions follows a different course for which there is no theory as 
yet. 

The explanation for the development of ENSO given here 
has as its starting point the appearance of a modest warm 
sea-surface temperature anomaly in the eastern tropical Pacific 
Ocean, or the prolonged appearance of intense eastward winds 
in the western tropical Pacific. These initial conditions are 
precursors of ENSO and are associated with an eastward dis-
placement of the upward branch of the Walker Circulation and 
a southward displacement of the ITCZ. An explanation for 
these precursors is likely to prove a formidable challenge 
because the locations of the regions of converging air are 
determined not only by factors in the tropical Pacific but also 
by factors elsewhere. Their seasonal migrations, for example, 
are part of the global seasonal cycle and the precursors of 
ENSO could be one aspect of an irregular global seasonal cycle. 
The eastward movement of the ascending branch of the Walker 
Cell, which was very important in the 1982 event, could be 
related to changes in the monsoons over the Indian Ocean. As 
the convergence zones control not only the initiation but also 
the subsequent development of ENSO a complete understand-
ing of the phenomenon depends on identification of the factors 
that determine the position of the convergence zones. 

Teleconnections with extratropicallatitudes 
Figure 7 depicts the global teleconnection pattern, at upper 
tropospheric levels of the atmosphere (heights of 5-10 km) 
during a Northern Hemisphere winter that coincides with the 
mature phase of ENSO when unusually warm surface waters 
cover a large part of the tropical Pacific Ocean. The region of 
enhanced precipitation in the central Pacific is shaded. The 
patterns marked Hand L are the regions over which the surface 
of constant pressure at an altitude of -5 km is anomalously 
high (H) or low (L). The high pressure over western Canada is 
associated with unusually low surface temperatures (at Edmon-
ton, Alberta, for example); the low pressure over the 
southeastern United States is associated with unusually high 
surface temperatures at Charleston, South Carolina, for 
example. The arrows indicate how streamlines for airflow in 
the upper atmosphere are affected. 

The correlations between indices of the SO, and certain 
North American meteorological variables are statistically 
significant 6

'
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months of an ENSO year. Furthermore, the correlation 
coefficients are relatively low so that the tropical Pacific predic-
tors account for less than half the variance of wintertime mean 
surface temperatures over western Canada for example. In 
practice this means that not all ENSO events are associated 
with a severe winter over North America-there was a severe 
winter during the 1976-77 ENSO event but not during the 
comparable 1972-73 event-and that exceptionally cold win-
ters can occur even when there are no ENSO events, in 1978 
and 1979, for example. 

The heating of the tropical troposphere during ENSO events 
excites large-scale planetary waves in the atmosphere. The ray 
paths of these waves depend on the mean zonal winds39 and 
can be such as to cause the perturbations shown in Fig. 7 
provided eastward winds prevail from midlatitudes to the 
equatorial region where the heating occurs. This condition is 
usually satisfied during the Northern Hemisphere winter 
months which explains why the observed teleconnections exist 
in winter only. 

Outlook 
available data sets provide a description of a typical El 

Nmo-Southern Oscillation event-this is facilitated by the 
remarkable degree to which many events are similar-but the 
data sets are too poor to answer several important questions. 
Why do some ENSO events attain greater amplitudes than 
others, and why do some events affect the extratropics but 
other, comparable events do not? What is the role of anoma-
lous heat fluxes across the ocean surface in the heat budget 
of the upper ocean? Does the time it takes the ocean to regain 
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How we study teleconnections

https://www.ecmwf.int/en/about/media-centre/focus/2023/fact-sheet-reanalysis
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Methods

Correlation analysis

Principal components and EOFs

Clustering & Process-based
diagnostics

Model hierarchies

fluctuations of surface pressure, temperature, cloudiness, and
precipitation occur throughout the year over the North Atlantic,
and decadal and longer term variability is not confined to
winter. Moreover, the vigorous wintertime NAO can interact
with the slower components of the climate system (the ocean,
in particular) to leave persistent surface anomalies into the
ensuing parts of the year that may significantly influence the
evolution of the climate.

EOF Analysis of NH SLP

A well-known shortcoming of EOF analysis is that eigenvectors
are mathematical constructs, constrained by their mutual
orthogonality and the maximization of variance over the entire
analysis domain. There is no guarantee, therefore, that they
represent physical/dynamical modes of the climate system. An
EOF analysis, for instance, will not clearly reveal two patterns
that are linearly superposed if those patterns are not

orthogonal. Moreover, the loading values of EOFs do not
reflect the local behavior of the data: values of the same sign at
two different spatial points in an EOF do not imply that those
two points are significantly correlated. This means that the
pattern structure of any particular EOFmust be interpreted with
care. These issues have been at the center of a debate over
whether or not the NAO is a regional expression of a larger scale
(hemispheric) mode of variability known as the NH annular
mode (NAM) or, previously, the Arctic oscillation (AO).

The NAM is defined as the first EOF of NH (20–90! N)
winter SLP data (Figure 8, upper panel, based on the cross-
covariance matrix). It explains 23% of the extended winter-
mean (December–March) variance, and it is clearly dominated
by the NAO structure in the Atlantic sector. Although there are
some subtle differences from the regional pattern (Figure 8,
lower panel) over the Atlantic and Arctic, the main difference is
larger amplitude anomalies over the North Pacific of the same
sign as those over the Atlantic. This feature gives the NAM an
almost annular (or zonally symmetric) structure that reflects
a more hemispheric-scale meridional seesaw in SLP between
polar and middle latitudes. Some have argued that the NAM is
a fundamental structure of NH climate variability and that the
‘regional’ NAO reflects the modification of the annular mode
by zonally asymmetric forcings, such as topography and land–
ocean temperature contrasts. It would then follow that the
annular mode perspective is critical in order to understand the
processes that give rise to NAM (or NAO) variations. For
instance, the leading wintertime pattern of variability in the
lower stratosphere is clearly annular (not shown), but the SLP
anomaly pattern that is associated with it is confined almost
entirely to the Arctic and Atlantic sectors and coincides with the
spatial structure of the NAO.

Cluster Analysis of North Atlantic SLP

The dynamical signature of interannual variability in the North
Atlantic domain can also be examined through nonlinear
approaches, such as cluster analysis or nonlinear PC analysis.
Here the former one was applied to 57 years of daily SLP data
from December to March. Briefly, cluster analysis is a multi-
variate statistical technique that groups together the daily SLP
maps into a small number of representative states (or regimes)
according to an objective criterion of similarity. Note that by
construction, the percentage of occurrence of the identified
clusters sums to 100.

The clustering algorithm applied over the Atlantic domain
(20–70! N; 90! W–40! E) identifies four winter climate
regimes in SLP (Figure 9). Two of them correspond to the
negative and positive phases of the NAO, while the third and
fourth regimes display strong anticyclonic ridges over Scandi-
navia (the ‘blocking’ regime) and off western Europe (the
‘Atlantic ridge’ regime). The latter bears some resemblance to
another prominent atmospheric teleconnection: the East
Atlantic pattern. All four regimes occur with about the same
frequency (20–30% of all winter days), although these
numbers are sensitive to the period of analysis, reflecting that
the dominance of certain regimes over others varies over time
(see Section Temporal Variability of the NAO).

In contrast to the typical NAO pattern identified through
linear approaches (e.g., Figures 5 and 6), some interesting
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Figure 5 One-point correlation maps of 500-hPa geopotential heights
for boreal winter (December–February) over 1958–2006. In the top panel,
the reference point is 45! N, 165! W, corresponding to the primary center
of action of the PNA pattern. In the lower panel, the NAO pattern is
illustrated based on the reference point of 65! N, 30! W.
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One-point correlation map. This is obtained by correlating the 
500-hPa height time series at a selected gridpoint with the 
corresponding time series at all gridpoints.



9

Tropical-extra-tropical teleconnections







Figure 1: SST Climatology obtained with HadISST observations.

Figure 2: Interannual variability of the January monthly mean of 
SST.
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Figure 12.4 Schematic diagram of the effects of boundary condition anomalies on
large-scale atmospheric heating and large-scale atmospheric circulation. See text for
explanation.

and humidity in the atmosphere nearest the surface. Depending on the scale and
magnitude of the SST anomaly, such changes can be relatively unimportant for the
seasonal mean, or they can alter the static stability and moisture flux convergence
available for convection, which can lead to an atmospheric heating anomaly over
the course of 5–7 days. The nature of the heating anomaly associated with a given
SST anomaly also depends on the magnitude and structure of the background SST
on which it is superimposed. For example, a large warm SST anomaly that is super-
imposed on a very cold background ocean temperature will have little effect and
likely will not lead to a large-scale atmospheric heating anomaly. The development
of an atmospheric heating anomaly also depends on the structure of the large-scale
atmospheric circulation overlying the SST anomaly as well as the degree to which the
convergence and divergence of the atmospheric circulation are affected. A given SST
anomaly may significantly alter the surface temperature gradient and, consequently,
the surface pressure gradient, which then changes the low-level atmospheric con-
vergence. The latter depends on the latitude of the anomaly, because the further the
location is from the equator the less significant the divergent circulation associated
with the pressure gradient anomalies is with respect to the rotational component of
the flow. Changes in the divergent flow directly affect the moisture flux convergence

Cambridge Books Online © Cambridge University Press, 20105!!� 
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Extra-tropical teleconnections

Piskala and Huth (2023)
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The stratosphere
Environ. Res. Lett. 9 (2014) 024014 A H Butler et al

i.e. their sign reverses as the tropical Pacific SST anomalies

change from warm (El Niño) to cold (La Niña). In fact, over

the Pacific and North American sectors, ENSO impacts can be

largely accounted for with linear wave theory and simple ray

tracing in the troposphere (Hoskins and Karoly 1981, Horel

and Wallace 1981, Sardeshmukh and Hoskins 1988). We note,

however, that over Europe and Asia the precise mechanism

for ENSO impacts remains less clear (Greatbatch et al 2004,

Toniazzo and Scaife 2006, Brönnimann et al 2007).

Because ENSO is a large perturbation of the climate

system, it is not surprising that the stratosphere too is af-

fected by anomalous tropical Pacific SSTs. The stratospheric

response, however, is richer in character than the tropospheric

response. On the one hand, the mean seasonal stratospheric re-

sponse to ENSO is approximately linear: it is well documented

that during El Niño winters the Northern Hemisphere polar

vortex is anomalously weak as a consequence of enhanced

planetary wave fluxes into the stratosphere (Van Loon and

Labitzke 1987), resulting in a warmer stratosphere (Garfinkel

and Hartmann 2007), and higher ozone concentrations in the

polar regions (Randel et al 2009). Similar but oppositely

signed anomalies are observed during La Niña winters, albeit

with smaller amplitude (Manzini et al 2006, Garfinkel and

Hartmann 2007, Free and Seidel 2009).

On the other hand, the extreme stratospheric response to

ENSO is highly non-linear. This is clearly seen in the frequency

of occurrence of so-called sudden stratospheric warmings

(SSWs). During these events, the polar vortex is completely

disrupted, the winds reverse from westerly to easterly, and

the polar stratosphere warms by tens of degrees within a few

days (Charlton and Polvani 2007). One might naı̈vely expect

that SSWs would be enhanced during El Niño and suppressed

during La Niña: however, as reported in Butler and Polvani

(2011), the frequency of occurrence of SSWs is doubled during

both phases of ENSO, compared with ENSO-neutral winters.

This surprising fact is still poorly understood (Garfinkel et al
2012a).

The reason SSWs are important for surface conditions

follows from the observation that significant tropospheric

circulation anomalies can persist up to two months following

the events (Baldwin and Dunkerton 2001). These anomalies

resemble the negative phase of the North Atlantic Oscillation

(NAO), or an equatorward shift of the mid-latitude jet, and

are associated with a strong anomalous warming over the

Arctic and Greenland, as well as strong cold air outbreaks

over northern Eurasia (Perlwitz and Graf 1995, Thompson

et al 2002, Kolstad et al 2009).

Since the majority of SSWs occur during ENSO winters

(Butler and Polvani 2011), it is then natural to imagine the

existence of a stratospheric pathway linking tropical Pacific

SST anomalies to surface conditions over the North Atlantic

and Eurasian regions. Unlike the familiar, quasi-linear, tro-

pospheric Pacific–North American (PNA) teleconnection pat-

tern, the stratospheric pathway consists of planetary waves that

propagate primarily upwards, greatly perturbing the strato-

sphere and occasionally producing extreme events there (no-

tably, SSWs), which subsequently affect surface conditions

below, primarily in the North Atlantic sector and Eurasia. The

Figure 1. Schematic of possible pathways by which ENSO can
influence the northern extratropics.

sketch in figure 1 visually summarizes these two distinct ENSO

pathways into the extratropics.

While the study of tropospheric ENSO teleconnections

has a long history (see, e.g., Trenberth et al 1998), the notion

of a possible stratospheric pathway is relatively recent. It was

hinted at by Brönnimann et al (2004), in a case study of the

extremely cold Eurasian winters in 1940–1942, a strong and

long-lasting El Niño with a highly perturbed stratosphere.

Since then, several modeling studies (Toniazzo and Scaife

2006, Bell et al 2009, Cagnazzo and Manzini 2009, Ineson and

Scaife 2009, Ortiz Beviá et al 2010) have suggested that the

ENSO impacts onto the North Atlantic and Eurasian regions

are, in fact, dominated by the stratospheric pathway.

The aim of our paper is to offer observational evidence

for these modeling results. We accomplish this by examining,

separately, ENSO teleconnections during winters with and

without SSWs, and showing that the presence of the strato-

spheric pathway causes a very significant surface response

over the North Atlantic region and Eurasia. Our results suggest

that seasonal forecasts could be substantially improved if

knowledge of stratospheric conditions were taken into account.

2. Methods

To define ENSO events we use the ERSST.V3B ‘Oceanic Niño

Index’ (ONI) calculated over the Niño-3.4 region (5◦N–5◦S,

170–120◦W) from the National Center for Environmental

Prediction (NCEP) Climate Prediction Center (CPC). We

define El Niño and La Niña winters following the NCEP/CPC

convention: events must surpass the +0.5 ◦C (for El Niño)

and −0.5 ◦C (for La Niña) threshold for a minimum of five

consecutive overlapping seasons (NDJ, DJF, JFM, etc). Our

results are not sensitive to changes in this definition, such as

using the DJF Nino-3.4 index alone, or using higher thresholds.

To define major, mid-winter, sudden stratospheric warm-

ings we follow Charlton and Polvani (2007) and simply detect

reversals of the climatological westerly winds at 10 hPa and

60◦N in the boreal winter months (November to March), using

NCEP-NCAR Reanalysis from 1958 to 2013 (Kalnay et al
1996). To avoid double counting, we require that winds return

to westerly for 20 consecutive days between independent

events. Final warmings, in which the zonal winds become

easterly and do not return to westerly for at least 10 consecutive

days before 30 April, are excluded. The so-called ‘central date’

of each SSW is defined to be the day when the zonal mean

zonal winds at 10 hPa and 60◦N first become easterly.
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FIG. 1. Schematic of the connections between modulations in the
NAO, the height of the tropopause, and the strength of the strato-
spheric jet. If the NAO index increases, associated with it the cyclonic
circulation over Iceland (IC) enhances (circular arrow at IC) and the
tropopause (thick solid line) lowers with associated positive potential
vorticity anomaly (1); upward-propagating Rossby waves (wavy
lines) refract more toward the equator and break less in the strato-
spheric jet; the stratospheric jet enhances (large circular arrow) with
associated positive potential vorticity anomaly (1); the tropopause
below this anomaly rises and stretches (vertical arrows) the tropo-
spheric column leading to an enhanced cyclonic circulation over the
North Pole (circular arrow at NP).

FIG. 2. (a) First principal component of Atlantic sector mean sea level pressure, with contour interval 1 hPa (. . . ,
20.5, 0.5, 1.5, . . .). It explains 48% of the variance over the Atlantic sector and 24% over the full hemisphere. The
solid line in the graph is its standardized time series, the NAO index, and the dashed line is the NAOt index. (b) First
principal component of the potential vorticity at the u 5 500 K isentropic surface, with contour interval 1 PVU. It
explains 34% of the variance. The solid line in the graph is its standardized time series, the PV500 index, and the dashed
line is the PV500s index.

The wave propagation processes responsible for the con-
nection between the stratosphere and the troposphere
are thought to have a timescale of significantly less than
a month. Consequently, lagged relationships will appear
as instantaneous connections in these regression maps.
Processes associated with geostrophic and hydrostatic
adjustment also have a timescale of much less than a
month. So, for example, tropospheric signatures of
stratospheric potential vorticity anomalies will also ap-
pear as instantaneous diagnostic connections in these
maps.
First we will define some indices that are of relevance

in the following. The NAO index (NAO) will be defined

as the time series of the first principal component of
mean sea level pressure confined over the Atlantic sec-
tor. The seasonal cycle is removed by subtracting
monthly climatologies. More details can be found in
Ambaum et al. (2001). An index measuring the strength
of the stratospheric polar vortex (PV500) will be defined
as the time series of the first principal component of
potential vorticity on the u 5 500 K isentropic surface,
at approximately 20-km height. The maps of the prin-
cipal components and graphs of their time series are
shown in Fig. 2. These two time series can be used to
define a tropospheric NAO index (NAOt) as NAOt 5
NAO 2 PV500 3 cov(NAO, PV500)/cov(PV500,
PV500), which has no linear correlation with the PV500
index [cov(a, b) is the covariance between a and b].
This can be used along with the NAO index to look at
features associated with the NAO that are or are not
related to the stratospheric component of the NAO.
Analogously we can define a stratospheric PV500 index
(PV500s) that has no linear correlation with the NAO
index. Graphs of these two indices are also in Fig. 2.
The linear correlation, r, between NAO and PV500 of
r 5 0.46 leads to a linear correlation between NAO and
NAOt and between PV500 and PV500s of (1 2 r2)1/2 5
0.89.
What are the signatures of these indices on the height

of the tropopause? The height of the tropopause was
determined using the World Meteorological Organiza-
tion lapse-rate definition and linear interpolation
between data levels for each day. The climatological
mean of the height of the tropopause is shown in Fig.
3. Although the direction of the gradient is generally
toward the lower latitudes, the picture in the Arctic re-
gion is more complicated (Highwood et al. 2000). Min-
ima are located over northern Canada and Japan while
over the Arctic the isolines are approximately directed
from 608W to 1208E. In Fig. 3b the regression of the
height of the tropopause on the NAO index is shown.
Many of the features are concentrated around this gra-
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Teleconnection Key Region Diagnostic Variable

ENSO (El Niño–Southern Oscillation) Tropical Pacific Sea Surface Temperature (SST) anomalies (Niño3.4 region)

NAO (North Atlantic Oscillation) North Atlantic Sea-level pressure difference (Azores vs. Iceland)

AO (Arctic Oscillation) Arctic / Northern Hemisphere Geopotential height or sea-level pressure (zonal index)

PDO (Pacific Decadal Oscillation) North Pacific SST anomalies (North Pacific, after removing global trend)

AMO (Atlantic Multidecadal Oscillation) North Atlantic SST anomalies (basin-wide average, detrended)

IOD (Indian Ocean Dipole) Indian Ocean SST difference (Western vs. Eastern equatorial Indian Ocean)

MJO (Madden-Julian Oscillation) Tropical Indian–Pacific Oceans Outgoing Longwave Radiation (OLR) + zonal wind anomalies 
(850 hPa, 200 hPa)

SAM (Southern Annular Mode) Southern Hemisphere Sea-level pressure difference (40°S vs. 65°S)

PNA (Pacific–North American Pattern) North Pacific / North America 500 hPa geopotential height anomalies (specific node pattern)

QBO (Quasi-Biennial Oscillation) Equatorial Stratosphere Zonal wind anomalies (at 30 hPa and 50 hPa over the equator)
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Teleconnections in Scopus
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Why we study teleconnections?
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State-dependence

teleconnection indices in the pre-1979 decades. However, we have shown
that the dominance of the pure ENSO teleconnection over the pure TWEIO
signal remains robust even in the post-1979 decades.

Furthermore, decadal to multi-decadal variability, such as that asso-
ciated with the Atlantic Multidecadal Oscillation (AMO) and the Pacific
Decadal Oscillation (PDO), can modulate the contribution of the pure
TWEIO teleconnection to the NAE. To explore this, we computed the
November contribution of the pure TWEIO teleconnection to the ENSO
teleconnection (see the rightmost column inTable 1) using a 35-year sliding
window applied to ERA5 over the 1940–2024 period. The results, presented
in Fig. S8, reveal a strong non-stationary signal, even in the post-1979
decades, with a strong decrease in the pure TWEIO contribution after 1985.

Another possible dynamical explanation for the dominance of the pure
ENSO signal in November is that the IOD SST anomalies, which peak in
October, exhibit a 2-months delayed connection with the atmospheric
circulation over the NAE via a precipitation dipole over the IndianOcean34.
Consequently, the November TWEIO precipitation index may not be fully
influenced by the October IOD SSTs, thereby reducing the impact of the
pure TWEIO signal on the NAE region.

By December circulation anomalies appear to be predominantly
influenced by the pure TWEIO teleconnection. The TWEIO heating
anomalies are associated with the initiation of a zonal wavenumber-3
Rossby wave-train originating from the SEA region and extending to the
NAE sector. In theNorthAtlantic, thiswave-train spatially projects onto the

Fig. 9 | The influence of the atmospheric mean state on Rossby wave ray paths.
December ERA5 200 hPa TRWS regressed against the normalized Niño 3.4 pre-
cipitation index (shading with 10−11 s−2) and Rossby rays (colored scatters) for dif-
ferent zonal wavenumber k, starting from the gridpoint of maximum TRWS in the
SEA (20°N–40°N, 80°E–140°E) for a ERA5 (!uERA5) and b ERA5 superposed to the

difference of zonal wind climatology between bad and goodmodels (!uERA5+ !uBAD -

GOOD). c–h as in a, b but for the TP (0°–30°N, 180°E–120°W), the CS (5°–25°N,
70°W–20°W), and the GM (25°N–45°N, 110°W–60°W) sectors, respectively. The
boxes in the left panels highlight the key areas where the rays are initiated and where
TRWS-based indices are computed.

https://doi.org/10.1038/s41612-025-01064-2 Article

npj Climate and Atmospheric Science | ����������(2025)�8:226� 9
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ENSO teleconnections and atmospheric mean state in idealised simulations

1 3

of Rossby waves reducing the values of the turning latitude 
and  thus  inducing  a  southward  shift  of  the  signal  in  geo-
potential height. On the other hand, a weaker jet leads to a 
poleward turning latitude and a consequent poleward shift 
of the Rossby wave train.

4 Discussion

Not many authors have explored the impact of changes in 
models’  orography.  Generally,  the most  used  approach  is 
either the complete removal of the orography or the removal 
of a specific mountain chain (White et al. 2017,2018, Bald-
win  et  al.  2021).  For  example,  several  papers  studied  the 
role  of  the Tibetan  plateau  and  the Mongolian mountains 
(Boos & Kuang 2010, Chiang et al. 2015, Shi et al. 2016, 
White  et  al.  2017,  Kong & Chiang  2020)  in  shaping  the 
large-scale  Northern  Hemisphere  atmospheric  circulation. 
White et al. 2021 compared simulations with standard orog-
raphy and simulations carried out removing completely all 
the orography. They found out  that  the orography reduces 
the mean zonal wind by 50–80% and, without the orogra-
phy, the wintertime zonal wind of the Northern Hemisphere 
is  comparable  with  the  Southern  Hemisphere  winter  jet. 
The resolved orography accounts for about 1/3 of the total 
slowdown of  zonal wind. The ROCK experiments, which 
showed (Figs. 3 and 4) that the height of the Rocky Moun-
tains affects linearly the zonal wind, are consistent with 
these results.

the ROCK experiments  is  comparable with  the  reanalysis 
values. Nonetheless, the meridional profile is different and 
none of  the SPEEDY experiments  is able  to  represent  the 
reanalysis profile well. For values lower than 3, the spread 
of the ROCK experiment is reduced and all the simulations 
satisfactorily follow the profile of ERA-Interim. The experi-
ments with the larger Rocky Mountains, however, are more 
similar to the reanalysis than those with the Rocky Moun-
tains decreased, possibly because the higher orographic bar-
rier  reduces  the  jet  speed  reducing  the  zonal wind model 
bias. Moreover, Fig. 3 showed that ERA-Interim has a lower 
value of the PJL index with respect to the ROCK experi-
ments. The bias in the latitudinal position of the jet stream 
is related to the bias in the meridional profile of the Rossby 
stationary  wavenumber.  Indeed,  a  jet  at  lower  latitudes 
implies lower turning latitudes.
It  is  evident  how  the  turning  latitude  associated  with 

wavenumbers  between  3  and  5,  which  correspond  to  the 
typical Rossby signal generated by ENSO (Li et al. 2020) 
changes with the height of the Rocky Mountains and con-
sequently with the speed and the position of the Pacific jet. 
Experiments  characterized  by  a  more  intense  jet  stream 
over the Pacific Ocean (blue lines) show equatorward turn-
ing  latitudes;  experiments with  a weaker  jet  stream  show 
poleward turning latitudes. The changes of the turning lati-
tude values across ROCK experiments are consistent with 
the observed changes of the position of the ENSO-induced 
Rossby wave train over North America in NINO/NINA 
experiments (Fig. 7); a stronger jet modifies the propagation 

Fig. 11  Schematic representation of the impact of the orography on the ENSO response

 

3299

Di Carlo, E., Ruggieri, P., Davini, P. et al. ENSO teleconnections and atmospheric mean state in idealised simulations. Clim Dyn 59, 3287–3304 (2022).
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Merryfield et al. 
(2020, BAMS)
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Teleconnections and predictions

channeling in the Ebro valley and the Gulf of Lion). The impact of
the SCA resembles the reversed impact of the NAO, but a bit shifted
towards the southeast. This is no surprise, since NAO and SCA have
a correlation of !0.52 in winter.

For solar power, positive NAO phases increase generation in
southern and central Europe, especially in the Balkans. The EA
positive phases reduce generation in the Iberian peninsula,
particularly in Portugal. Positive EAWR phases increase solar gen-
eration in central Europe, especially in France, Switzerland and
Germany, but also in the northwest of Spain, parts of Italy and the
Balkans. The impact of the SCA also looks like a southward shifted
and reversed impact of the NAO, with its strongest signal over Italy
and the Balkans.

A similar analysis at country scale (Fig. 2) reveals that in many
countries not only the NAO dwhich has been the target of many
studiesd is relevant to determine wind production. In Spain, the
state of the EA and the SCA have more impact that the NAO. In
France, the EA is the teleconnection with most impact, even if the

regional impacts (Fig. 1) are of opposite sign in the southeast of the
country. And in Italy, the EAWR is the most relevant teleconnection.

For each European country, the correlations have been
computed from the three CF datasets (see Methods) to evaluate the
sensitivity to the observational reference. Despite the differences
between the three datasets in terms of the available period, the
power plant fleet and the energy conversion methodology
employed, the correlations between the teleconnection indices and
the country-aggregate CF values remain relatively stable. The
largest deviations are seen in Montenegro, where the renewable
fleet is small, and therefore minor differences in the considered
wind farm locations can result in substantial CF differences.

3.2. Explanatory power of the teleconnections

A multi-linear regression between the observed teleconnection
indices and the historical capacity factors has been fitted for each
European country (see Methods). The determination coefficient r2

Fig. 2. Correlation coefficients between observed teleconnection indices and estimated wind CFs in winter, obtained from three datasets and for each of the European countries.
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However, note that due to the Varimax rotation employed, the
teleconnection indices still have some degree of correlation be-
tween them.

2.3. Seasonal hindcasts of Euro-Atlantic teleconnection indices

Ensemble seasonal predictions of the four Euro-Atlantic tele-
connection indices have been obtained from five different Seasonal
Prediction Systems (SPS) that are made available by the Copernicus
Climate Change Service (C3S): the System2 from Deutscher Wet-
terdienst (DWD2, Deutscher Wetterdienst [9]), the GloSea5-GC2
(GSCGC2) from the UKMet Office [36,58], the System 6 fromM!et!eo
France (MF6, Dorel et al. [11]), the SEAS5 [28] from the European
Centre for Medium-Range Weather Forecasts and the Seasonal
Prediction System 3 (SPS3) from Centro Euro-Mediterraneo sui
Cambiamenti Climatici [49]. The C3S provides hindcasts (i.e.
retrospective predictions) produced with the same state-of-the-art
prediction systems that are used for operational prediction. They
cover the 1993e2016 period in a unified 1! " 1! grid for all the
systems, and serve to assess the forecast quality [20,55]. Addi-
tionally, a multi-system combination was also produced by pooling
all the ensemble members together. Such multi-system combina-
tions benefit from the strengths of the different contributors and
produce more robust results than the individual systems [19], and
should therefore be preferred.

For each prediction system, ensemble member and year, the
teleconnection forecasts are obtained by projecting the Z500 sea-
sonal mean anomalies onto the ERA5-derived teleconnection pat-
terns. A more detailed description of this process can be found in
Lled!o et al. [33], which also presents a comprehensive evaluation of
the quality of the teleconnection index forecasts.

2.4. Deriving energy production from the teleconnection indices

VRE generation in European countries can be modelled through
the state of the four aforementioned teleconnection indices. For
each country or NUTS2 region under consideration, we build a
statistical model that relates observed values of seasonal-mean CF
to the state of the four teleconnection indices during that season:

CFzf ðNAO; EA; EAWR; SCAÞ (1)

The most suitable function f to approximate the actual CF values is
to be found by analyzing the contemporaneous records of CF and
teleconnection index observations. For the EMHIRES dataset this
results in a period of 30 years, and given that the analyses are
carried out at seasonal timescales and separately for each season,
the sample sizes consist of only 30 elements for estimating the
model parameters. Therefore, only simple statistical models with
few parameters can be employed. Accordingly, a multi-linear
regression with a pre-selection of the relevant predictors is fit to
the historical data for each region:

CFðtÞza,NAOðtÞ þ b,EAðtÞ þ c,EAWRðtÞ þ d,SCAðtÞ (2)

The parameters are estimated by least squares, but the pre-
selection of the predictors fixes some of the parameters a, b, c or
d in eq. (2) to zero and serves to prevent collinearity and overfitting.
A forward and backward stepwise selection based on Akaike In-
formation Criteria (AIC) is employed to such end [25]. Note that the
selection of the predictors does not take into account the accuracy
of the teleconnection forecasts employed later on.

Given that in this setting the predictors are obtained from a
REOF analysis of Z500, the overall method can be seen as a Principal
Component Analysis regression [2,25]. The goodness of fit (i.e.

accuracy of the approximation) has been measured by the deter-
mination coefficient r2 between fitted values (right side of eq. (2))
and actual values of CF (left side of eq. (2)).

2.5. Transforming teleconnection forecasts into energy forecasts

The statistical model developed in the previous paragraphs can
be employed to transform (or bridge [53]) seasonal predictions of
teleconnection indices into country or NUTS2 CF forecasts (ĈF), just
by plugging predicted values of the teleconnection indices ( ^NAO,
ÊA, …) into the function f:

ĈFdf ð ^NAO; ÊA; ^EAWR; ^SCAÞ (3)

The proposed setting (known as perfect prognosis [37]) does not
correct any potential biases in the teleconnection indices used as
predictors, but has two main advantages: firstly, the usage of ob-
servations for training the statistical model allows for larger
training samples (i.e. we are not restricted to the teleconnection
hindcast length, which consists of 24 years only). Secondly, the
statistical model can be reused for any prediction of the indices
despite its origin (i.e. we can use teleconnection forecasts from any
seasonal prediction system or even from empirical methods).

The procedure is done individually for each ensemble member,
producing an ensemble of CF forecasts that can be used to estimate
probabilities of certain events. Following standard practice in the
climate prediction arena, the ensemble members are distributed in
three categories (below normal CF/normal CF/above normal CF)
that are defined based on the terciles of the historical distribution
of CF values. Then the probability of observing each tercile category
is derived from the proportion of ensemble members in each group
(see Fig. 5 for an example).

2.6. Forecast verification

The quality of the CF forecasts has been evaluated for the
hindcast covering the years 1993e2016. The EMHIRES CF dataset
that was employed to fit the statistical modelling has also been
used as verification truth. In order not to use the verifying obser-
vations during the statistical model training step, the verification
has been done in a leave-one-out cross validation setting [25]. For
each year that wewant to predict and verify, one instance (seasonal
mean value of CF) is kept aside for verification and a separatemodel
is trained with the remaining observations.

The probabilistic CF forecasts have been verified with three
selected metrics that measure different quality aspects [29]. First,
Ensemble Mean Correlation (EMC) is a very useful indicator of
potentially available skill. If a forecast does not contain a minimum
level of EMC it will be very difficult to extract any useful informa-
tion from it, therefore it is a good choice for a first screening. Sec-
ondly, the Ranked Probability Skill Score (RPSS) measures the
accuracy of forecasts presented in the form of tercile probabilities
(i.e. probabilities of observing below normal, normal or above
normal CF), when compared to climatological probabilities for
those three categories (33% each). RPSS takes into account both the
sharpness and the reliability of predictions, and is known to be a
harsh standard [38]. In third place, the discrimination for the upper
and lower tercile forecasts is evaluated by means of Relative
Operating Characteristic (ROC) curves, which display the hit rate
and false alarm rate at various probability thresholds. For each ROC
curve, the ROC Skill Score (ROCSS) is obtained by computing the
area under the curve (AUC) and comparing it to the value of 0.5 that
would be obtained with random forecasts (i.e. ROCSS ¼ 2 , AUC '
1).
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However, note that due to the Varimax rotation employed, the
teleconnection indices still have some degree of correlation be-
tween them.

2.3. Seasonal hindcasts of Euro-Atlantic teleconnection indices

Ensemble seasonal predictions of the four Euro-Atlantic tele-
connection indices have been obtained from five different Seasonal
Prediction Systems (SPS) that are made available by the Copernicus
Climate Change Service (C3S): the System2 from Deutscher Wet-
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Centre for Medium-Range Weather Forecasts and the Seasonal
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Cambiamenti Climatici [49]. The C3S provides hindcasts (i.e.
retrospective predictions) produced with the same state-of-the-art
prediction systems that are used for operational prediction. They
cover the 1993e2016 period in a unified 1! " 1! grid for all the
systems, and serve to assess the forecast quality [20,55]. Addi-
tionally, a multi-system combination was also produced by pooling
all the ensemble members together. Such multi-system combina-
tions benefit from the strengths of the different contributors and
produce more robust results than the individual systems [19], and
should therefore be preferred.

For each prediction system, ensemble member and year, the
teleconnection forecasts are obtained by projecting the Z500 sea-
sonal mean anomalies onto the ERA5-derived teleconnection pat-
terns. A more detailed description of this process can be found in
Lled!o et al. [33], which also presents a comprehensive evaluation of
the quality of the teleconnection index forecasts.

2.4. Deriving energy production from the teleconnection indices

VRE generation in European countries can be modelled through
the state of the four aforementioned teleconnection indices. For
each country or NUTS2 region under consideration, we build a
statistical model that relates observed values of seasonal-mean CF
to the state of the four teleconnection indices during that season:

CFzf ðNAO; EA; EAWR; SCAÞ (1)

The most suitable function f to approximate the actual CF values is
to be found by analyzing the contemporaneous records of CF and
teleconnection index observations. For the EMHIRES dataset this
results in a period of 30 years, and given that the analyses are
carried out at seasonal timescales and separately for each season,
the sample sizes consist of only 30 elements for estimating the
model parameters. Therefore, only simple statistical models with
few parameters can be employed. Accordingly, a multi-linear
regression with a pre-selection of the relevant predictors is fit to
the historical data for each region:

CFðtÞza,NAOðtÞ þ b,EAðtÞ þ c,EAWRðtÞ þ d,SCAðtÞ (2)

The parameters are estimated by least squares, but the pre-
selection of the predictors fixes some of the parameters a, b, c or
d in eq. (2) to zero and serves to prevent collinearity and overfitting.
A forward and backward stepwise selection based on Akaike In-
formation Criteria (AIC) is employed to such end [25]. Note that the
selection of the predictors does not take into account the accuracy
of the teleconnection forecasts employed later on.

Given that in this setting the predictors are obtained from a
REOF analysis of Z500, the overall method can be seen as a Principal
Component Analysis regression [2,25]. The goodness of fit (i.e.

accuracy of the approximation) has been measured by the deter-
mination coefficient r2 between fitted values (right side of eq. (2))
and actual values of CF (left side of eq. (2)).

2.5. Transforming teleconnection forecasts into energy forecasts

The statistical model developed in the previous paragraphs can
be employed to transform (or bridge [53]) seasonal predictions of
teleconnection indices into country or NUTS2 CF forecasts (ĈF), just
by plugging predicted values of the teleconnection indices ( ^NAO,
ÊA, …) into the function f:

ĈFdf ð ^NAO; ÊA; ^EAWR; ^SCAÞ (3)

The proposed setting (known as perfect prognosis [37]) does not
correct any potential biases in the teleconnection indices used as
predictors, but has two main advantages: firstly, the usage of ob-
servations for training the statistical model allows for larger
training samples (i.e. we are not restricted to the teleconnection
hindcast length, which consists of 24 years only). Secondly, the
statistical model can be reused for any prediction of the indices
despite its origin (i.e. we can use teleconnection forecasts from any
seasonal prediction system or even from empirical methods).

The procedure is done individually for each ensemble member,
producing an ensemble of CF forecasts that can be used to estimate
probabilities of certain events. Following standard practice in the
climate prediction arena, the ensemble members are distributed in
three categories (below normal CF/normal CF/above normal CF)
that are defined based on the terciles of the historical distribution
of CF values. Then the probability of observing each tercile category
is derived from the proportion of ensemble members in each group
(see Fig. 5 for an example).

2.6. Forecast verification

The quality of the CF forecasts has been evaluated for the
hindcast covering the years 1993e2016. The EMHIRES CF dataset
that was employed to fit the statistical modelling has also been
used as verification truth. In order not to use the verifying obser-
vations during the statistical model training step, the verification
has been done in a leave-one-out cross validation setting [25]. For
each year that wewant to predict and verify, one instance (seasonal
mean value of CF) is kept aside for verification and a separatemodel
is trained with the remaining observations.

The probabilistic CF forecasts have been verified with three
selected metrics that measure different quality aspects [29]. First,
Ensemble Mean Correlation (EMC) is a very useful indicator of
potentially available skill. If a forecast does not contain a minimum
level of EMC it will be very difficult to extract any useful informa-
tion from it, therefore it is a good choice for a first screening. Sec-
ondly, the Ranked Probability Skill Score (RPSS) measures the
accuracy of forecasts presented in the form of tercile probabilities
(i.e. probabilities of observing below normal, normal or above
normal CF), when compared to climatological probabilities for
those three categories (33% each). RPSS takes into account both the
sharpness and the reliability of predictions, and is known to be a
harsh standard [38]. In third place, the discrimination for the upper
and lower tercile forecasts is evaluated by means of Relative
Operating Characteristic (ROC) curves, which display the hit rate
and false alarm rate at various probability thresholds. For each ROC
curve, the ROC Skill Score (ROCSS) is obtained by computing the
area under the curve (AUC) and comparing it to the value of 0.5 that
would be obtained with random forecasts (i.e. ROCSS ¼ 2 , AUC '
1).
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Targeted Teleconnections and their Application to the
Postprocessing of Climate Predictions
Clementine Dalelane et al, preprint 

Figure 2. Seasonal NAE ocean–atmosphere interaction patterns. Seasonal subplots left/right colums: MSLP-targeted SST/respective MSLP-

patterns. Upper/lower rows: first/second dominant patterns.

4.3.1 Ensemble Subsampling

In DWD, seasonal forecasts of GCFS2.1 with initialization dates from September to December are postprocessed with a280

subsampling algorithm, which selects forecast ensemble members according to their closeness to an empirical first guess of

the future circulation indices. Fig. 3 row (a) shows the mean squared error skill scores (MSESS) of the seasonal ensemble

mean hindcasts initialized in September for T2M wrt. climatology for lead times 0 to 3 months with rather modest skill.

Rows (b) and (c) show subselected hindcasts, where the true (EOF and PLS, respectively) teleconnection indices are applied.

We chose to showcase the hindcast initialized on September 1, because it covers both the SON and the DJF season, which285

present opposite behaviors in their coefficients of determination as listed in Table 1. The subsampling applied to true indices

marks the limits to the potential improvement, when estimation errors are zero. Whilest the subsampled hindcast for DJF wrt.

untargeted telecconections is equally skillful as the one subsampled wrt. T2M-targeted teleconnections, the other hindcasts’

11
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However, by comparing with observations, we find significant cor-
relation skill of the ensemble mean (ACC = 0.48, P = 0.02), whereas 
persistence provides a poor forecast (ACC = 0.1). Hence, skilful climate 
model predictions of the NAO are possible using the ensemble mean, 
but the signal-to-noise ratio is too small (RPC = 4.2) and its variance 
must be calibrated to provide realistic forecasts19.

Rescaling the ensemble-mean time series to have the same variance as 
the observations reveals that the predictions do capture the observed 
increase from the 1960s to 1990s and decrease thereafter (Fig. 2b). 
However, even with 169 ensemble members (Fig. 2b, thin red curve) 
there are large interannual variations that are not expected or observed 
in 8-yr rolling means. We therefore create a larger, lagged ensemble by 
taking the average of the four latest forecasts available at each start date 
(giving 676 members; Fig. 2b, thick red curve; see Methods). This reveals 
that the NAO is highly predictable on decadal timescales (ACC = 0.79, 
P < 0.01), in stark contrast to the lack of predictability implied by the 
standard interpretation of raw model output (Fig. 2a). Importantly, 
the signal-to-noise ratio is much too small in the models (RPC = 11, 
P = 0.02). The total 8-yr variability of the NAO in individual model 
members (standard deviation of 1.7–2.6 hPa, 5%–95% range, year-2–9 
forecasts) is not significantly different from the observations (2.4 hPa). 
Hence, the predictable signal (see Methods) is underestimated by an 
order of magnitude in the model ensemble. Because the standard error 
of the ensemble mean is reduced by the square-root of the ensemble 
size, the ensemble required to extract the signal is 100 times larger 
than it would be for perfect models.

The fact that the NAO signal is much too weak in models implies that 
the effects of the NAO will be underestimated relative to other factors 
such as greenhouse gases. Hence, in regions influenced by the NAO, 
the ensemble mean will not reflect the true balance of driving factors 

and inflating its variance to be the same as observed will not correct 
the error. A potential solution is to post-process the model output by 
selecting a subset of ensemble members from the lagged ensemble 
(of 676 members), corresponding to the 20 members whose simu-
lated NAO is closest in sign and magnitude to the ensemble-mean NAO, 
after adjusting it to take into account the underestimated signal. The 
simulated NAO for these members have similar magnitudes to that of 
the variance-adjusted forecast NAO, while retaining influences from 
greenhouse gases and other sources. We refer to this procedure as 
‘NAO matching’ (see Methods). It builds on previous techniques24,25 by 
using the models as much as possible instead of observed relationships, 
which may not be causal or robust.

We investigate this technique first for forecasts of Atlantic multi-
decadal variability (AMV; see Methods). AMV is thought to be one 
of the most predictable aspects of decadal climate26, yet the lagged 
ensemble mean does not capture the correct timing of the minimum 
in the late 1980s (Fig. 2c). NAO matching captures the minimum and 
subsequent rapid warming in much better agreement with observations 
(Fig. 2d), consistent with evidence that AMV is at least partly forced 
by the NAO27–29. We find similar improvements for northern European 
rainfall. The lagged ensemble mean is not significantly skilful and the 
observations lie outside the modelled uncertainties in the 1960s and 
1980s (Fig. 2e), whereas the NAO-matched ensemble is significantly 
skilful (ACC = 0.72, P < 0.01) and captures the observed increase from 
the 1960s to late 1980s and decrease thereafter. As expected, these 
improvements are not seen by simply adjusting the variance of the 
ensemble mean (Extended Data Fig. 1).

Forecasts of extreme decades would be of particular value because 
they could enable action to be taken in advance to avoid the most 
severe climate effects30. We therefore investigate the extreme 
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Fig. 2 | Underestimated signals. a, Observed (black) and model-forecast 
(years 2–9; red) 8-yr running means for the boreal winter (December to March) 
NAO index. The red curve shows the ensemble mean of the 169 members; the 
red shading shows the 5%–95% confidence interval diagnosed from the 
individual members. The anomalies are relative to the average over all year-2–9 
hindcasts. The ACC of the forecast ensemble mean, the ACC of a forecast made 
by persisting the latest observed 8-yr mean available before each start date and 
the RPC are indicated. b, As in a, but with the ensemble-mean forecast (red) 

rescaled to have the same variance as the observations (thin red curve), and 
then smoothed by taking the lagged average of the latest four forecasts at each 
start date (thick red curve; 676 members; see Methods). The forecast 
uncertainty (red shading; 5%–95% confidence interval) is obtained from the 
forecast ensemble-mean error variance (see Methods). c, As in a, but for AMV 
and the lagged ensemble. d, As in c, but for the NAO-matched forecast (see 
Methods). e, f, As in c and d, but for northern European rainfall. NAO, AMV and 
northern European rainfall indices are defined in Methods.
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positive NAO between 1986 and 1997 (8-yr means starting 1986 to 
1990, where the year refers to the December of the winter season; 
Fig. 2a). Consistent with the above results, the raw lagged ensemble 
mean shows virtually no signal compared to the observed variability 
(Fig. 3a–c compared to Fig. 3d–f). Adjusting its variance to be equal 
to the observed variance (Fig. 3g–i) reveals that the forecasts do cap-
ture the positive NAO (as expected from Fig. 2b), but the expected 
effects are underestimated, especially for temperature and north-
ern European precipitation. However, the NAO-matched forecast 
(Fig. 3j–l) shows a clear improvement and captures the expected 
quadrupole pattern: warm, wet anomalies in northern Eurasia and 
southeast North America; cold, dry anomalies in northern Africa, 
northeast North America and parts of southern Europe; and low 
pressure across the Arctic. Similar improvements from NAO matching 
are found for trends and for skill measured over all of the hindcasts 
(Extended Data Figs. 2–4).

We have shown that the winter NAO and related effects on Europe and 
eastern North America are highly predictable on decadal timescales. 
AMV is usually believed to be an important source of decadal prediction 
skill26,31. However, we find that predictions of AMV can be improved 
by using the forecast NAO (Fig. 2c,d), whereas predictions of the NAO 
are degraded by selecting the most skilful AMV ensemble members 
(Extended Data Fig. 5). This suggests that the NAO is not solely driven 
by AMV. Other potential influences, such as the tropics32–34, warrant 
further investigation.

Crucially, we find that the NAO signal is underestimated by an order 
of magnitude in the model ensemble. This adds to an increasing body 
of evidence that the signal-to-noise ratio is too small in climate models, 

as seen on seasonal20,35–37, interannual38 and decadal19,39,40 timescales. 
Consequently, the real world is more predictable than climate models 
suggest10,18 and uncertainties diagnosed from raw model simulations 
are too large. The cause of this error is not yet known, although there are 
several theories, including weak teleconnections to the quasi-biennial 
oscillation41, lack of persistence in the NAO42,43 and in weather regimes44, 
unresolved ocean–atmosphere interactions45 and weak transient eddy 
feedback46.

A key question is whether climate models also underestimate sig-
nals on timescales beyond a decade. There is some evidence that the 
response of atmospheric circulation to Arctic sea-ice loss47 and to exter-
nal factors10 such as volcanic eruptions, solar variations and ozone 
changes are too weak in models. Models also appear to underestimate 
the magnitude of multi-decadal temperature variability48,49, especially 
for the North Atlantic50,51. Furthermore, model-simulated winter climate 
change signals in the North Atlantic increase substantially as resolution 
increases52, consistent with the suggestion that eddy feedbacks are 
inadequately resolved46. If this is robust, treating current model simula-
tions at face value leads to misleading conclusions about uncertainties 
and irreducible internal variability.

Online content
Any methods, additional references, Nature Research reporting sum-
maries, source data, extended data, supplementary information, 
acknowledgements, peer review information; details of author con-
tributions and competing interests; and statements of data and code 
availability are available at https://doi.org/10.1038/s41586-020-2525-0.
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Fig. 3 | Decadal predictions of the extreme-NAO period (1986–1997).  
a–c, Observed anomalies in temperature (a), precipitation (b) and mean 
sea-level pressure (c). Averages are taken for boreal winter (December to 
March) for all periods corresponding to year-2–9 forecasts with start dates of 
1985–1989 inclusive (so that years 2–9 cover 1986–1997, where the year refers to 
December of the winter season; see Methods). These averages are then 
converted to standardized anomalies by removing the average over all hindcast 

start dates (1960–2005, inclusive) and dividing by the standard deviation (s.d.) 
of rolling 8-yr periods. d–f, As in a–c, but for raw lagged ensemble-mean 
forecasts standardized by the observed standard deviation, showing the signal 
relative to the observed variability. g–i, As in d–f, but standardized by the 
ensemble-mean standard deviation. j–l, As in d–f, but for NAO-matched 
forecasts (standardized by standard deviation of NAO-matched ensemble 
means).
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positive NAO between 1986 and 1997 (8-yr means starting 1986 to 
1990, where the year refers to the December of the winter season; 
Fig. 2a). Consistent with the above results, the raw lagged ensemble 
mean shows virtually no signal compared to the observed variability 
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southeast North America; cold, dry anomalies in northern Africa, 
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pressure across the Arctic. Similar improvements from NAO matching 
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feedback46.

A key question is whether climate models also underestimate sig-
nals on timescales beyond a decade. There is some evidence that the 
response of atmospheric circulation to Arctic sea-ice loss47 and to exter-
nal factors10 such as volcanic eruptions, solar variations and ozone 
changes are too weak in models. Models also appear to underestimate 
the magnitude of multi-decadal temperature variability48,49, especially 
for the North Atlantic50,51. Furthermore, model-simulated winter climate 
change signals in the North Atlantic increase substantially as resolution 
increases52, consistent with the suggestion that eddy feedbacks are 
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tions at face value leads to misleading conclusions about uncertainties 
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start dates (1960–2005, inclusive) and dividing by the standard deviation (s.d.) 
of rolling 8-yr periods. d–f, As in a–c, but for raw lagged ensemble-mean 
forecasts standardized by the observed standard deviation, showing the signal 
relative to the observed variability. g–i, As in d–f, but standardized by the 
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Underestimation of predictable signals for European climate in state-of-
the-art GCMs (signal-to-noise paradox).

Postprocessing the output of seasonal and decadal predictions can lead 
to an improvement that would be achieved with a ≈ 100 times larger  
ensemble. 
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F��. 3. a) Anomaly correlation coefficient (ACC) computed for the full C3S MME mean with respect to ERA5

for Z500. b) As a) but for the subsampled C3S MME mean. The subsampling of the MME is performed using

all the April NAO predictors and selecting 10 members for every predictor. c) Difference between the ACC

computed for the subsampled MME mean and the ACC computed for the full MME mean for Z500. Black dots

denote ACC and differences that are statistically significant at the 90% confidence level. d, e, f) As a, b, c) but for

T2m. g, h, i) As a, b, c) but for TX90p.
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interactions, often require large datasets and lack the inductive biases
necessary to recognize key local ENSO precursors16,27,28. To address these
challenges, CNN-transformer hybrid models have been introduced in
geoscience29–31, and their application to ENSO forecasting has demonstrated
robust performanceup to 18months across diverse test datasets32.However,
this current approach predominantly relies on an encoder-based, SST-only
architecture, failing to incorporate the critical ocean-atmosphere interac-
tions that govern ENSO evolution33.

In response to these limitations, we introduce CTEFNet (Convolu-
tional Transformer ENSO Forecast Network), a novel hybrid deep learning
model that synergistically integrates CNNs within a transformer encoder-
decoder architecture. By leveraging the complementary strengths of these
architectures and incorporating a comprehensive set of oceanic and
atmospheric variables, CTEFNet effectively captures the multivariate pre-
cursors of ENSO evolution. Our model achieves state-of-the-art forecast
performance, extending the effective lead time to 20 months. Moreover,
CTEFNet successfully mitigates the SPB, underscoring its robustness and
reliability in long-range ENSO forecasting.

Beyond its predictive superiority, CTEFNet enables further physical
interpretability when combined post hoc with a novel gradient-based sen-
sitivity analysis34,35, inspired by the principles of adjoint modeling
techniques36–39. Unlike conventional sensitivity analysis that relies on an
ensemble of forwardmodeling with perturbed inputs16,21, adjoint sensitivity
analysis, widely used in ocean and climate modeling, quantifies how per-
turbations in an objective function propagate backward through the evo-
lutionof a system38.However, adjointmodels are computationally expensive
and often constrained by linearity assumptions, which limit their applic-
ability to complex, nonlinear systems. In contrast, backpropagation gra-
dients offer a computationally efficient and nonlinear assessment of input
influence on the objective, in this case, ENSO evolution. This approach
enables a systematic evaluation of the relative importance of different inputs
across varying temporal and spatial scales25,32,40. While conventional DL
gradient-based methods primarily evaluate how input perturbations affect
predictive performance23, our approach combinesDLgradientswith adjoint
principles to derive a dynamic, spatiotemporally evolving sensitivity ana-
lysis, revealing the physical mechanisms that drive ENSO formation from a
data-driven perspective.

Our sensitivity analysis uncovers physical precursors of ENSO events
consistent with established mechanisms41–49. Furthermore, it reveals new
insights into the development of inter-basin interactions, advancing our
understanding of ENSO’s global influence. By improving both predictive

skill and interpretability, this studyhighlights the critical role ofmultivariate
coupling in ENSO dynamics and underscores the value of deep learning in
climate science. Thesefindings establishCTEFNet as a practical and scalable
solution for long-term ENSO forecasting, bridging the gap between data-
driven predictions and physical understanding of climate variability.

Results
CTEFNet, built upon a novel CNN-transformer hybrid architecture
(MATERIALS AND METHODS), integrates key ocean-atmosphere vari-
ables from the Coupled Model Intercomparison Project Phase 6 (CMIP6)
SSP370 dataset, spanning 2015 to 2100. This dataset, representing a
medium-to-high emissions scenario, incorporates future climate forcings,
providing a comprehensive depiction of ENSO dynamics in a warming
climate. Using a 12-month predictor window, CTEFNet incorporates SST,
heat content (HC), mixed layer depth (MLD), sea surface salinity (SSS), sea
level pressure (SLP), and the zonal and meridional components of ocean
surface current velocity (UO, VO) and wind stress (TAUU, TAUV).
CTEFNet predicts the evolution of the Niño 3.4 index over a 24-month
horizon, and its performance is rigorously assessed through prediction skill
evaluations and sensitivity analysis, utilizing reanalysis data from theGlobal
Ocean Data Assimilation System (GODAS) and the fifth-generation
ECMWF atmospheric reanalysis (ERA5) from 1980 to 2021.

Predictive skill of CTEFNet in ENSO forecasting
To assess the forecasting skill of CTEFNet, we utilize the Niño 3.4 index, a
widely used SST anomaly-based metric, to characterize ENSO variability.
CTEFNet exhibits superior forecast skill, significantly outperforming the
North American Multi-Model Ensemble (NMME) dynamical models50, as
well as state-of-the-art DL approaches including CNN16, Geoformer21,
ResCNN24, ResoNet32, and STPNet26. As shown in Fig. 1, CTEFNet
demonstrates markedly higher predictive accuracy in terms of correlation
coefficient, particularly for mid-to-long-term forecasts with lead times
beyond 6 months. It maintains all-season correlation skills above 0.7 for
forecast leads up to 12months, extending its predictive horizonby 3months
longer than existed deep learningmodels, and by over 5months longer than
dynamical models. Additionally, CTEFNet sustains all-season correlation
skills above 0.6 for forecast leads extending beyond 17 months, a 4-month
improvement over existing deep learning models. Although previously
developed DL models exhibit strong forecasting performance on specific
datasets, their forecasting capabilities typically diminishwhen trainedon the
CMIP6 SSP370 data, often limiting their effective lead time to around

Fig. 1 | ENSO correlation skill in CTEFNet and other models. The all-season
correlation skill of the three-month-moving-averaged Niño 3.4 index as a function
of the forecast lead month in CTEFNet (solid orange), CNN(solid deep blue),
Geoformer (solid purple), ResCNN (solid green), ResoNet (solid brown), STPNet

(solid pink), persistent forecast (dash black) and the dynamical forecast systems
included in the NMME project (dash with other colors). The shading around the
lines for the DLmodels denotes the 95% confidence interval, based on the bootstrap
method.The validation period is between 1980 and 2021.
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Toward long-range ENSO prediction with
an explainable deep learning model
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Qi Chen1,2,10, Yinghao Cui2,10, Guobin Hong3, Karumuri Ashok4, Yuchun Pu5, Xiaogu Zheng6,7,
Xuanze Zhang8, Wei Zhong2,9, Peng Zhan1 & Zhonglei Wang2,9

El Niño-Southern Oscillation (ENSO) is a prominent mode of interannual climate variability with far-
reaching global impacts. Its evolution is governed by intricate air-sea interactions, posing significant
challenges for long-term prediction. In this study, we introduce CTEFNet, a multivariate deep learning
model that synergizes convolutional neural networks and transformers to enhance ENSO forecasting.
By integrating multiple oceanic and atmospheric predictors, CTEFNet extends the effective forecast
lead time to 20 months while mitigating the impact of the spring predictability barrier, outperforming
both dynamical models and state-of-the-art deep learning approaches. Furthermore, CTEFNet offers
physicallymeaningful and statistically significant insights through gradient-based sensitivity analysis,
revealing the key precursor signals that govern ENSO dynamics, which align with well-established
theories and reveal new insights about inter-basin interactions among the Pacific, Atlantic, and Indian
Oceans. TheCTEFNet’s superior predictive skill and interpretable sensitivity assessments underscore
its potential for advancing climate prediction. Our findings highlight the importance of multivariate
coupling in ENSO evolution and demonstrate the promise of deep learning in capturing complex
climate dynamics with enhanced interpretability.

El Niño-Southern Oscillation (ENSO) is one of the most prominent modes
of interannual climate variability, characterized by shifts in sea surface
temperatures (SST) across the tropical Pacific Ocean and the weakening of
equatorial trade winds. ENSO exerts profound global influences onweather
patterns, agriculture, and socio-economic systems by driving variability in
precipitation, temperature, as well as extreme events such as droughts and
floods1–3. Traditional statistical and dynamical models have demonstrated
predictive skill within a lead time of about 12 months (where effective
forecast lead time is defined as the period during which the correlation
between the forecasted ENSO index and the observed value remains above
0.50)4–9. However, ENSO prediction remains a formidable challenge due to
the system’s inherent nonlinearity, stochasticity, and multivariate
dependencies5,10–14, with one of the most persistent limitations being the
spring predictability barrier (SPB)15.

Recent advances in deep learning (DL) have demonstrated transfor-
mative potential in ENSO forecasting. Convolutional neural networks

(CNNs) have demonstrated remarkable skill in capturing spatial features,
extending the effective forecast lead time beyond 15 months16,17. Other DL
techniques, such as recurrent neural networks (RNNs)18, convolutional long
short-term memory (LSTM) neural networks19, graph neural networks20,
and transformers21–23, have further enhanced spatiotemporal dependency
modeling, successfully extending forecast lead times to 18 months and
beyond, with some models achieving performance exceeding
20 months23–26. Among these advancements, transformer-based archi-
tectures have emerged as a particularly powerful approach, leveraging self-
attentionmechanisms to capture complex, long-range dependencies across
three-dimensional ENSOdynamics.However, despite these improvements,
no single architecture is universally optimal for ENSO forecasting. For
instance, CNNs and transformers, two of the most widely adopted DL
models in this field, each exhibit distinct strengths and limitations. CNNs,
while adept at extracting spatial features, struggle to capture long-term
dependencies.Meanwhile, transformers, despite their ability tomodel global
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or based on expert judgment of plausible changes to observed events (Pisaric et al., 2011; Dessai et al., 2018). They can be used for 
attributing events to different causal factors (Lackmann, 2015; Meredith et al., 2015b; Takayabu et al., 2015; Trenberth et al., 2015; 
Shepherd, 2016a; Section 11.2.4) as well as for exploring the unfolding of events in future climates.

Physical climate storylines are complementary to probabilistic or unconditional risk-based approaches, and are particularly suitable to 
explore low-likelihood changes or events, which are often associated with the highest impacts (Shepherd et al., 2018; Sillmann et al., 
2020; Section 4.8). They also facilitate providing local context to large-scale trends and changes, by conditioning the projections on 
locally relevant circumstances (Hazeleger et al., 2015). Storylines are also developed based on expert elicitation and include plausible 
changes beyond those simulated by existing model projections in order to explore deep uncertainties (Dessai et al., 2018).

Storylines can be combined with impact modelling (Strasser et al., 2019; Hegdahl et al., 2020) and can be embedded in a user’s 
risk landscape (Shepherd, 2019; Box 10.2, Figure 1). In particular, this holds for event storylines, where confounding factors such as 
regional characteristics like land-use changes and non-climatic drivers of the event are an element of the storyline (Pisaric et al., 2011; 
Dessai et al., 2018; Lloyd and Shepherd, 2020; Sillmann et al., 2021). In a co-production process, multidisciplinary expert knowledge 
as well as the values and interests of the intended audiences and stakeholders can be explicitly considered (Kok et al., 2014; Bhave 
et al., 2018; Dessai et al., 2018; Scott et al., 2018; Hegdahl et al., 2020).

Storylines can also be used to communicate climate information by narrative elements describing the main climatological features and 
the relevant consequences in the user context (Fløttum and Gjerstad, 2017; Moezzi et al., 2017; Dessai et al., 2018; Scott et al., 2018; 
Jack et al., 2020). Co-produced narratives have been demonstrated to enhance knowledge integration in decision-making contexts 
(e.g., de Bruijn et al., 2016). Narrative elements have also been employed to convey information from climate models (Corballis, 2019). 
Jack et al. (2020) introduced the concept of climate risk narratives and developed a set of principles, such as using present tense in 
their presentation to avoid the effects of future discounting and writing individual narratives without uncertainty language to assume 
an imagined observer perspective. From this point of view, event storylines are particularly useful for communication purposes as they 
link to the experience and episodic memory of stakeholders (Schacter et al., 2007; Steynor et al., 2016; Shepherd et al., 2018).

Box 10.2, Figure 1 | Schematic of two types of physical climate storylines with a particular climate impact of concern (red). The storylines are 
defined by specified elements (dark blue). Variable elements (light blue) are simulated conditional on the specified elements. The white elements are ‘blocked’ since 
their state does not need to be known to determine the light blue elements. Other types of storylines could be defined by specifying other elements (e.g., storylines 
of different climate sensitivities or different representative concentration pathways). (a) Event storyline, where the particular dynamical conditions during the event 
as well as the regional warming are specified and control the hazard arising from the event. (b) Dynamical storyline, where the global warming level and remote 
drivers are specified and control the long-term changes in atmospheric dynamics and regional warming. In both storylines, the impact is also conditioned on specified 
exposure and vulnerability. Figure adapted from Shepherd (2019).
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Teleconnections among tipping elements  
in the Earth system

Teng Liu    1,11, Dean Chen1,2,11, Lan Yang1, Jun Meng3,4, Zanchenling Wang    5, 
Josef Ludescher4, Jingfang Fan    1,4  , Saini Yang    6,7  , Deliang Chen    8, 
Jürgen Kurths    4,9, Xiaosong Chen    1  , Shlomo Havlin10 & 
Hans Joachim Schellnhuber4

Tipping elements are components of the Earth system that may shift abruptly 
and irreversibly from one state to another at speci!c thresholds.  
It is not well understood to what degree tipping of one system can in"uence 
other regions or tipping elements. Here, we propose a climate network approach 
to analyse the global impacts of a prominent tipping element, the Amazon 
Rainforest Area (ARA). We !nd that the ARA exhibits strong correlations with 
regions such as the Tibetan Plateau (TP) and West Antarctic ice sheet. Models 
show that the identi!ed teleconnection propagation path between the ARA and 
the TP is robust under climate change. In addition, we detect that TP snow cover 
extent has been losing stability since 2008. We further uncover that various 
climate extremes between the ARA and the TP are synchronized under climate 
change. Our framework highlights that tipping elements can be linked and also 
the potential predictability of cascading tipping dynamics.

As a complex adaptive system, the Earth system has multiple poten-
tial tipping elements that may approach or exceed a tipping point in 
response to a tiny perturbation1. Recently, others have highlighted 
nine climate tipping points2 that have been activated in the past dec-
ade and therefore urgent political and economic action is needed to 
reduce GHG emissions to prevent key tipping elements from tipping. 
Anthropogenic forcing is considered as one of the main factors for 
pushing several large-scale ‘tipping elements’ to exceed their tipping 
points3, which may cause abrupt and irreversible destabilizing effects 
on the Earth system4–6. Interactions between the different tipping ele-
ments may either have stabilizing or destabilizing effects on the other 
subsystems, potentially leading to cascades of abrupt transitions7. Fol-
lowing the rising awareness of a highly interconnected world, tipping 
cascades as possible links between tipping elements are increasingly 
discussed8. Using palaeoenvironmental records, ref. 9 illustrated how 

abrupt changes cascaded through the Earth system in the past 30#kyr. 
Others pointed out that tipping cascades could be formed when the 
global temperature reaches a threshold, affecting the trajectories of 
the Earth system in the Anthropocene10. However, a quantitative and 
systematic analysis framework on how the Earth system can be influ-
enced by tipping elements is still lacking, especially for identifying 
connections among tipping elements. While preliminary studies con-
ceptually proposed possible connections between tipping elements2,11, 
how these tipping elements are influenced by the mode of others and 
what the teleconnection paths are, are still open questions.

Here, we focus on a prominent and well-known tipping ele-
ment—the Amazon Rainforest Area (ARA). It has been reported that 
human activities and climate change have perturbed the stability 
of the tropical forest–climate equilibrium, resulting in extreme 
losses of tropical forests and biodiversity12. A recent empirical study 
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within the ARA (1,374 nodes, 12∘!N to 35∘!S, 30°!W to 90∘!W land area) 
and the other contains the nodes outside the ARA (63,786 nodes). 
To quantify the overall impact of the ARA, for a given outside node j,  
we define its in-weight (IN(Cj)) and in-strength (IN(Wj)) as the sum 
of the weights and strengths of all in-links (Methods). A larger 
(smaller) positive (negative) value of IN(Cj) and IN(Wj) indicate 
stronger (weaker) warming (cooling) due to the influence of the 
ARA; likewise, out-weights (OUT(Cj) and OUT(Wj)) are introduced 
to quantify the overall impacts to the ARA. We present the influence 
pattern between the ARA and the outside area in Supplementary 
Fig. 1a,b for the past 40!yr (1979–2018). We find that some regions 
such as the Mid-Atlantic, the Arctic and the Indian Ocean, either by 
warming or cooling, are identified by relatively higher in-weights 
(Supplementary Fig. 1a). It has been reported that the climate  
variability in the ARA is significantly affected by the phase of  
El Niño/Southern Oscillation (ENSO)24; this influence is also 
confirmed by the high intensity of the tropical Pacific region  
in out-weight distributions (Supplementary Fig. 1b). In particular, 
we find that the Niño 3.4 region shows a strongly positive influence 
on the ARA.

There exist strong connections between ARA and ENSO. To further 
address whether the influence pattern of ARA varies between ENSO 
periods and normal years, we analyse and compare the global distribu-
tions of the total in-degrees IN(N), in-weights IN(C) and in-strengths 
IN(W), among one typical El Niño year (1997), one typical La Niña year 
(1998) and one normal year (1996). The result is shown in Fig. 2. We 
find that during El Niño and La Niña events, the overall global area 
that is influenced by the ARA becomes smaller, whereas the impacts 
in these more limited ranges become stronger. This enhanced impact 
in localized regions is demonstrated in Fig. 2a–f, which compares 
the global distributions of the normal year in Fig. 2g–i. This strongly 
localized planetary impact pattern of the ARA is robust during ENSO 
period, which is supported by more examples and quantitative analysis  
(Supplementary Figs. 2 and 3).

suggests that the observed tropical forest fragmentations, includ-
ing in the Americas, Africa and Asia–Australia, are approaching 
their tipping points13. Particularly striking is the deforestation in 
the Amazon—the world’s largest rainforest, which is home to nearly 
a quarter of the world’s terrestrial species. Southeast Amazonia has 
even become a net source of carbon emission during the dry season 
because of the deforestation and climate change14. It was recently 
pointed out that more than three-quarters of the Amazon rainfor-
est has been losing resilience since the early 2000s, consistent with 
the approach to a critical transition15. The Sixth Assessment Report 
of IPCC highlighted that continued deforestation and a warming 
raise the probability that the Amazon will cross a tipping point into 
a dry state5. However, global influences of rainforest dieback in the 
Amazon are still little known.

In the present study, we construct a series of dynamical and physi-
cal climate networks16–22, based on the global near-surface air tem-
perature field, to systematically study the global impacts of the ARA. 
The directed links from the ARA (Fig. 1, location labelled 6) to regions 
outside the ARA are defined as ‘in’-links. The in-weighted climate net-
work enables us to obtain a map of the global impacts of ARA, in par-
ticular, to study the impacts in specific regions, such as other tipping 
elements. In particular, we uncover that there exists a robust negative 
teleconnection between the ARA and the Tibetan Plateau (TP) (Fig. 1, 
location labelled 10), known as the third pole of the Earth23. We further 
explore the potential propagation pathway of the ARA–TP telecon-
nection. This work provides a concise and systematic framework to 
investigate the potential teleconnection among the tipping elements 
and can potentially be used to predict the abrupt changes caused by 
the tipping cascading in the Earth systems.

Strongly localized planetary impact pattern of 
the ARA
To reveal the global impact of the ARA, we divide the nodes of cli-
mate networks into two subsets. One subset includes the nodes 

(2) Greenland ice sheet
(3) Permafrost
(4) Boreal forest
(5) Atlantic circulation
(6) Amazon rainforest
(7) Coral reefs
(8) West Antarctic ice sheet
(9) Wilkes Basin, East Antarctica
(10) Tibetan Plateau snow cover

(1) Arctic sea ice
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Fig. 1 | Schematic view of the tipping elements of the Earth climate system, 
their connectivity and teleconnections. The numbered symbols show the 
potential tipping elements in the Earth system. The dashed yellow lines show the 

possible connections between these tipping elements2 and the solid red lines 
show teleconnection uncovered in this article. The arrows show the direction of 
the influence.
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