Climate Dynamics (2020) 54:395–412
https://doi.org/10.1007/s00382-019-05006-6

Projected late 21st century changes to the regional impacts of the El
Niño‑Southern Oscillation
S. J. Perry1,2,3

· S. McGregor2,4 · A. Sen Gupta1,4 · M. H. England1,4 · N. Maher5

Received: 16 May 2019 / Accepted: 1 October 2019 / Published online: 12 October 2019
© Springer-Verlag GmbH Germany, part of Springer Nature 2019

Abstract
As the dominant driver of interannual climate variability globally, any changes in the remote impacts of the El Niño-Southern
Oscillation (ENSO) due to climate change are of considerable importance. Here we assess whether climate models from
Phase 5 of the Coupled Model Intercomparison Project (CMIP5) project robust changes in ENSO’s regional temperature
and precipitation teleconnections in the late 21st century, comparing the historical simulations (between 1950 and 1999)
and high-emission future simulations (between 2040 and 2089). In order to quantify the importance of internal variability
in these projected changes, we examine an ensemble of coupled model simulations from the Max-Planck-Institute Grand
Ensemble (MPI-GE). Except for a few regions, the changes in ENSO’s temperature and precipitation teleconnections for most
regions are not significant across the majority of models. Exceptions include consistent projected changes to temperature
teleconnections over equatorial South America and East Africa, which are robust during La Niña events. Despite this, by
assessing all regions together, a significant amplification of the temperature teleconnections is identified for La Niña events.
Additionally, we find an overall projected weakening relative to the historical precipitation teleconnection when analysis
is limited to regions that correctly reproduce the observed precipitation teleconnections. It remains unclear to what extent
a change in regional ENSO teleconnections will be apparent, as it is clear that the changes in ENSO’s teleconnections are
relatively small compared to the regional variability during the historical period.
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On interannual timescales, the world’s primary driver of
internal climate variability originates from the tropical
Pacific Ocean: the El Niño-Southern Oscillation (ENSO).
El Niño (warm phase) and La Niña (cold phase) events typically occur every 2–7 years, and contribute to substantial
interannual temperature and precipitation variability across
much of the world (e.g. Diaz et al. 2001; McPhaden et al.
2006; Yeh et al. 2018). ENSO’s impacts over land areas
are the result of large-scale changes in atmospheric circulation. These changes arise in part from a reorganisation of
the zonal Pacific Walker circulation, driven by anomalous
diabatic heating of the tropical atmosphere, as ENSO-driven
sea surface temperature anomalies (SSTAs) lead to a reorganisation of tropical convection patterns (e.g. Choi et al.
2015; Chiang and Sobel 2002; Su and Neelin 2003; Klein
et al. 1999; Gill 1980). In addition, ENSO-driven changes in
deep convection also modify divergence in the upper atmosphere, exciting Rossby wave trains that propagate into the
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extratropics and subsequently alter the mid-latitude storm
tracks and associated weather variability (e.g. Hoskins and
Karoly 1981; Trenberth et al. 1998).
Anthropogenic climate change may alter ENSO’s teleconnections in two ways: (1) through changes in the dynamics and or characteristics of ENSO; for example, due to
changes in the frequency, amplitude or spatial pattern of
SSTAs associated with ENSO; and (2) through changes in
the atmospheric response to ENSO SSTAs, which can arise
due to changes in the mean state of the Pacific climate system (Yeh et al. 2018; Cai et al. 2015a; Collins et al. 2010).
Climate models show limited agreement in projections of
future changes to the intensity and frequency of ENSO
SSTAs (e.g. Collins et al. 2010; Chen et al. 2017; Maher
et al. 2018). This is due in part to inter-model differences
in the atmospheric and oceanic feedbacks which govern
ENSO in climate models (e.g. Vijayeta and Dommenget
2017; Watanabe et al. 2012; Vecchi and Wittenberg 2010;
Cai et al. 2015a). On the other hand, robust (i.e. with strong
inter-model agreement) mean state changes in the Pacific climate system are projected in coupled climate models, which
act to alter the atmospheric response to ENSO. For example,
Power et al. (2013) showed that ENSO-driven precipitation
changes in the tropical Pacific are expected to increase nonlinearly in a warmer climate. The warmer background SSTs
and increased atmospheric temperature and humidity give
rise to this enhanced ENSO rainfall response (e.g. Huang
and Xie 2015; Huang 2016), which represents an increase
in ENSO extremes (Cai et al. 2014, 2015b).
The extent to which this amplification in ENSO-driven
precipitation anomalies in the tropics will also amplify teleconnections outside of the tropical Pacific is of high societal relevance, but uncertainties remain (e.g. Seager et al.
2012; Stevenson et al. 2012). Using models from Phase 5
of the Coupled Model Intercomparison Project (CMIP5),
Bonfils et al. (2015) identify projected changes in the global
precipitation teleconnections, showing that CMIP5 models
simulate intensified precipitation anomalies during ENSO
events in most locations. This is especially evident in the
models that project an increase in ENSO amplitude (Bonfils
et al. 2015). Furthermore, Perry et al. (2017) showed that the
majority of CMIP5 models project an increase in the areal
extent of significant ENSO temperature and precipitation
teleconnections over global land areas. However, the change
in magnitude at the grid-point scale was not clear, suggesting that the models do not project a uniform amplification of
the historical teleconnections over land (Perry et al. 2017).
Further studies have focused on projected changes in
ENSO’s impacts for specific regions. Much attention has
been given to the ENSO teleconnection to North America, which is expected to shift eastward (e.g. Meehl and
Teng 2007; Kug et al. 2010; Herceg Bulić et al. 2012) and
strengthen, expanding the associated precipitation and
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temperature anomalies relative to the historical period (Zhou
et al. 2014; Oh et al. 2014). For other regions, the changes in
ENSO’s impacts are less clear. For example, Hu et al. (2014)
show that the lagged El Niño teleconnection to East Asia
is projected to strengthen, although not all CMIP5 models
capture this teleconnection in the historical period (e.g. Hu
et al. 2014; Kim et al. 2016). Steinhoff et al. (2014) show
that there is significant spread in the CMIP5 ensemble with
regard to the projected changes in the ENSO precipitation
teleconnections over equatorial South America, despite
models showing agreement on changes in the mean precipitation, consistent with earlier studies (e.g. Grimm 2011).
Bonfils et al. (2015) examine changes in the precipitation teleconnections for five land regions; southwest United States,
Mexico, northern Brazil, west Africa and northern Australia.
They show that on average CMIP5 models project an amplification of the ENSO impacts on precipitation for all regions
except Mexico, which was shown to weaken. They also note
that the uncertainty in these changes is high, as the signal
lies within the range of historical variability (Bonfils et al.
2015; see their Figure 7).
In a recent study, Power and Delage (2018; hereafter
referred to as PD18) identify projected changes in ENSO’s
regional temperature and precipitation teleconnections in
twenty-one regions defined by the Intergovernmental Panel
on Climate Change (IPCC), covering most of the global land
area. They show that many regions demonstrate amplified
future ENSO precipitation teleconnections during austral
summer and winter. Similarly, the temperature teleconnections during austral winter are also projected to strengthen in
the future, compared to the 20th century mean. However, as
the PD18 analysis focuses on the CMIP5 ensemble mean, it
remains unclear to what extent the individual CMIP5 models agree on these changes. It also remains unclear whether
there are comparable changes in ENSO’s impacts on temperature variability during austral summer.
An important limitation in identifying robust changes in
ENSO’s teleconnections is the influence of internal variability (e.g. Brands 2017; Sterl et al. 2007; Yeh et al. 2018).
Although ENSO is the dominant mode of climate variability,
it only accounts for a small portion of the total variability
for many regions, particularly those outside of the tropics (e.g. Diaz et al. 2001). Non-ENSO related variability
will confound the spatial pattern and magnitude of ENSO
teleconnections in the absence of any changes in ENSO
characteristics (e.g. Van Rensch et al. 2015). In observations and models, this is further complicated by the fact
that ENSO events have substantial inter-event diversity,
both in the amplitude and spatial patterns of SSTA, which
alters the remote teleconnections (e.g. Ashok et al. 2007;
Timmermann et al. 2018; Taschetto et al. 2014). In model
studies, large ensembles of simulations enable the separation of forced ENSO signals and internal variability (e.g.
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Fasullo et al. 2018; Deser et al. 2017). For example, Fasullo
et al. (2018) show that the National Centre for Atmospheric
Research (NCAR) Community Earth System Model (CESM)
large ensemble, consisting of 40 perturbed initial condition
simulations, projects a robust strengthening of ENSO’s
temperature teleconnections over North America, Australia
and South America with future warming. Similar changes
are also found in a second large ensemble of 30 Geophysical Fluid Dynamics Laboratory (GDFL) Earth System
Model (GFDL-ESM2M) simulations (Rodgers et al. 2015),
although this model shows a weakening of the temperature
teleconnection projected for the Amazon region, highlighting issues of model-dependent changes (Fasullo et al. 2018).
Here, as in PD18, we focus on regional average ENSO
teleconnections over land in order to improve the signal to
noise ratio of projected changes in the impacts of ENSO. A
composite analysis is used to identify ENSO teleconnections
in the historical and projected future high-emission (RCP8.5
scenario) simulations. This allows us to identify any asymmetries in the teleconnection changes between El Niño and
La Niña events. In addition, unlike previous studies, we will
undertake a global analysis, and maintain a strong focus on
temperature teleconnections. We will also present analyses
of individual ensemble members to provide a more thorough assessment of model agreement and uncertainty. Furthermore, we utilise the recent 100-member ensemble of
simulations from the Max-Planck-Institute Grand Ensemble
(MPI-GE; Bittner et al. 2016; Stevens 2015) to quantify the
effects of internal variability, and to aid in the identification
of robust projected changes in the teleconnections for this
model and the CMIP5 ensemble.

2 Models and data
2.1 CMIP5 models
Monthly surface temperature and precipitation output are
analysed for an ensemble of 40 CMIP5 models (Taylor et al.
2012), listed in Fig. 1. We compare two fifty year periods,
1950–1999 in the historical simulations, and 2040–2089 in
the high-emission RCP8.5 simulations, hereafter referred to
as the historical and future periods, respectively. Although
some models have archived multiple ensemble members,
for consistency across the ensemble we analyse output for
1 ensemble member (r1i1p1) for each model. Model output
is first interpolated to a 1.5° latitude by 1.5° longitude grid.
A high-pass spectral filter is applied to remove variability
with a period greater than 13 years, including the climatological mean, the global warming signal, and multidecadal
variability. We discard the first and last 10 years to minimise
edge-effects introduced by the spectral filter. The fifty-year
monthly mean climatology for each period is subtracted

Fig. 1  Monthly standard deviation of the Niño 3.4 region SST during
the historical period (1950–1999) for 40 CMIP5 models and NCEP/
NCAR reanalysis surface temperature. The monthly standard deviation is normalised by the maximum standard deviation for each model
for comparison. The Niño 3.4 region SST standard deviation during
DJF is shown in white, indicating the maximum monthly standard
deviation. Models indicated in bold are selected for the remaining
analysis

to remove the seasonal cycle. The remaining analysis is
focused on austral summer December–January–February
(DJF) seasonal anomalies, when ENSO variability peaks
in the tropical Pacific. This method is consistent with the
approach taken by Power et al. (2013). Additionally, we
assess internal variability in the CMIP5 models using the
pre-industrial control simulations. We focus on models
with simulations at least 500-years long, available for all
but two models (GISS-E2-R-CC and MRI-ESM1) analysed
here (Fig. 1), and apply the same data processing described
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above. We analyse 50-year periods from each simulation,
and although some models have archived pre-industrial
control simulations longer than 500-years, we use the same
number of periods for each model.

2.2 Max‑Planck‑Institute grand ensemble
In addition to the CMIP5 ensemble, we analyse monthly
surface temperature and precipitation from the Max-PlanckInstitute grand ensemble (MPI-GE; Maher et al. 2019; see
also Bittner et al. 2016; Stevens 2015). The MPI-GE is a perturbed initial condition experiment, consisting of 100 simulations of the MPI-ESM model in the low-resolution configuration (MPI-ESM1.1). The MPI-GE was chosen because
of the large ensemble size, with 100 ensemble members
available for both the historical and RCP8.5 future scenario
simulations. The large ensemble of simulations allows us
to effectively isolate statistically significant ENSO teleconnections, while also enabling us to estimate the influence of
internal variability and anthropogenically induced changes
(albeit for a single model). For a full description of the MPIGE model see Maher et al. (2019). For comparison with
the CMIP5 ensemble we apply the same data processing as
described above.

2.3 Observational data
Surface temperature from the National Centers for Environmental Prediction (NCEP)/NCAR reanalysis (Kalnay et al.
1996) dataset are analysed for the period 1948–2010. Global
observations of precipitation from the CPC Merged Analysis
of Precipitation (CMAP) data set are analysed between 1979
and 2015 (Xie and Arkin 1997). Observational data are regridded, high-pass filtered and DJF means are calculated,
following the same procedure outlined above. The first and
last 5 years of the temperature observations are discarded
to minimise edge effects introduced by the spectral filter,
thus a comparable fifty-year historical period is analysed for
temperature between 1953 and 2002. To conserve the length
of the precipitation observations, the first and last 3 years are
discarded, thus global precipitation is analysed for a shorter
period between 1982 and 2012.

2.4 Model validation
We first assess the seasonality of the simulated ENSO variability as a measure of model fidelity. ENSO is synchronised to the seasonal cycle, developing in austral spring
and maturing in austral summer (Horel and Wallace 1981).
ENSO’s seasonality has implications for remote teleconnections that depend on interactions with climatological circulation patterns, which have inherent seasonality (e.g. Diaz
et al. 2001). Thus, models that do not correctly simulate the
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seasonality of ENSO are unlikely to adequately reproduce
the remote teleconnections (Joseph and Nigam 2006). Following previous studies (e.g. Bellenger et al. 2014; Taschetto
et al. 2014; Latif et al. 2001) we assess the simulated seasonality of ENSO by comparing the monthly standard deviation of SST anomalies in the Niño 3.4 region (190–240°E,
5°S–5°N) during the historical period with the observations
(Fig. 1). Additionally, for reference we show how accurately
the model’s simulate the amplitude of ENSO by comparing
the standard deviation of Niño3.4 region SST anomalies during DJF for the historical period (white text, Fig. 1). Figure 1
shows that 28 out of the 40 CMIP5 models analysed show
maximum SST variability in the Niño 3.4 region between
November and February (models shown in bold; white text
indicates month of maximum SST variability). Note that the
MPI-GE shows maximum variability in this period. This
is comparable to the observations, which show maximum
variability in December (last row Fig. 1; see also Bellenger
et al. 2014; Taschetto et al. 2014). In other models, SST
variability peaks at the wrong time, for example, CSIROMK3-6-0 reaches a maximum in March–April, while
FGOALS-S2 peaks too early in August–September. Additionally, many individual models (including those models
that accurately reproduce the observed seasonality of ENSO)
have amplitudes that are too strong or too weak compared
to the observed variability, which may affect the strength of
the simulated teleconnections (white text, Fig. 1). However,
previous studies have shown that long time periods (in the
order of centuries) may be required to adequately sample
ENSO’s amplitude (e.g. Wittenberg 2009; Stevenson et al.
2010), and as such, we select models based on the seasonality criteria alone. The subset of 28 CMIP5 models shown to
accurately simulate the seasonality of ENSO variability are
retained for the following analyses.

3 ENSO teleconnections in the CMIP5
models and MPI‑GE
3.1 Global teleconnection patterns in ENSO
composites
ENSO variability within the models and observations
is identified through an Empirical Orthogonal Function
(EOF) analysis of the tropical ocean SST (30°N–30°S and
0–360°E) during DJF. Separate EOFs are calculated for each
model and for the historical and future time periods. The first
EOF represents the spatial pattern of ENSO variability in the
tropical ocean, while the associated principal component
(PC1) illustrates the time evolution of ENSO variability (e.g.
Power et al. 2013). The PC1 is normalised by its standard
deviation and subsequently used to generate El Niño and La
Niña composites for each model. El Niño years are identified
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where the normalised DJF PC1 amplitude exceeds + 0.75,
while La Niña years are identified when the normalised DJF
PC1 amplitude is less than − 0.75. Composites of DJF temperature and precipitation anomalies corresponding to El
Niño and La Niña years are then calculated. The number of
El Niño and La Niña events identified in the historical and
future periods for each CMIP5 model are listed in Supplementary Table 1. Note that we do not further classify the El
Niño and La Niña events into central Pacific (modoki) and
eastern Pacific (canonical) types (e.g. Ashok et al. 2007;
Taschetto and England 2009; Yeh et al. 2018). This decision
was made in order to maximise the number of ENSO events
that are included in the 50-year periods.
The spatial patterns of the observed and simulated
ENSO composites for the historical period (1950–1999) for

temperature and precipitation are shown in Figs. 2 and 3,
respectively. The significance of the composited temperature
and precipitation anomalies are calculated through random
sampling. 1000 random DJF composites are generated for
each model and time period, with the sample size corresponding to the number of ENSO events identified. ENSO
composite anomalies that are outside of the 5th and 95th
percentiles of the random composites are considered significant (p < 0.05; see Von Storch and Zwiers 2003). This
is the only criteria used to assess observational significance,
indicated as stippling in Figs. 2a, b and 3a, b. For the CMIP5
multi-model mean (MMM) and MPI-GE multi-ensemble
mean (MEM) composites an additional consistency test
is applied. Stippling shows areas of robust intra-model or
intra-ensemble agreement on the location of the significant

Fig. 2  Historical period observed (a, b), CMIP5 MMM (c, d) and
MPI-GE MEM (e, f) DJF temperature composites for El Niño and
La Niña, respectively. Observed temperature composites are NCEP/
NCAR reanalysis between 1953 and 2002. Stippling in a and b indicates significant teleconnections at p < 0.05. For the CMIP5 MMM
(1950–1999; c, d) stippling shows where at least 18/28 models agree

on the location of significant teleconnections, equivalent to p < 0.10.
For the MPI-GE MEM (1950–1999; e, f) stippling shows where at
least 57/100 ensemble members agree on the location of significant
teleconnections, equivalent to p < 0.10. Grey boxes in all panels indicate region boundaries
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Fig. 3  Historical period observed (a, b), CMIP5 MMM (c, d) and
MPI-GE MEM (e, f) DJF precipitation composites for El Niño and
La Niña, respectively. Observed precipitation composites are CMAP
data between 1984 and 2010. Stippling in a and b indicates significant teleconnections at p < 0.05. For the CMIP5 MMM (1950–1999;
c, d) stippling shows where at least 18/28 models agree on the loca-

tion of significant teleconnections, equivalent to p < 0.10. For the
MPI-GE MEM (1950–1999; e, f) stippling shows where at least
57/100 ensemble members agree on the location of significant teleconnections, equivalent to p < 0.10. Grey boxes in all panels indicate
region boundaries

teleconnections (identified separately in each model using
the random sampling method described above; Figs. 2 and
3). At each grid point, the threshold for significant intermodel agreement is 18 or more of the 28 CMIP5 models,
and 57 or more of the 100 MPI-GE ensemble members, displaying a significant teleconnection. This level of intermodel
agreement is equivalent to the 90% significance level based
on a binomial distribution (e.g. Power et al. 2012).
The CMIP5 MMM simulates the majority of the observed
ENSO teleconnections, particularly in the tropics (Figs. 2
and 3), consistent with previously reported findings (e.g.
Weare 2013; Dai and Arkin 2017; Langenbrunner and Neelin 2013). The spatial correlation between the observed and
CMIP5 MMM temperature composites for land areas (within
75°N–75°S) is 0.71 for El Niño and 0.68 for La Niña. The

correlations are lower for precipitation; 0.44 for El Niño
and 0.48 for La Niña. The MPI-GE MEM shows similarity
to the observations that is comparable to that of the CMIP5
MMM, with a spatial correlation of 0.64 during El Niño and
0.66 during La Niña for temperature, and 0.29 and 0.42 for
precipitation, respectively.
In the tropics, there is strong model agreement with
respect to the patterns of the observed ENSO teleconnections for both ensembles. For example, evident in Fig. 2,
both the CMIP5 MMM and MPI-GE MEM show robust
intra-ensemble agreement on significant warmer (cooler)
DJF temperatures over the Maritime Continent, northern
Australia, India, Africa and equatorial South America during El Niño (La Niña). The CMIP5 MMM also shows consistent reductions (increases) in DJF precipitation over the
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Maritime Continent and northern South America during
El Niño (La Niña), although the ensemble mean patterns
are weaker in magnitude than the observed (Fig. 3). In the
mid-to-high latitudes, features of the observed teleconnections are evident in the CMIP5 MMM and MPI-GE MEM,
but the ensembles do not show significant agreement on
the location of these teleconnections. This is due in part to
intrinsic variability across individual models or ensemble
members, which is greater in the mid-latitudes (e.g. Weare
2013; Polade et al. 2013; Joseph and Nigam 2006), as well
as dynamical differences between the models (e.g. Dieppois et al. 2015; Hu et al. 2014).
In the following sections we utilise the MPI-GE, in
addition to the CMIP5 ensemble, to assess to what extent
the ensemble agreement on ENSO’s teleconnections
improves when assessed at the regional-scale, as opposed
to the grid-point level shown above. The large number of
ensemble members in the MPI-GE allows us to confidently
isolate the ENSO signal from internal variability, as well
as identify any changes that may occur according to this
model. We acknowledge that the MPI-GE, as with many
coupled models, has biases that limit the simulation of
ENSO which affect the representation of teleconnections,
including for example, simulating ENSO SSTAs in the
tropical Pacific that extend too far west (evident in Fig. 2e,
f; see Maher et al. 2018; Jungclaus et al. 2013; Giorgetta
et al. 2013).

3.2 Defining regional ENSO teleconnections
Analysis regions are selected based on the presence of significant teleconnections in the observations, and thus include
the majority of land in the tropics and much of the land
area surrounding the Pacific Ocean (Fig. 2; see Sect. 3.1).
Following PD18, we largely base our regional boundaries
on those defined by the IPCC (see Supplementary Table 2;
Intergovernmental Panel on Climate change (IPCC) 2012).
Here however, several regional boundaries are repositioned such that ENSO teleconnections of the same sign
are encompassed in one region in order to maximise the
climate signal (grey boxes, Figs. 2 and 3), and subsequently
our regions differ from PD18. For example, North America
is divided into North- and Southern-North America to distinguish areas with positive and negative temperature teleconnections, rather than separated into East-, Central- and
West-North America (as designated by the IPCC). Although
geographically relevant, the IPCC definition of the North
American boxes would lead to regional signal cancellation.
Coordinates for the 20 region boundaries are provided in
Supplementary Table 2. Note that although some of the
region boundaries overlap oceans, only land grid-points are
analysed.
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3.3 Effects of internal variability at the grid‑point
vs. regional scale
As discussed in Sect. 3.1, there is limited intra-model and
intra-ensemble agreement on the location of ENSO teleconnections at the grid-point level. Here, we assess how much
internal variability may contribute to the limited agreement at the grid-point level. Utilising the large ensemble
members, we calculate the spatial correlation for land areas
(within 75°N–75°S) between the ENSO composites for the
individual members of the MPI-GE in the historical period.
The median correlation for temperature is 0.47 (interquartile range (IQR) of 0.35–0.57) for El Niño and 0.40 (IQR
0.27–0.52) for La Niña. Given this is for a single model
ensemble with the same forcing, the large range indicates
that there is considerable diversity in the ENSO teleconnection patterns that stems from internal variability alone. This
has further implications for the observed composites, which
are assumed to be representative of the full range of ENSO
variability (see also Deser et al. 2017). For precipitation, the
median correlation is higher, at 0.60 (IQR 0.52–0.67) for El
Niño, and 0.59 (IQR 0.51–0.67) during La Niña. However,
this is likely a reflection of the limited precipitation anomalies outside of the tropics, evident in Fig. 3c, d.
We next determine whether using regional averages are
effective in reducing internal variability and thus increasing
the signal-to-noise ratio. We compare the simulated ENSO
teleconnections with the observations at (1) the grid-point
level, comparing all land grid-points within the 20 regions
identified in Sect. 3.2; and (2) the regional-level, comparing the area-averaged composites for the 20 regions. The
correlation between the individual MPI-GE simulated temperature teleconnections during El Niño and observations is
higher for the regional averages, with a median correlation
of 0.73 (IQR 0.58–0.80), compared to 0.51 (IQR 0.41–0.60)
at the grid-point level (Fig. 4a). The standard deviation and
root mean squared error (RMSE) are also typically reduced
for the regional averages (Fig. 4a). The regional averages
similarly improve the La Niña signal for both temperature
and precipitation in the MPI-GE (Fig. 4b, d). However, there
is little improvement for the El Niño precipitation teleconnection (Fig. 4c), which shows poor skill both at the gridpoint and regional scales (Fig. 4c).
The CMIP5 ensemble also shows an increased similarity
with the observed ENSO teleconnections for the regional
averages compared to the grid-point scale. For example, the
El Niño temperature teleconnection for the CMIP5 ensemble
has a median correlation of 0.69 (IQR 0.42–0.79) for the
regional-averages, compared to 0.46 (IQR 0.33–0.55) at the
grid-point level (Fig. 5a). Similarly, the standard deviation
and RMSE are both reduced for the regional averages, and
this increased skill is evident for both temperature and precipitation for both phases in the CMIP5 ensemble (Fig. 5).
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Fig. 4  Taylor diagram comparing the MPI-GE simulated teleconnections during El Niño (a, c) and La Niña (b, d) with the observed teleconnections at the grid-point (red) and regional-average (blue) level
for the historical period (1950–1999). The grid-point level includes
all land points within the 20 regions shown in Fig. 3, defined in Sup-

plementary Table 2. The regional level is the regional average of the
land points for each of the 20 regions. The observations are shown
in black. The standard deviation and RMSE are normalised. Each dot
represents an individual MPI-GE ensemble member and the ensemble
mean is shown by the red and blue asterisks

The improved similarity with the observed teleconnections
at the regional-scale suggests that using regional averages
may provide more reliable results that damp the influence
of internal variability. The intra-ensemble variability in the
MPI-GE that is evident even for the regional-averages indicates that internal variability is still an important consideration that we will attempt to quantify.

the regions which show a significant teleconnection in the
CMIP5 ensemble and MPI-GE, respectively. This includes
the majority of the regions that have a significant observed
teleconnection for temperature, but fewer than half of the
observed regions for precipitation (Fig. 6).
We next quantify how well the models simulate the
observed regional teleconnections. To this end, we compare the sign and magnitude of the simulated regional
average teleconnections with those of the observations for
the regions that have a significant observed teleconnection. Figure 6 shows that most models capture the sign of
the observed regional teleconnections for the majority of
regions. Indeed, the CMIP5 MMM (black circles) and MPIGE MEM (magenta circles) correctly simulates the sign of
the observed regional average temperature teleconnections
(cyan lines) for 100% of regions during El Niño and La Niña
(Fig. 6a, b). Similarly, the CMIP5 MMM correctly simulates the sign of the observed precipitation teleconnection
for all regions during La Niña, and 85% of regions during El
Niño, while the MPI-GE MEM correctly simulates the sign
of precipitation teleconnections for 62% of regions during El
Niño and 75% during La Niña (Fig. 6c, d). The percentage
of regions that have the same sign as the observations for
the individual models is listed in Supplementary Table 3.

3.4 Robust regional teleconnections
in the observations and model ensembles
Prior to identifying if there are projected changes in the
regional teleconnections, we first identify the regions that
show robust historical-period teleconnections at the 95%
level for the observations and models. To this end, we repeat
the random sampling method described in Sect. 3.1 for the
area-averaged temperature and precipitation anomalies
for each region. Of the 20 regions identified, the observed
regional average temperature teleconnection is significant for 13 regions during both ENSO phases, and 13 (8)
regions for precipitation during El Niño (La Niña). These
regions are included in Fig. 6. A binomial test is used to
determine if the intra-model and intra-ensemble agreement
is significant. In Fig. 6, black and magenta asterisks indicate
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Fig. 5  Taylor diagram comparing the CMIP5 ensemble simulated
teleconnections during El Niño (a, c) and La Niña (b, d) with the
observed teleconnections at the grid-point (red) and regional-average
(blue) level for the historical period (1950–1999). The grid-point
level includes all land points within the 20 regions shown in Fig. 3,

defined in Supplementary Table 2. The regional level is the regional
average of the land points for each of the 20 regions. The observations are shown in black. The standard deviation and RMSE are normalised. Each dot represents an individual CMIP5 model and the
ensemble mean is shown by the red and blue asterisks

Although the majority of models agree on the sign of the
teleconnections, the magnitude of the regions teleconnections can differ markedly across models for both temperature
and precipitation, indicated by the range of the ensemble
members in Fig. 6. This is further evidenced by calculating the normalised RMSE between the observed and simulated regional averages, listed in Supplementary Table 3.
For example, the CMIP5 models show normalised RMSEs
nearly as large as the observed standard deviation for the
regional average teleconnections. This is particularly evident
for the temperature teleconnections during El Niño, where
the models have a normalised RMSE of 0.97 on average
(Supplementary Table 3). Both the CMIP5 MMM and MPIGE MEM have lower normalised RMSEs, indicating that the
mean better reflects the observed teleconnection magnitude
(Supplementary Table 3; Fig. 6). However, the multi-model
and ensemble means typically underestimate the magnitude
of the observed regional averages for precipitation (Supplementary Table 3; Fig. 6c, d).
Thus far we have shown that regional averages enhance
the signal-to-noise ratio of ENSO teleconnections, improving the intra-ensemble agreement on significant ENSO

teleconnections. In addition, we have shown that the models
correctly simulate the sign of the observed regional teleconnections for the majority of regions. Despite this, there is
considerable spread evident in the magnitude of the simulated regional teleconnections, particularly for precipitation.

4 Projected changes in regional ENSO
teleconnections
4.1 Projected changes in the CMIP5 ensemble
We next assess the projected changes in the strength of the
regional teleconnections in the CMIP5 MMM. We focus on
the regions that display robust ENSO teleconnections for
both the observations and CMIP5 ensemble in the historical period (black asterisks, Fig. 6). Shown in Fig. 7, we plot
the change in the regional average teleconnection for each
model relative to the historical period ensemble mean (i.e.
future-historical/historical MMM). Thus positive (negative)
changes indicate an amplification (damping) of the historical teleconnection. Additionally, the average for the regions
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a

b
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d

Fig. 6  Comparison of the modelled and observed regional average
composites for the regions which show significant observed teleconnections during DJF in the historical period (1950–1999) during El
Niño (a, c) and La Niña (b, d). The cyan line shows the magnitude of
the observed regional average composite. The black circle indicates
the CMIP5 MMM, with error bars indicating ± 1 standard deviation.
The magenta circle indicates the MPI-GE MEM, with error bars indicating ± 1 standard deviation. The ensemble ranges for the CMIP5

and MPIGE are shown by the grey circles, with each circle indicating
an individual model or ensemble member. Black and magenta stars
indicate regions which have a robust teleconnection in the CMIP5
and MPI-GE ensembles according to the binomial distribution,
respectively. This indicates the agreement of 18 or more of the 28
CMIP5 models, and 57 or more of the 100 MPI-GE ensemble members, on a significant regional teleconnection equivalent to the 90%
significance level

combined is shown in the ‘all region’ panels. The projected
change in °C and mm/day is shown in Supplementary Figure 1. We use three significance tests to determine if there
is a robust change in the teleconnection for each region:
(1) the binomial test to determine if a significant number
of models agree on the sign of the change (18/28 models,
equivalent to 90% significance level; blue asterisks); (2) a

t test to determine if the magnitude of the ensemble mean
change is significant (p <0.05; red asterisk); and (3) the 5th
and 95th percentile range (cyan lines) indicating if the projected change is greater than what could be expected due to
internal variability, further detailed below.
To estimate how much internal variability within the
CMIP5 ensemble may contribute to the projected changes
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Fig. 7  Projected change in the strength of the CMIP5 MMM regional
average El Niño and La Niña composites during DJF in the future
period (2040–2089), relative to the historical period (1950–1999).
Black circles show the CMIP5 MMM, ± 1 standard deviation and
range (as in Fig. 4). Cyan lines indicate the 5th and 95th percentiles
of internal variability calculated from the CMIP5 pre-industrial control composites. Two additional significance tests are used: (1) blue

asterisks indicate that there is significant agreement on the sign of
change (binomial test; 18/28 models agree) and (2) red asterisks indicate the ensemble mean is significantly different using a t test. The
‘All regions’ panels (b, d, f, i) indicate the average relative change
in teleconnection strength for all regions included in (a, c, e, h). Projected change in West Africa shown in red (g, j)

in regional teleconnection strength we use the pre-industrial control simulations. Following the method described
in Sect. 3.1, we calculate ENSO composites separately for
each 50-year period from the pre-industrial control simulations for each model. We then calculate two “ensembles” of
28 (the number of CMIP5 models used) randomly selected
ENSO composites from the pre-industrial control ensemble,
and compare the difference in the mean regional average
teleconnection strength. We repeat this random sampling
1000 times, and calculate the 5th and 95th percentiles from
the 1000 samples. The percentiles are shown relative to the
historical period for each region (Fig. 7, cyan lines). Regions
for which the mean change is outside of the confidence

intervals are thus unlikely to be due to internal variability
alone.
Figure 7a shows a projected strengthening of the MMM
regional average temperature teleconnection during El Niño
for 7 out of the 9 regions (c.f. Supplementary Figure 1). This
increase is reflected in the all-region average, which shows
that the models simulate slightly stronger El Niño impacts in
the future period on average (Fig. 7b). Despite this, only one
individual region (East Africa) shows a significant increase
based on both the t test and binomial test (blue and red asterisks, Fig. 7a). Here, the MMM regional average temperature
teleconnection is projected to be 1.3 times the magnitude of
the historical teleconnection in the future period. However,
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the projected change is within the 5th and 95th percentiles,
suggesting the change could be due to internal variability.
The MMM temperature teleconnection during La Niña is
similarly projected to strengthen in the future simulations for
7 out of the 8 regions (Fig. 7c). However, robust changes are
only evident over the Amazon and northeast Brazil regions
in equatorial South America. The MMM future anomalies
for these regions are 1.3 and 1.4 times that of the historical
period, respectively. Additionally, the MMM shows a significant strengthening of the La Niña teleconnection when
averaged across all regions, with 18/28 models agreeing on
the amplification (blue star, Fig. 7d). Furthermore, the level
of agreement on a projected amplification (i.e. projected for
7 out of 8 regions) is significant (p <0.05) based on binomial
distribution. This is consistent with previous studies that
have suggested large-scale, multiple region, agreement on an
enhanced teleconnection may imply a significant change in
the ENSO signal, but one that may not be significant at the
regional scale due to internal climate variability (e.g. Camberlin et al. 2004; Power and Delage 2018). Note this is only
significant here for the La Niña temperature teleconnection.
Figure 7e, h show that the models do not project robust
changes in the regional precipitation teleconnections for
any of the regions which have significant teleconnections
in the historical period. For the majority (71%) of these
regions, the MMM projected precipitation teleconnections
are slightly weaker in the future simulations compared to the
historical period. For example, the Amazon region response

is found to be slightly weaker for both El Niño and La Niña
(Fig. 7e, h). Although individual models project changes
in the magnitude of the regional teleconnections, indicated
by the ensemble range (grey circles), the all-region average
does not indicate significant changes in the magnitude of the
precipitation teleconnections (Fig. 7f, i).
The spatial patterns of the ensemble mean change in the
ENSO composites is shown in Fig. 8. Stippling in Fig. 8
indicates that the ensemble mean composites are significantly different (p < 0.05) between the two periods according
to a t test calculated at each grid point. Consistent with the
regional-scale changes shown in Fig. 7, the CMIP5 MMM
temperature teleconnections strengthen over East Africa during El Niño, and equatorial South America during La Niña
(Fig. 8a, b). Additionally, the CMIP5 MMM shows significant changes in the precipitation teleconnection over west
Africa during El Niño and La Niña (Fig. 8c, d). Although
this region did not show a significant regional teleconnection
in the historical period (black asterisks, Fig. 6), the regional
average teleconnection is significant in the CMIP5 ensemble in the future period (calculated by repeating the random
sampling method detailed in Sect. 3.2 for the future period
composites). This change in teleconnection significance
between the historical and future period is underpinned by a
robust strengthening of the historical precipitation anomalies
for west Africa during both El Niño and La Niña (shown in
red, Fig. 7g, j). The future teleconnection magnitudes are 1.6
and 2.3 times that of the historical period during El Niño and

Fig. 8  Difference (2040–2089 to 1950–1999) in the DJF temperature
and precipitation composites during El Niño (a, c) and La Niña (b, d)
for the CMIP5 MMM. Stippling indicates the ensemble mean composite is significantly different at the grid point scale using a t test

(p < 0.05). Black outlines indicate regions shown in Fig. 7. Red outlines indicate the West Africa region which is significant in the future
period only, shown in red in Fig. 7 (g, j)
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La Niña, representing on average a difference of 0.11 and
− 0.13 mm/day, respectively (Supplementary Figure 1g, j).

4.2 Projected changes in the MPI‑GE
We next assess the projected changes in the regional teleconnections for the MPI-GE, focusing on the regions that
have significant observed and simulated teleconnections
in the historical period for this model (magenta asterisks,
Fig. 6). As in Fig. 7, we show the change in the regional
average teleconnection for each model relative to the historical period ensemble mean, identifying regions where the
change is robust according to the binomial test and t test
(Fig. 9). Additionally, Supplementary Figure 2 shows the
projected change in °C and mm/day.
The temperature teleconnections in the MPI-GE MEM
are projected to strengthen and weaken for an equal number
of regions (5/10) for both El Niño and La Niña (Fig. 9a, c;
c.f. Supplementary Figure 2). This is reflected in the ‘all
region’ averages, for which there is no significant change
in the MEM (Fig. 9b, d). However, the projected changes
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during El Niño are significant according to both the binomial test and t test for four individual regions. This includes
a strengthening over northeast Brazil, and weakening over
west South America, Southeast Asia and southern Africa.
The respective future anomalies are 1.3, 0.82, 0.76, and 0.90
times the magnitude of the historical anomalies, respectively. A robust strengthening is further evident for northeast
Brazil during La Niña (Fig. 9c), with future anomalies 1.2
times stronger than the historical period.
The MPI-GE MEM projects a weakening of the precipitation teleconnections during El Niño and La Niña for all
regions considered, which is also evident in the ‘all region’
panels (Fig. 9e–h). A significant weakening is only evident
during La Niña for southern Africa, with future anomalies 0.86 times the magnitude of the historical anomalies
(Fig. 9g).
The spatial patterns of the MPI-GE mean change in the
ENSO composites are shown in Fig. 10. The MPI-GE shows
significant grid-point scale changes for many areas (Fig. 10),
including for regions identified above, such as southeast Asia
and South America. Additionally, we repeated the random

a

b

c

d

e

f

Fig. 9  Projected change in the strength of the regional average MPIGE MEM El Niño and La Niña composites during DJF in the future
period (2040–2089), relative to the historical period (1950–1999).
Magenta circles show the MPI-GE MEM, ± 1 standard deviation and
range. Two significance tests are used: (1) blue asterisks indicate that

g

h

there is significant agreement on the sign of change (binomial test;
57/100 ensemble members) and (2) red asterisks indicate the ensemble mean is significantly different using a t test. The ‘All regions’ panels (b, d, f, h) indicate the average relative change in teleconnection
strength for all regions included in a, c, e, g
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Fig. 10  Difference (2040–2089 to 1950–1999) in the DJF temperature and precipitation composites during El Niño (a, c) and La Niña
(b, d) for the MPI-GE MEM. Stippling indicates the ensemble mean

composite is significantly different at the grid point scale using a t test
(p < 0.05). Black outlines indicate regions which are shown in Fig. 9

sampling analysis (detailed in Sect. 3.2) for the future period
composites and did not find additional regions that have significant teleconnections at the regional scale exclusively for
the future period.
It should be emphasised that these projected changes
are from a single model, and our CMIP5 analysis indicates
strong model-dependency in the teleconnection changes.
Moreover, using two other large ensemble experiments
Fasullo et al. (2018) find a broad-scale strengthening of the
temperature teleconnections over South America, while in
contrast, the GFDL-ESM2M large ensemble shows weakening over the Amazon region. The projected mean change
in the El Niño composite for the MPI-GE shows similarity
to the GFDL-ESM2M large ensemble, with weakening of
the temperature teleconnection evident over the Amazon
(c.f. Fig. 10 with Fasullo et al. 2018, their Figures 1 and
4). However, different methodologies (Fasullo et al. 2018
show July–June regression patterns in comparison to the
DJF composites presented here) may also contribute to the
differences.

with 86% similarity on average, while the CMIP5 MMM
captures the sign of the observed teleconnections with 96%
similarity. Additionally, while there is considerable spread
in the magnitude of the simulated teleconnections, the
CMIP5 MMM better represents the observed teleconnection
strength compared to the individual models. This indicates
that despite known model deficiencies in the simulation of
ENSO (e.g. Bellenger et al. 2014; Capotondi et al. 2015;
Vijayeta and Dommenget 2017), the CMIP5 CGCMs can
provide useful information about ENSO teleconnections.
Although our regional selection was largely based on the
global regions outlined by the IPCC [Intergovernmental
Panel on Climate change (IPCC) 2012], in order to maximise the signal of ENSO’s teleconnections in the observations and CMIP5 MMM some of the regional boundaries
were altered (Supplementary Table 2). We note the use of
regional averages may still lead to the aliasing of ENSO signals in some individual regions where the modelled spatial
patterns (both mean patterns and changes) are substantially
displaced relative to the observations or ensemble mean.
However, we show using both the CMIP5 ensemble and
MPI-GE that there is overall greater intermodel agreement
on teleconnections at the regional scale, compared to the
grid point scale, due in part to reduced internal variability at
the regional scale, supporting the regional approach. In contrast to PD18, we do not use all of the IPCC defined regions
of the global land area. Instead, we focus on analysing the
regions that have a significant ENSO signal in the observations, while also exhibiting significant intermodel agreement

5 Summary and discussion
We have shown that the CMIP5 ensemble captures many of
the observed regional scale ENSO teleconnections over land
areas. Specifically, for the regions with significant observed
teleconnections identified in this analysis, the CMIP5 models overall simulate the sign of the observed teleconnections
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in the model ensembles in the historical period. We further
include one region (West Africa) that has significant intermodel agreement on a teleconnection in the future period
only. We note that ENSO may have an impact on temperature and precipitation variability for other regions, however
these were not found to be significant in this analysis.
We show that there is an amplification of the simulated
CMIP5 MMM regional average temperature teleconnections during DJF in most regions when comparing projected
ENSO composites from the high-emission RCP8.5 simulations with those of the historical simulations. The CMIP5
MMM temperature teleconnection is projected to intensify
for 7 out of 9 regions during El Niño, and 7 out of 8 regions
during La Niña. For La Niña, this level of agreement of an
amplification is unlikely to be caused by internal variability alone. In contrast to the CMIP5 models, however, the
MPI-GE does not display a predominant amplification of the
ENSO teleconnections in the future. Indeed, the majority of
MPI-GE ensemble members project a slight weakening of
the teleconnections when averaged over land regions.
While all the regions considered (i.e. those with significant observed and historical teleconnections) show a slight
decrease in the precipitation response to both El Niño and
La Niña for the CMIP5 MMM, the projected changes are
not significant using either of the tests applied. This result
appears to contrast with those of PD18, who show that the
CMIP5 MMM projects strengthened regional precipitation teleconnections during DJF for the majority of regions
included in their analysis. We note that there are differences
in the methodology that may lead to these differences.
For example, although similar time periods are assessed
(1950–1999 and 2050–2099 in PD18, and 1950–1999 and
2040–2089 here), PD18 analyse the ensemble mean RCP8.5
simulations from 36 CMIP5 models (compared to 28 used
here), and compare ENSO composites relative to the mean
of each period, while here we calculate composites using
13-year high-pass filtered anomalies. Despite these methodological differences, the PD18 projected change in the
DJF CMIP5 MMM El Niño precipitation teleconnection is
the same sign for 4 out of the 5 regions that we present,
including decreases in the teleconnection magnitude for the
Amazon, north east Brazil and East Africa, and a robust
amplification of the El Niño precipitation teleconnection
over West Africa (c.f. Fig. 7 and Power and Delage 2018,
their Figure 6). These similarities suggest that it is the inclusion of more regions in PD18 that gives rise to the increased
proportion of amplified teleconnections.
For individual regions, many of the mean changes evident for the CMIP5 MMM are not significant, and thus may
be a consequence of internal variability or due to the limited sample size. However, we find robust changes for some
regions. For the CMIP5 MMM, this includes strengthening
of the La Niña temperature teleconnection over equatorial
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South America, specifically the Amazon and northeast Brazil regions. The projected changes over South America are
consistent with Fasullo et al. (2018). Further, for the CMIP5
ensemble, the majority of significant regional changes occur
during the La Niña phase, which may be due to model biases
or suggestive of a possible asymmetry in the ENSO response
to future warming. Furthermore, both the CMIP5 ensemble
and MPI-GE agree on the projected strengthening in the
temperature response over northeast Brazil during La Niña
(c.f. Figs. 7c and 9c). The MPI-GE additionally projects a
robust strengthening over northeast Brazil during El Niño, as
well as weakening of the west South America and weakening of the temperature teleconnection over Southeast Asia
regions during both El Niño and La Niña. For the precipitation teleconnections, robust changes are evident for only one
region, southern Africa, and only for the MPI-GE, which
projects a weakening of the La Niña impacts.
Although the West Africa region does not show a significant observed or MMM teleconnection for precipitation
in the historical period, the region becomes significant in
the future period and the models project a robust increase
in the teleconnection strength for both ENSO phases. This
result is consistent with the findings of PD18 and Bonfils
et al. (2015). Previous studies have reported that there is
considerable local variability in the large-scale controls on
precipitation for west Africa in the observational record (e.g.
Balas et al. 2007; Todd and Washington 2004; Dezfuli and
Nicholson 2013), with additional uncertainty arising from
inconsistent observations (Washington et al. 2013; Maidment et al. 2015). However, ENSO has been shown to have
an influence on precipitation for the central-west Africa
region during austral spring–summer (October–December), with increased (decreased) rainfall typically associated with El Niño (La Niña) events (Dezfuli and Nicholson
2013). The models suggest this teleconnection may become
more important in the future (Fig. 8; see also Bonfils et al.
2015; Power and Delage 2018). Further investigation is thus
required to better understand this projected change.
We note that the magnitude of the changes in ENSO
teleconnections is associated with the changes in ENSO
amplitude in the models, consistent with previous findings
(Bonfils et al. 2015; Perry et al, 2017). For example, the
regression relationship between the models change in ENSO
amplitude (calculated as the 2040–2089 to 1950–1999 Niño
3.4 region SSTA standard deviation) and the relative change
in the temperature teleconnection magnitude for all regions
across the models has an explained variance (R2) of 0.69 for
El Niño, and 0.57 for La Niña. This suggests that on average,
models with increasing ENSO amplitude show stronger temperature teleconnections, and vice versa. However, although
on average the models show a reduction in the amplitude
of ENSO SSTAs (Fig. 8; see also Power and Delage 2018;
Stevenson et al. 2012), there is an average increase in the
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teleconnection magnitude for temperature. For example, the
regression relationships between the change in SSTA amplitude and the relative change in magnitude of the temperature teleconnections for the individual models have positive
intercepts of 0.10 for El Niño and 0.17 for La Niña (not
shown). However, for the individual regions, the change in
ENSO SST amplitude explains less of the change in teleconnection magnitude. Indeed, there is not a significant relationship between the change in magnitude and the change
in ENSO variability for all of the individual regions (not
shown). Therefore, although ENSO amplitude changes are
a component of the change in teleconnection strength, and
thus contribute to the intermodel uncertainty in the projected change, there are additional mechanisms involved
(e.g. Power et al. 2013; Huang and Xie 2015).
The mechanisms that may give rise to the projected
changes in ENSO’s remote impacts in the coupled-models
have not been addressed in this investigation. In the tropical
Pacific, studies have shown that ENSO-driven convection
increases and shifts eastward due to changes in the tropical
mean state (e.g. Power et al. 2013; Chung et al. 2014; Huang
and Xie 2015; Huang 2016). Projected changes in ENSO’s
teleconnections outside of the tropical Pacific have previously also been associated with these changes (e.g. Kug et al.
2010; Zhou et al. 2014; Perry et al. 2017), and as such may
further explain the regional changes. In addition, changes
in the global mean climate may further influence the remote
teleconnections. For example, large-scale warming is projected to increase humidity and atmospheric static stability,
contributing to a weakening of climatological circulation
in some regions, including the Pacific Walker Circulation (e.g. Chou and Neelin 2004; Vecchi and Soden 2007;
Seager et al. 2012). Such processes are relevant for ENSO
teleconnections (e.g. Chiang and Sobel 2002; Su and Neelin 2003; Parhi et al. 2016), and may act to alter the ENSO
teleconnections in the future period. Further investigation
into the dynamics of regional teleconnections in a warmer
climate, including differences in the CMIP5 ensemble, is
thus required.
The question remains to what extent any changes in teleconnections will become evident over the next century.
PD18 and Bonfils et al. (2015) illustrate that the projected
changes in ENSO’s teleconnections are small in comparison
to those expected from mean climate change for the majority of regions. In addition, for many individual regions, a
signal of change does not emerge from the noise associated
with internal variability and structural differences between
models. Thus, changes in ENSO’s teleconnections may only
become identifiable at large-scales (for example, the temperature teleconnections presented here, and in Power and
Delage 2018), or over time periods longer than the fifty years
considered here (e.g. Sterl et al. 2007). From the results presented here, however, it is evident that the magnitude of
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the projected changes in the majority of ENSO’s regional
teleconnections is small relative to its historical variability,
and thus may not be distinguishable above natural variability
for some time to come.
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