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ABSTRACT 

El Niño-Southern Oscillation (ENSO) is the dominant source of climate variability 

globally. Many of the most devastating impacts of ENSO are felt through extremes. Here we 

present and describe a spatially complete global synthesis of extreme temperature and 

precipitation relationships with ENSO. We also investigate how these relationships evolve 

under a future warming scenario under high greenhouse gas emissions using fourteen models 

from the Coupled Model Intercomparison Project Phase 6 (CMIP6) ensemble. Firstly, we 

demonstrate that models broadly capture observed ENSO teleconnections to means and 

extremes using the Twentieth Century Reanalysis version 3 (20CRv3). The models project 

that more regions will experience an amplification of the historical ENSO teleconnection 

with mean temperature and precipitation than a dampening under a high-emissions climate 

projection. The response of the ENSO teleconnection with extremes is very similar to the 

mean response, with even larger changes in some regions. Hence, regions that are predicted 

to experience an amplification of the ENSO teleconnection under future warming can also 

expect a comparable amplification in the intensity of extremes. Furthermore, models that 

suggest greater amplification of ENSO amplitude also tend to exhibit greater intensification 

of teleconnections. Future changes in regional climate variability may be better constrained if 

changes in ENSO itself are better understood. 

1. Introduction

The El Niño-Southern Oscillation (ENSO) is a naturally occurring atmosphere-ocean 

mode of variability that influences climate and weather globally. ENSO is the dominant 

source of inter-annual climate variability through its atmospheric teleconnections (McPhaden 

et al., 2006). ENSO has been shown to impact ecosystems, agriculture, and economies 

(Anderson et al., 2019; Callahan & Mankin, 2023). Some of the most devasting impacts of 

ENSO are felt through climate extremes (Goddard & Gershunov, 2020), which remain 

uncertain particularly in less developed regions (Lieber et al 2022). Many studies have 

analysed ENSO teleconnections with mean temperature and precipitation patterns (Bonfils et 

al., 2015; McGregor et al., 2022; Perry et al., 2017; Power et al., 2013; Ropelewski & 

Halpert, 1987), however, there have been few teleconnection studies examining the influence 

on extremes.   
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Via remote teleconnections, ENSO influences temperature and precipitation patterns 

around the world (Ropelewski & Halpert, 1987), most prominently in parts of Australia, 

North America, South America, and Africa. El Niño, the warm phase of ENSO, is usually 

associated with above-average global-average temperature and can greatly influence global 

drought conditions (Vicente-Serrano et al., 2011), with the likely spatial extent of tropical 

drought more than doubling during a strong El Niño (Lyon, 2004). Meanwhile La Niña, the 

cool phase of ENSO, can lead to intensified annual floods in around a third of the global land 

area (Ward et al., 2014). Some regions do experience the opposite effects, for example 

California is more prone to increased precipitation leading to flooding during El Niño (Cayan 

et al., 1999) and reduced rainfall and increased risk of drought during La Niña (Allen & 

Anderson, 2018). The impacts of El Niño and La Niña are often opposite in sign, however the 

impacts are not necessarily the inverse of each other (Frauen et al., 2014). Southeast 

Australia, for example, receives less rainfall during El Niño and more rainfall during La Niña 

than on average conditions. Nevertheless, the intensity of an El Niño event is not correlated 

with the magnitude of drying whereas the intensity of the rainfall associated with a La Niña is 

closely linked to the strength of the event in this region (Chung et al., 2023; Chung & Power, 

2017; Freund et al., 2021; Power et al., 2006). 

In a future warmer climate, ENSO teleconnections are projected to move eastward in 

coupled global climate model simulations with enhanced precipitation in the central and 

eastern Pacific Ocean and enhanced drying in the western Pacific Ocean (Bonfils et al., 2015; 

Chen et al., 2023; Power et al., 2013; Stevenson, 2012). The spatial extent of ENSO 

teleconnections with mean temperature and precipitation in Coupled Model Intercomparison 

Project Phase 5 (CMIP5) models (Taylor et al., 2012) has been shown to increase over the 

global land area under a high-emissions scenario (Perry et al., 2017), however changes to the 

strength of the teleconnection are unclear (Perry et al., 2020). It has been suggested that 

ENSO teleconnections will intensify in the future when examining teleconnections with 

Coupled Model Intercomparison Project Phase 6 (CMIP6) (Eyring et al., 2016) models under 

continued global warming. McGregor et al. (2022) found that ~50% of the global land areas 

with significant teleconnections will experience a change in the strength of the mean 

temperature and precipitation teleconnection (defined using linear regressions with Niño3.4 

index), with most of the impacted regions experiencing an amplification rather than a 

dampening. Regional teleconnections have also been shown to intensify in many land regions 
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independent of changes in SST variability in a climate model large ensemble (Fasullo et al., 

2018),  

Extreme weather events are defined as statistically rare events and are important to 

understand as they can have large impacts (Seneviratne et al., 2021). Observed trends in 

historical extreme daily temperature show increases in both maximum and minimum 

temperature since the mid-20th century (Alexander et al., 2006; Donat et al., 2016; Dunn et 

al., 2020). The magnitude of the trend in minimum temperature is larger than the trend in 

maximum temperature and is present over a larger land area. It has also been suggested that 

extreme 1-day precipitation has intensified, however the changes are less spatially coherent 

than the temperature trends (Alexander et al., 2006; Donat et al., 2016; Dunn et al., 2020; 

Westra et al., 2013). Positive trends in global temperature and precipitation extremes over the 

historical period have also been found in reanalysis and model simulations (Donat et al., 

2016; Sillmann et al., 2013). Temperature extremes are projected to increase over the global 

land area in CMIP5 and CMIP6 models under all future warming scenarios (Ajjur & Al-

Ghamdi, 2021; Li et al., 2021; Sillmann et al., 2013). Like the difference in magnitude of the 

trend found in the historical period, projected changes to cold extremes are found to be larger 

than those to hot extremes. CMIP5 and CMIP6 models also project an increase in the 

intensity of monthly and annual rainfall extremes globally (Feng et al., 2023; Li et al., 2021; 

Sillmann et al., 2013).  

It is important to consider changes in ENSO and associated teleconnections when 

investigating changes in past and future extremes as ENSO has been shown to have influence 

on both temperature and precipitation extremes (Kenyon & Hegerl, 2008, 2010). ENSO 

impacts cold and hot extremes differently. Many regions such as Australia, southern Asia, 

Canada, and South Africa experience significantly cooler maximum temperatures during La 

Niña while parts of the United States and southern South America experience significantly 

warmer maximum temperatures during this ENSO phase (Arblaster & Alexander, 2012). Less 

work has been done documenting ENSO’s global influence on minimum temperature 

extremes, although studies have found correlations between ENSO phase and the spatial and 

temporal occurrence of frost (Crimp et al., 2015; Müller et al., 2000). ENSO is the dominant 

climate phenomenon influencing precipitation extremes globally and has been shown to 

impact extreme rainfall in parts of North and South America, southern and eastern Asia, 

South Africa, Australia, and Europe (Gershunov & Barnett, 1998; Huang & Stevenson, 2023; 
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Min et al., 2013; Sun et al., 2015; Yeh et al., 2018). Like with ENSO’s teleconnection with 

mean precipitation, the impact of ENSO on extreme precipitation is not symmetrical between 

El Niño and La Niña, and some regions e.g., southeast China, southeast South America, and 

South Africa, only have a significant effect for a single active phase (Sun et al., 2015).  

Many global studies on ENSO teleconnections with mean and extreme climate use 

continuous ENSO indicators expressed by indices such as the Niño3.4 index or a Principal 

Component, including changes in both phases of ENSO in a single measure of the anomaly, 

when investigating future changes (Fasullo et al., 2018; Hao et al., 2018; McGregor et al., 

2022; Perry et al., 2017). Continuous teleconnection studies through correlation or regression 

do not consider the differences between El Niño and La Niña teleconnections. It is not clear 

from these analyses if the amplification of El Niño and La Niña precipitation and temperature 

anomalies will be equivalent or if changes will be greater in one phase than another due to 

event amplitude asymmetry (Burgers & Stephenson, 1999). There is also limited comparison 

between evolution of ENSO teleconnections with mean climate and teleconnections with 

extremes on a global scale.  

Regional studies on ENSO teleconnections with extremes have investigated 

similarities with the mean teleconnection and historical changes, however, there are limited 

studies looking at projections. In South America, ENSO has been linked to extreme rainfall 

and drought over Brazil (Costa et al., 2021; Grimm et al., 2020; Jimenez-Munoz et al., 2016) 

and extreme rainfall and temperature in Argentina (Grimm & Tedeschi, 2009; Rusticucci et 

al., 2017). ENSO-driven extreme events are expected to increase in frequency in regions with 

a robust ENSO signal in the current climate (Cai et al., 2020). In North America, developing 

La Niña’s are associated with more summer heat extremes (Luo & Lau, 2020) and drought in 

the southeast (Mo & Schemm, 2008). Extreme precipitation patterns have a strong response 

to ENSO phase, with more extreme rainfall in the Southwest (Northwest) during El Niño (La 

Niña), similar to that of the mean precipitation pattern (Cayan et al., 1999; Zhang et al., 

2010). The frequency and intensity of ENSO-driven extreme precipitation and both drought 

and flood events are expected to increase over California under global warming (Huang & 

Stevenson, 2023; Yoon et al., 2015). In Australia, the ENSO influence on seasonal extremes 

of rainfall and temperature resembles the influence on mean climate (Min et al., 2013). In 

tropical regions, El Niño events have been associated with severe drought and extreme 

maximum temperatures (Rifai et al., 2019), with greater impacts on maximum temperatures 
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than minimum temperatures found in Malaysia (Tan et al., 2021). ENSO has a pronounced 

seasonal influence on extreme precipitation that is generally consistent with its influence on 

seasonal mean precipitation in Malaysia, Indonesia, and the Philippines (Supari et al., 2018; 

Tangang et al., 2017; Villafuerte et al., 2015). ENSO has been found to be the dominant 

driver of seasonal mean and extreme precipitation variability in the Yangtze River basin 

(Xiao et al., 2015; Zhang et al., 2014) and El Niño leads to increased frequency and duration 

of heatwaves over China (Luo & Lau, 2019). The ENSO influence on extremes over Africa 

has been shown to be stronger for temperature than precipitation with a strong correlation 

between ENSO and DJF maximum temperature extremes found in northeast Africa and a 

slightly weaker correlation for minimum temperature extremes (Donat et al., 2014).  This 

relationship was also found in South Africa as well as a strong link between ENSO and 

drought (Meque & Abiodun, 2015). 

Here we investigate how the ENSO teleconnection with mean climate will evolve in 

the future and if the same evolution applies to extremes. First, we discuss global ENSO 

teleconnections with the mean and extremes using a reanalysis product. Then, we evaluate the 

ability of 14 CMIP6 models to simulate historical ENSO teleconnections with the mean and 

extremes in comparison with the reanalysis. Finally, we use these models to look at 

projections of ENSO teleconnections with the mean and extremes. The following questions 

are addressed: Do CMIP6 models simulate the observed ENSO teleconnections with 

extremes? Do changes in ENSO teleconnections with extremes scale with changes in ENSO 

teleconnections with mean temperature and precipitation? Are changes in El Niño and La 

Niña teleconnections with extremes of the same magnitude or are changes larger for one 

phase? 

2. Data and Methods

a. Datasets

1) HadEX3

We use the HadEX3 dataset as our observational reference for extremes (Dunn et al., 

2020). HadEX3 is a global station-based gridded dataset of land-based extremes. It is 

comprised of monthly temperature and precipitation extremes from 1901-2018 on a 1.25 x 

1.875 grid and is suitable for comparison with reanalysis and global climate model output 

(Donat et al., 2016; Dunn et al., 2022).  

Accepted for publication in Journal of Climate. DOI 10.1175/JCLI-D-23-0619.1.Unauthenticated | Downloaded 10/06/24 05:14 AM UTC



7 

2) TWENTIETH CENTURY REANALYSIS

The National Oceanic and Atmospheric Administration, Cooperative Institute for 

Research in Environmental Sciences and the U.S Department of Energy Twentieth Century 

Reanalysis version 3 (NOAA-CIRES-DOE 20CRv3) is used to assess the historical 

teleconnection between ENSO and temperature and precipitation variables as in-situ 

observational datasets, such as HadEX3, are not spatially and temporally complete (Slivinski 

et al., 2019). 20CRv3 has a large 80-member ensemble and covers the period 1836 to 2015 

with spatial resolution of 0.7 latitude and longitude. The Twentieth Century Reanalysis uses 

prescribed SSTs from the Met Office Hadley Centre Global Sea Ice and SST (HadISST) 

reanalysis (Rayner et al., 2003) and assimilates surface pressure using an Ensemble Kalman 

Filter method. As ENSO events occur on a 2–7-year cycle a long time series is needed to 

ensure an adequate sample size of El Niño and La Niña events for robust analysis. Hence, we 

use the full century in our analysis despite the known lack of observations before 1950 in 

both 20CRv3 and HadISST (Rayner et al., 2003; Slivinski et al., 2019). The sub-daily 

reanalysis output allows for calculation of the extreme indices. Here we use monthly 

temperature and precipitation from 20CRv3 (Slivinski et al., 2019) from 1900-2014 and three 

extreme indices (Maximum value of daily maximum temperature (TXx), Minimum value of 

minimum daily temperature (TNn), Maximum 1-day precipitation (Rx1day)) calculated from 

3-hourly temperature and precipitation data also from 20CRv3 from 1900-2014. The

reanalysis data was conservatively remapped from a 1 x 1 latitude-longitude grid to a 1.5 x 

1.5 grid to allow for comparison with model data from CMIP6 on the same grid.  

The ability of 20CR to simulate regional temperature and precipitation variability has 

previously been evaluated against observations, satellite data, and other reanalysis products.  

It has been shown to reliably produce interannual variability of air temperature and 

precipitation fields on climate timescales (Slivinski et al., 2021). We also compare 20CR with 

HadEX3 to assess skill in capturing ENSO-extreme teleconnection patterns (Dunn et al., 

2020). We find that 20CR performs better at capturing the spatial pattern of temperature 

extremes than precipitation extremes and does better at capturing the El Niño pattern than the 

La Niña pattern (Figure S1, S2). Overall, pattern correlation values are generally moderate-

high (>0.5 for all composites). Hence 20CR is appropriate to use as a baseline for historical 

climate when assessing CMIP6 models for this study. A known bias within the reanalysis is a 
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persistent tropical precipitation bias that overestimates precipitation rates and leads to the 

appearance of a double Intertropical Convergence Zone (ITCZ) (Slivinski et al., 2019). Over 

land, correlations between 20CR and observational products are high, and interannual 

variability is captured well, although 20CR tends to overestimate precipitation in most of 

North America and underestimate it over Australia (Slivinski et al., 2021).  The uncertainty in 

ENSO teleconnections in 20CR is also larger over regions of limited data, including much of 

the Global South (Lieber et al. 2022). As each ensemble member realisation represents a 

different possible weather scenario, we take the ensemble average when using composites to 

reduce the noise from random weather fluctuations to make it easier to identify underlying 

climate patterns.  

3) CMIP6

Fourteen models from CMIP6 were used in this study (See Table S1 for list of 

models). This subset of models was chosen because they each have data for the historical 

experiment (1900-2014) and future scenario SSP5-8.5 (2015-2100) for all the variables 

required, namely mean surface temperature (ts), mean precipitation (pr), TXx, TNn, and 

Rx1day. SSP5-8.5 refers to the Shared Socioeconomic Pathway (SSP) with the highest 

emissions that results in a radiative forcing of approximately 8.5 Wm-2 in the year 2100 

(O'Neill et al., 2016). While this scenario has been deemed implausible (Hausfather & Peters, 

2020), we use it as we would expect it to have the clearest human-induced climate change 

signal, and for ease of comparability with other studies which often use this scenario. One 

ensemble member, r1i1p1f1, was used for each model (the influence of including different 

ensemble members was tested on results and is further explained in section 3.c.).  The 

variables ts and pr were re-gridded onto a consistent 1.5 x 1.5 grid prior to evaluation. The 

three extreme indices used were previously calculated by the Centre for International Climate 

and Environmental Research (CICERO) for all models that had the available daily resolved 

data required to calculate the indices (Sandstad et al., 2022). These extreme indices were 

calculated on the model’s native grid and then remapped onto a 1.5 x 1.5 grid using a 

conservative method consistent with (Kim et al., 2020). The order of calculating and 

regridding extremes has been shown to influence results, however, this is mostly observed in 

return period estimates and has little impact on long term trends and variability (Avila et al., 

2015).  
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The CMIP6 ensemble has been shown to adequately simulate ENSO dynamics and 

ENSO teleconnections with the mean climate, although with varying skill between models 

(Freund et al., 2020; Grose et al., 2020; Planton et al., 2021). CMIP6 models generally 

outperform CMIP5 models on a range of metrics characterising ENSO, including the 

teleconnection metrics (Planton et al., 2021). However, improvement in capturing 

teleconnections does not necessarily mean improvement in simulating the underlying 

dynamics that govern them (Planton et al., 2021). Persistent model biases in CMIP6 include 

the “cold-tongue bias” in which the cool equatorial Pacific Ocean waters extend too far 

westwards (Jiang et al., 2021). Consequently, modelled easterly trade winds are also shifted 

westward and are too strong in the western Pacific and too weak in the central Pacific. This is 

associated with a dry bias in modelled precipitation over the western Pacific (Planton et al., 

2021). The CMIP6 ensemble has been evaluated in its ability to simulate a range of extreme 

indices against HadEX3, reanalysis products, and CMIP5 (Kim et al., 2020). No significant 

improvements were found in CMIP6 over CMIP5 when comparing global extreme 

climatology patterns and the models generally capture the observed extreme patterns at the 

global and regional scale. Biases in temperature extremes persist such as a cold bias in cold 

extremes over high latitudes, and a dry bias in extreme rainfall over the tropics (Kim et al., 

2020). 

b. Methods

All temperature datasets are detrended using a quadratic detrending method to remove 

the warming trend that is observed since 1950. Prior to removing the trend, each model’s 

future SSP5-8.5 run was stitched together with its historical run and the trend calculated over 

the entire time series (1900-2100). This allows us to better capture the long-term trends in the 

data and maintain temporal continuity.  

1) ETCCDI INDICES

Three indices from the suite defined by the Expert Team on Climate Change 

Detection and Indices (ETCCDI) in Zhang et al. (2011) are used in this study to characterize 

extremes. We consider the “maximum value of daily maximum temperature” (TXx) as a 

measure of the temperatures found on the hottest day of the month. The “minimum value of 

daily minimum” (TNn) describes the coldest night of the month. The “maximum 1-day 

precipitation” (Rx1day) is used to represent extreme precipitation. Rx1day is chosen over 
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other multi-day extreme precipitation indices such as Rx5day (maximum 5-day precipitation) 

as Rx1day tends to respond more rapidly to climate forcings (Kirchmeier-Young & Zhang, 

2020; Min et al., 2011). We choose these three indices as they may be defined monthly on a 

spatial grid, and they are widely used and easy-to-understand metrics for extremes. This 

allows for correlation and composite analysis with other monthly indices like the Niño3.4 

index commonly used to describe ENSO.  

2) ENSO INDEX

The Niño3.4 index is calculated for each model from SST anomalies in the Niño3.4 

region defined as the area between 5S-5N and 170-120W (Trenberth, 1997). Monthly 

anomalies were calculated using a climatology of 1950-1979. ENSO event years are then 

found for each model using their normalised Niño3.4 index. Events are defined when the 

index is sustained above 0.5 (or below -0.5) standard deviations for at least six months. The 

HadISSTv1 data set is used when calculating the Niño3.4 index for 20CR as 20CR uses 

prescribed SSTs from the HadISST data set (Compo et al., 2011; Slivinski et al., 2019).  

3) COMPOSITES

El Niño and La Niña composites are produced for each model and for the reanalysis. 

Composite analysis allows for the consideration of the asymmetry in the teleconnection 

between each phase. We consider El Niño (or La Niña) anomalies relative to all years. The El 

Niño composite is produced by calculating the December to February (DJF) seasonal average 

in all El Niño years and subtracting the DJF seasonal average in all years. The same is done 

for La Niña. The 20CR composites are constructed from the ensemble average following the 

same method as the models.  

4) CORRELATIONS

Spatial correlations are used to define the strength of the ENSO teleconnection to 

exclude regions with non-significant correlation. The correlation between the Niño3.4 index 

and each temperature and precipitation variable are calculated for each grid point using a 

Pearson’s correlation. The correlation is calculated from the DJF seasonal average Niño3.4 

index and DJF seasonal average anomalies. We focus on DJF as this is the season when 

ENSO events usually peak. Grid points where the absolute value of Pearson’s correlation 

coefficient is less than 0.2 are masked and not considered in parts of this study.    
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3. Results and Discussion

a. Historical ENSO teleconnection with temperature and precipitation extremes in reanalysis

and CMIP6 

ENSO teleconnections with extremes are explored in the 20CR ensemble mean to 

provide a baseline for comparison with CMIP6 models. The teleconnections are evaluated 

using composites of El Niño and La Niña states, defined as described in Section 2.b.3.  

1) OBSERVED ENSO TELECONNECTIONS WITH EXTREMES IN 20CR

Both El Niño and La Niña phases of ENSO display a teleconnection with DJF 

extreme temperature (TXx, TNn) and precipitation (Rx1day) indices globally in the historical 

period (Figure 1, Figure 2). The hottest days (TXx) are generally anomalously hot during El 

Niño in regions where average daily temperatures are also anomalously hot such as Australia, 

South Africa, and northern South America (Figure 1a, c). These regions also experience the 

opposite during La Niña (cooler average daytime temperatures and cooler maximum 

temperatures, Figure 1b, d).  There are some exceptions however, in northern North America 

mean temperatures are anomalously hot during El Niño, but TXx is not. When assessing the 

magnitude of the relative temperature anomalies, the relationship between ENSO and the 

coldest days (TNn) is not as strong over land in many regions where ENSO is known to have 

a strong influence (e.g., South Africa, Australia, northern South America), however is very 

strong over North America (Figure 1e, f). El Niño and La Niña are seen to influence extreme 

one day rainfall (Rx1day) in much the same way as average rainfall with regions such as 

Australia, South Africa, and Northern South America experiencing below average maximum 

one day rainfall totals in El Niño (Figure 2a, c) and above average in La Niña (Figure 2b, d).  

Comparing the teleconnections in 20CR with the HadEX3 composites, there are 

several regions where the sign of the anomaly is opposite across datasets (Figures S1, S2). 

For the El Niño TXx and TNn composite in HadEX3, there is a negative temperature 

anomaly in northeastern Africa, above the horn, however in 20CR there is a positive 

temperature anomaly. For TNn there is a positive anomaly in southeastern South America but 

a negative one in 20CR. There are also several patches over Europe where the sign disagrees, 

however this region is not as highly correlated with ENSO and so teleconnections are weaker. 
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For La Niña there are also patches of disagreement on the sign of the anomaly for TXx and 

TNn in northeastern Africa, Australia, South and North America, however they are less 

spatially coherent than for El Niño. For the Rx1day composites, there are patches of 

disagreement across all continents for El Niño and La Niña. The largest region of 

disagreement is in West Africa, where HadEX3 has a negative rainfall anomaly in El Niño 

and 20CR has a positive rainfall anomaly. The opposite is also found for La Niña.  

Figure 1: 20CR ensemble mean composites of DJF seasonal mean and extreme temperatures 
during El Niño and La Niña events for the period 1900-2014 in °C. Panels depict a) El Niño ts, b) La Niña ts, 
c) El Niño TXx, d) La Niña TXx, e) El Niño TNn and f) La Niña TNn. R values in bottom left of extreme
composite represent pattern correlation with mean composite.
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Figure 2: 20CR ensemble mean composites of DJF seasonal mean and extreme precipitation 
during El Niño and La Niña events for the period 1900-2014 in mm/day. Panels depict a) El Niño pr, b) La 
Niña pr, c) El Niño Rx1day and d) La Niña Rx1day. R value in bottom left of extreme composite represent 
pattern correlation with mean composite.  

2) ENSO TELECONNECTIONS WITH EXTREMES IN CMIP6 HISTORICAL RUNS

The teleconnection between ENSO and DJF extreme temperature and precipitation in 

CMIP6 models is also calculated (Figure 3, Figure 4). The CMIP6 models demonstrate 

varying skill at capturing the anomaly patterns in the temperature composites in comparison 

with 20CR as measured using the pattern correlation coefficient between models and 20CR 

over the global domain (Supplementary Table S1). For El Niño, the CMIP6 multi model 

mean (MMM) captures the location and magnitudes of SST anomalies in agreement with 

20CR, although they extend slightly further westwards than in the reanalysis (Figure 3a), 

consistent with the cold tongue bias commonly found in CMIP models (Bellenger et al., 

2014; Li & Xie, 2014). The MMM largely captures the correct location and sign of the mean 

temperature anomalies but overestimates the magnitude in South Africa, Australia, India, 

northern South America, and North America. In South Africa, the location of the 

teleconnection is shifted too far westward and in northern South America it is too far 

eastward (Figure S3). For La Niña, the MMM overestimates the magnitude of the mean 

temperature anomalies in Australia and northern South America and underestimates them in 

South Africa and northwestern North America (Figure 3b). The location of the La Niña 

teleconnection is shifted to the west over Australia. The same biases are found in the TXx 

teleconnection (Figure 3c, d). For the TNn teleconnection, the MMM underestimates the 
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magnitude of the anomalies in North America during El Niño and La Niña (Figure 3e, f). 

Using pattern correlation as a measure of performance, some models do a better job of 

capturing the El Niño pattern while others do a better job of the La Niña pattern 

(Supplementary Table S1). For example, ACCESS-CM2, GFDL-CM4, GFDL-ESM4, MRI-

ESM2-0, NorESM2-LM, and NorESM2MM are consistently better at capturing El Niño 

patterns, which we would expect as El Niño teleconnections are generally stronger than La 

Niña (Chen et al., 2017; Frauen et al., 2014), however, BCC-CSM2-MR, CanESM5, 

MIROC6, and MPI-ESM1-2-HR are consistently better at capturing La Niña patterns across 

all temperature variables, which may be because models struggle with capturing event 

amplitude asymmetry and persistence of events (Planton et al., 2021).  

Most models capture the 20CR mean precipitation and Rx1day composite patterns 

well based on global pattern correlations above 0.5 (Supplementary Table S2). However, the 

CMIP6 MMM (Figure 4a) underestimates the magnitude of the precipitation anomalies in the 

western Pacific, some parts of the Maritime Continent (consistent with Chen et al. (2023)), 

Venezuela and eastern South Africa during El Niño (Figure S4). This is characteristic of the 

‘dry equator bias’ commonly found in CMIP models and is linked to the cold tongue bias 

which alters the location of convective precipitation along the equator (Planton et al., 2021). 

The MMM overestimates the rainfall anomalies over northern South America, the western 

part of the Maritime Continent and over Australia. This is also true for La Niña (Figure 4b). 

The MMM over and underestimates the Rx1day anomalies in the same regions as the 

precipitation anomalies for both phases (Figure 4c, d).  

When comparing the CMIP6 MMM with HadEX3, the TXx composites are 

moderately correlated, however the TNn and Rx1day composites are strongly correlated 

(Figure S1, S2). The MMM extreme temperature composites are generally more highly 

correlated with the HadEX3 composites than the 20CR composites, but the extreme rainfall 

composites are more highly correlated with 20CR (Table S1, S2, Figure S1, S2). There are 

regions where the sign of the HAdEX3 anomaly and CMIP6 MMM anomaly are of opposite 

sign, most notably in northeastern Africa (where HadEX3 was also in disagreement with 

20CR), as well as several other regions where 20CR and HadEX3 agreed.  Therefore, the 

model’s ability to accurately simulate ENSO teleconnections with extremes is in part 

dependent on the reference dataset used, and observational uncertainty is likely a factor in 

discrepancies between observed and modelled teleconnections.  
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Figure 3: Same as for Figure 1 but for the CMIP6 multi model mean. Hatching indicates low model 
agreement based on a 75% threshold.  
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Figure 4: Same as for Figure 2 but for the CMIP6 multi model mean. Hatching indicates low model 
agreement based on a 75% threshold.  

3) COMPARING DJF MEAN AND EXTREME TELECONNECTIONS IN 20CR AND

CMIP6 

The sign of the mean and extreme teleconnection pattern is compared at the regional 

scale for both reanalysis and models to determine how closely these patterns are related in 

more detail. For the 20CR reanalysis, the TXx anomaly pattern is very similar to the mean 

temperature anomaly pattern in both El Niño and La Niña (Figure 5a, b). The TNn pattern is 

also similar to the mean pattern however there are some regional differences (Figure 5c, d). 

Comparing the sign between the ts El Niño composite and the TNn composite at the grid 

point level in 20CR reveals that the sign of the teleconnection with TNn is opposite to that of 

the mean in south-eastern Australia and central America.  In the case of south-eastern 

Australia, this implies that mean temperatures are usually warmer during El Niño, but 

minimum temperatures are usually colder. The opposite is found for La Niña, mean 

temperatures are cooler but minimum overnight temperatures are warmer. We also find the 

same relationship for mean minimum temperature (TN, see Supplementary Figure S5). This 

could be explained by changes in cloud cover in these regions e.g., in Australia, during La 

Niña there is increased cloudiness which can act to trap heat, whereas there are more 

frequently clear skies during El Nino (Jones & Trewin, 2000). These regional differences in 

the sign of the anomalies are also captured by the CMIP6 multi model mean (see 

Supplementary Figure S6). The 20CR Rx1day composites are very similar to the mean 
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precipitation composites and there are some regions where the strength of the teleconnection 

with the extreme is stronger than that of the mean (South Africa, Australia, northern South 

America and western North America, Figure 6). There are no notable regions where the sign 

of the teleconnection is different between the mean and extreme case in the 20CR ensemble. 

The same is found for the CMIP6 MMM (see Supplementary Figure S7). 

Figure 5: Spatial sign comparison of regional mean and extreme seasonal DJF temperature 
anomalies during El Niño and La Niña events using 20CR ensemble mean over the period 1900-2014. 
Panels display the sign agreement between a) El Niño ts and TXx b) La Niña ts and TXx c) El Niño ts and 
TNn d) La Niña ts and TNn. Grey regions indicate agreement on the sign of the anomaly between the 
mean and the extreme, while regions with differing signs are color-coded. Red indicates the mean 
temperature anomaly is negative and the extreme anomaly is positive. Blue indicates the mean 
temperature anomaly is positive and the extreme anomaly is negative. Contours show the DJF seasonal 
mean surface temperature anomalies. Hatching indicates regions where the strength of the extreme 
teleconnection (defined using correlation coefficient) is greater than the mean teleconnection. Regions 
with correlation < |0.2| are masked.   

Figure 6: Spatial sign comparison of regional mean and extreme seasonal DJF precipitation 
anomalies during El Niño and La Niña events using 20CR ensemble mean over the period 1900-2014. 
Panels display the sign agreement between a) El Niño pr and Rx1day b) La Niña pr and Rx1day. Colors, 
contours and hatching are the same as for Figure 5 except for precipitation.   

Accepted for publication in Journal of Climate. DOI 10.1175/JCLI-D-23-0619.1.Unauthenticated | Downloaded 10/06/24 05:14 AM UTC



18 

b. Amplification of ENSO teleconnections under SSP5-8.5 similar in mean and extreme 

climate 

The change in DJF ENSO teleconnections to both mean and extreme climate is 

evaluated here using CMIP6 simulations under the very high greenhouse gas concentration 

SSP5-8.5 scenario (Figure 7, Figure 8). We evaluate the change by subtracting the historical 

composite ENSO teleconnection from the future composite for each of ts, TXx, TNn, pr, and 

Rx1day. Hatching indicates regions of high model agreement on the sign of the change 

(based on a threshold of 75%). The largest changes in the MMM teleconnection strength 

(using magnitude of anomalies as an indicator) for mean and extreme temperatures are over 

land, consistent with the hypothesis of Fasullo et al. (2018) that the lower heat capacity of the 

land surface would lead to a greater amplification of terrestrial teleconnections. Over 

Australia, Africa, Southeast Asia, and northern South America the mean temperature 

teleconnection intensifies for El Niño (consistent with the findings of Fasullo et al. (2018)). 

That is, warm anomalies get warmer and cold anomalies get colder. There is a dampening of 

the teleconnection over north-western North America and Central America. This is consistent 

with the findings of Beverley et al. (2021) who found this dampening was related to changes 

to the anomalous circulation over the North Pacific driven by the projected eastward shift of 

ENSO precipitation. Noticeable differences in the La Niña anomalies, compared to El Niño, 

includes an amplification rather than a dampening over Central America, and a dampening 

rather than amplification over eastern Australia and South Africa, however, there is low 

model agreement in these regions.  

In the case of the ENSO teleconnections with extremes, TXx and TNn both amplify 

and dampen in the same regions as mean temperature, except for TNn over northwest North 

America which amplifies in La Niña (Figure 7). Contrasting changes between the mean and 

extreme are also found within one model with multiple ensemble members (Figure S8). Over 

the ocean, the SST anomalies strengthen in the central Pacific near the Equator, consistent 

with the projected increasing ENSO amplitude in CMIP6 models (Cai et al., 2022). We find 

that mean precipitation anomalies amplify over northern Australia, parts of Southeast Asia, 

western central Asia, east Africa, southeast South America, and northeast South America 

(Figure 8). We also find a dampening over western South Africa, Central America, and 

western North America. These amplifications and dampenings are found in both active ENSO 

phases and are consistent with the findings of McGregor et al. (2022) who proposed 

amplifications and dampenings were linked to the projected eastward shift and intensification 
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of equatorial precipitation and an associated eastward shift in upper atmosphere velocity 

potential. We find similar results for Rx1day, suggesting that ENSO-induced extreme rainfall 

will generally amplify and dampen in the same regions as ENSO teleconnections with mean 

rainfall.  

Figure 7: CMIP6 multi model mean composites of change in DJF seasonal mean and extreme 
temperatures during El Niño and La Niña events under SSP5-8.5 in °C. Change is future composite (2015-
2100) relative to the historical composite (1900-2014). Panels depict a) El Niño ts, b) La Niña ts, c) El Niño 
TXx, d) La Niña TXx, e) El Niño TNn and f) La Niña TNn. R value in bottom left of extreme composite 
represent pattern correlation with mean composite. Contours depict historical teleconnection.  
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Figure 8: CMIP6 multi model mean composites of change in DJF seasonal mean and extreme 
precipitation during El Niño and La Niña events under SSP5-8.5 in mm/day. Change is future composite 
(2015-2100) relative to the historical composite (1900-2014). Panels depict a) El Niño pr b) La Niña pr c) El 
Niño Rx1day d) La Niña Rx1day. R value in bottom left of extreme composite represent pattern correlation 
with mean composite. Contours depict historical teleconnection.  

Next, the percentage of land area that experiences a change in the magnitude of the 

ENSO teleconnection anomalies under SSP5-8.5 for ts, pr, TXx, TNn, and Rx1day is 

examined. This is done by taking the spatial changes shown in Figure 7 and 8 and calculating 

the change in the anomaly at each land grid point as a percentage relative to the magnitude of 

the historical anomaly. A change in magnitude in the same direction as the historical anomaly 

is defined as an amplification and a change in magnitude in the opposite direction as a 

dampening. The fraction of land which shows an amplification for a range of magnitudes is 

shown in Figure 9.  
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Figure 9: Scatter plots depicting the proportion of land area that experiences an amplification 
(left) and dampening (right) of El Niño and La Niña teleconnections under SSP5-8.5 across distinct 
magnitudes. The magnitude indicates the percentage that the teleconnection strengthens. Panels depict 
the percentage of land area with amplified (or dampened) teleconnections for seasonal DJF  a), b)  ts, Txx, 
and Tnn during El Niño events c), d) ts, TXx, and TNn during La Niña events e), f) pr and Rx1day during El 
Niño events g), h) pr and Rx1day during La Niña events. The line represents the multi-model median, while 
the shading indicates the model spread (interquartile range).  

We only consider land that shows a significant teleconnection with ENSO (correlation 

> |0.2|) in the historical period in Figure 9 and grid points that do not satisfy this criterion are

discarded. Testing was conducted to identify regions that may experience a strengthening 
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from below 0.2 in the historical period to above 0.2 in the future period, however this did not 

impact results. When looking at the ensemble mean, ~55% of the global land area that is 

influenced by ENSO shows an amplification of the temperature teleconnection in El Niño in 

the future period under SSP5-8.5 (Figure 9a). An amplification in this case applies to both 

positive and negative anomalies meaning that warm anomalies get warmer or cold anomalies 

get colder. These results indicate that mean temperature anomalies during El Niño will 

become larger in just over half of the regions that already experience significant anomalies 

during El Niño. Around 30% of the land area impacted by ENSO will see an amplification of 

50% and around 15% of the land area will see a doubling of the mean temperature anomalies 

experienced during El Niño. The same is broadly true for La Niña with ~50-60% of regions 

experiencing any amplification and ~15-20% experiencing a doubling in the magnitude of the 

anomalies (Figure 9c).  

These results suggest that the La Niña teleconnection with mean temperatures 

amplifies slightly more than for El Niño, especially for the larger amplitude changes. As for 

TXx and TNn, they compare very closely for the El Niño case, but in the case of La Niña 

they deviate from each other at the lower end of the amplitude changes before converging at 

the higher end. The amplification of temperature extremes broadly scales at an equivalent rate 

to the mean, but with larger changes for El Niño. This implies that regions that are projected 

to experience an amplification of the ENSO teleconnection under future warming can also 

expect a comparable amplification in the intensity of extremes. We note that the area of land 

that experiences an amplification in extreme temperatures during El Niño is ~5% larger than 

the area that experiences an amplification in mean temperatures based on the multi model 

median. However, it is worth noting that the model spread in the El Niño amplification is also 

larger than for La Niña (see Figure 9a and c). The percentage dampening was also examined, 

and results show that the mean temperature teleconnection dampens slightly more for El Niño 

than La Niña at the lowest amplification level, but similarly for higher thresholds (Figure 9b 

and d). For the extremes, TNn dampens more for La Niña and TXx dampens consistently 

across phases.  

When assessing mean rainfall anomalies due to ENSO in a future warmer climate, we 

find that around 45-50% of the global landmass with significant ENSO influence experiences 

an amplification and ~20% experiences a doubling in the size of the anomalies (Figure 9e and 
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g). This is true for El Niño and La Niña anomalies. The Rx1day anomalies have a very 

similar response to the mean for both El Niño and La Niña. There is a smaller spread across 

the models for precipitation and Rx1day changes than for mean temperature and the 

temperature extremes when using interquartile range (IQR) as a measure of spread (IQR = 

24% and 12% for ts for El Niño and La Niña respectively and IQR = 8% for pr for both El 

Niño and La Niña). This amplification of the mean ENSO temperature and precipitation 

teleconnections is consistent with the amplification found by McGregor et al. (2022). Here 

we have shown that a similar amplification also applies to ENSO teleconnections with 

temperature and precipitation extremes. When considering dampening, Pr and Rx1day 

dampen for a similar land fraction at lower amplification levels but diverge as amplification 

rate increases, with Rx1day dampening in ~5% more land regions than mean precipitation 

(Figure 9f and h). This is consistent for El Niño and La Niña, and both the mean and extreme 

dampen slightly more for El Niño. 

c. Mechanisms for projected changes in ENSO teleconnections

To see if models with higher ENSO variability are projecting greater teleconnection 

amplification, we correlate the percentage of land that experiences an amplification of the 

teleconnection in each model with its change in ENSO amplitude (Figure 10), as ENSO 

amplitude changes have been previously shown to greatly influence results (Stevenson et al., 

2021). Change in ENSO amplitude is defined as the change in standard deviation of the 

Niño34 index in the future period compared to the historical period. We find a moderate-

strong correlation between SST variability in the NINO3.4 region with the amplification of 

precipitation variables (pr and Rx1day). The correlation is stronger for the extreme Rx1day 

rainfall than mean precipitation (r = 0.65 for Rx1day and 0.61 for mean precipitation for La 

Niña). The correlation is similar for El Niño (r = 0.63 for Rx1day and r = 0.56 for mean 

precipitation). This suggests that the rainfall amplification increases with increased ENSO 

amplitude for both La Niña and El Niño events, however slightly more for La Niña. ENSO 

amplitude also correlates strongly with temperature for La Niña however, the correlation is 

strongest in the mean rather than the extremes (see Supplementary Figure S9, r = 0.8 for ts, r 

= 0.74 for TXx, r = 0.65 for TNn). There is also strong correlation between mean and extreme 

temperature and ENSO amplitude for El Niño (see Supplementary Figure S9, r=0.69 for ts, 

r=0.7 for TXx, and r=0.61 for TNn). To test sensitivity of results to choice of ensemble 

Accepted for publication in Journal of Climate. DOI 10.1175/JCLI-D-23-0619.1.Unauthenticated | Downloaded 10/06/24 05:14 AM UTC



24 

member, we repeated these results in the CanESM5 and the MPI-ESM-2-LR large ensembles 

(Figure S10, S11, S12, S13) and found negligible impact. These findings are consistent with 

Bonfils et al. (2015), who found that while precipitation variability intensifies even in the 

absence of ENSO amplitude changes, ENSO SST variability modulates the amplification of 

precipitation variability and is largest in models that project increased ENSO amplitude.  

Figure 10: Scatter plots illustrating the relationship between the percentage of land area 
experiencing any teleconnection amplification and the change in ENSO amplitude across all models. Each 
panel depicts the percentage of land area with amplified teleconnections against the change in ENSO 
amplitude for seasonal DJF a) pr during El Niño events b) pr during La Niña events c) Rx1day during El Niño 
events d) Rx1day during La Niña events. 

4. Summary and Conclusion

We have demonstrated that there is a teleconnection between ENSO and extreme 

temperature and precipitation in the historical period using 20CRv3 reanalysis. The spatial 

patterns of these teleconnections are similar, but not identical, to the spatial patterns of the 

ENSO teleconnection with mean temperature and precipitation. Like the mean, the ENSO 

influence on extremes is greatest in Australia, South Africa, and parts of North and South 

America. Regions where the sign of the extreme cold temperature teleconnection pattern 

differs from the mean temperature teleconnection pattern include southeast Australia and 

Central America. The sign of the extreme precipitation teleconnection agrees with the sign of 

the mean precipitation pattern in most regions.  
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The CMIP6 models broadly capture the spatial pattern of rainfall (with pattern 

correlation values in the range of 0.5 to 0.8) however, the multi model mean overestimates or 

underestimates the magnitude of the anomalies in some regions (such as in parts of the 

Maritime Continent, South Africa, northern South America, and Australia) compared to the 

reanalysis. The models generally do not do as well at capturing the spatial pattern of 

temperature. Errors in the model’s teleconnections may arise from biases in the 

representation of general circulation as well as biases in the tropical Pacific such as the cold 

tongue bias, and the difficulty of simulating the correct ENSO pattern and location which are 

known to be important for simulating teleconnections (Bayr et al., 2018; Planton et al., 2021). 

We have demonstrated here that ENSO influences extreme temperature and 

precipitation globally. Our findings are in agreement with the previous findings of Kenyon 

and Hegerl (2008) and Kenyon and Hegerl (2010) with added global coverage. The 

teleconnection to extremes for both El Niño and La Niña is generally spatially similar to the 

teleconnection with mean temperature and precipitation, with some regional differences 

found mainly in the case of the extreme cold nights. The CMIP6 models are able to simulate 

the sign of the anomalies in the mean case and the extreme case, in agreement with the 

reanalysis. 

Under high emissions, the amplification of the El Niño and La Niña teleconnection 

found in the mean climate is also found for extremes and is slightly larger for extreme 

temperatures during El Niño. Under SSP5-8.5, the models suggest that we may see an 

amplification of the anomalies associated with El Niño and La Niña for ts, TXx, TNn, pr, and 

Rx1day. The CMIP6 models show an amplification in the magnitude of the anomalies in 

around ~50% of regions and doubling in ~20% of regions globally. This could have 

devastating consequences for regions that already experience damaging extreme events under 

El Niño and La Niña events. This amplification in the ENSO impact will be experienced in 

addition to mean state climate change impacts. As extreme precipitation is predicted to 

intensify generally, ENSO may further enhance this. The same is true for extreme 

temperatures, which are expected to intensify as the climate warms (Ajjur & Al-Ghamdi, 

2021; Li et al., 2021; Sillmann et al., 2013). 
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Analysis of future changes in ENSO teleconnections relies on CMIP6 models. It is 

worth noting that models continue to have systematic biases in their simulation of ENSO and 

teleconnection patterns (Planton et al., 2021). In addition, there is continued disagreement 

regarding future changes in ENSO amplitude and spatial pattern (Beobide-Arsuaga et al., 

2021). Model trends in tropical Pacific SSTs and associated Walker Circulation strength also 

disagree with historical trends (Heede & Fedorov, 2023). Therefore, it is important to 

consider these uncertainties when examining changes in ENSO teleconnections in CMIP6 

models. We find that the amplification of teleconnections is correlated with the changes in 

ENSO amplitude (Figure 10). As models disagree on the sign and magnitude of changes in 

ENSO amplitude, this implies uncertainty in the magnitude of increased teleconnections. 

However, we find that all models simulate strengthened teleconnections regardless of 

whether ENSO becomes stronger, consistent with Fasullo et al. (2018) and Bonfils et al. 

(2015). 

Previous work has shown that mean ENSO teleconnection amplification scales with 

the magnitude of the warming i.e., SSP5-8.5 leads to the largest and most widespread 

changes as it is the warmest of the SSP scenarios (McGregor et al., 2022). Unfortunately, data 

for the extreme indices was not available at the time of this study under each of the SSP 

scenarios but investigating teleconnection changes with extremes for a range of SSP 

scenarios should be considered in future work. Our analysis finds changes to ENSO 

teleconnections with extremes under continued global warming.  Given the impacts of 

ENSO-associated extremes, particularly in more vulnerable regions (Lieber et al., 2022), this 

is one of many incentives to limit global warming through reduced greenhouse gas emissions. 
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