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Abstract: El Niño-Southern Oscillation (ENSO) is the dominant mode of climate variability, 13 

affecting climate conditions over large areas of the globe. There are, however, substantial 14 

differences in how ENSO teleconnections with regional climate variability are represented in 15 

different datasets such as gridded observations and climate models. Here we examine the 16 

global responses of temperature and precipitation over land to ENSO within a hierarchy of 17 

datasets with different levels of observational constraints. Anomaly maps of observed El 18 

Niño and La Niña responses are compared to reanalysis, atmospheric models driven by 19 

observed sea surface temperature (SST), and coupled atmosphere-ocean general circulation 20 

models. There is a gradual decline in anomaly pattern agreement relative to observations 21 

moving down the dataset hierarchy to lower observational constraints. We find a positive 22 

relationship between the models’ fidelity in representing ENSO temperature and 23 

precipitation, though the relationship is stronger for El Niño teleconnections than La Niña. 24 

The models also reproduce El Niño response patterns with greater fidelity than La Niña 25 

patterns. Additionally, the fidelity of model-simulated responses to El Niño is related to the 26 

magnitude of SST variability in the tropical Pacific, but no such relationship could be found 27 

for La Niña responses. This comprehensive evaluation highlights the importance of 28 

realistically simulating atmospheric circulation and SST variability to better capturing the 29 

patterns of regional climate variability in response to ENSO in climate models. 30 

 31 
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1. Introduction 35 

Recurring patterns of global precipitation and temperature have been associated with climate 36 

modes of variability that manifest via inter-annual to inter-decadal oscillations in SST. 37 

Among those modes of variability, ENSO is the dominant climate driver occurring in the 38 

tropics and affecting weather patterns in many regions of the globe. The SST patterns 39 

associated with ENSO alter the large-scale atmospheric circulation, affecting temperature and 40 

precipitation not only in the tropical Pacific but also over remote regions around the globe 41 

(Ropelewski and Halpert, 1987; Trenberth et al., 1998).  42 

El Niño events are generally associated with warm/dry weather in Australia, Indonesia and 43 

northern South America and cool/wet conditions in parts of North America and the southern 44 

half of South America, whereas roughly the opposite effects are seen during La Niñas (e.g., 45 

McPhaden et al., 2006). Predicting the climatic effects of ENSO is of crucial importance for 46 

minimizing the economic and social impacts in countries affected by its teleconnections. 47 

However, climate predictions related to ENSO are challenging as its teleconnections can be 48 

modulated by interactions with other climate drivers, including variability in the Atlantic and 49 

Indian Oceans (Cai et al., 2019). Co-occurring interactions of the Indian Ocean Dipole (IOD) 50 

and Indian Ocean basin wide warming with ENSO can modulate the strength of expected 51 

regional teleconnections in Australia, south Asia and Africa (Nicholson and Kim, 1997; 52 

Ummenhofer et al., 2009; Ummenhofer et al., 2011; Taschetto et al., 2011; Ashok et al., 53 

2014). Similarly, rainfall response to ENSO in South America is influenced by the state of 54 

the tropical Atlantic Ocean (e.g., Rodrigues et al., 2011): El Niño-induced drying conditions 55 

in Northeast Brazil are exacerbated when the tropical North Atlantic is warmer than usual 56 

(e.g. Nobre and Shukla, 1996). Furthermore, over Australia responses to ENSO are 57 

intensified by positive and negative excursions of the Southern Annular Mode (SAM) for El 58 

Niño and La Niña respectively (Lim and Hendon 2015).  59 

Furthermore, regional teleconnection responses to positive and negative ENSO phases are 60 

often non-linear and may vary through time (Hoerling et al., 1997; Power et al., 1999; Frauen 61 

et al., 2014). For example, there is an asymmetric relationship between ENSO and Australian 62 

rainfall due to low-frequency SST variations in the Pacific, such as the Inter-decadal Pacific 63 

Oscillation (IPO) (Power et al., 1999; King et al., 2013). This suggests that regional 64 

teleconnection responses to ENSO should be composited by ENSO phase to account for 65 

asymmetries in the teleconnection. While there are various reports of poor agreement 66 
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between simulated and observed ENSO teleconnections, most studies consider ENSO as a 67 

linear phenomenon rather than considering the teleconnections separately for each phase of 68 

ENSO. Separating teleconnection patterns by ENSO phase allows regional asymmetries in 69 

ENSO responses to be accounted for.  70 

Adding to the difficulty of predicting ENSO teleconnections, climate predictions to ENSO 71 

are also challenging because it depends on the ability of climate models to realistically 72 

simulate the Pacific SST mean and variability as well as the atmosphere dynamics and 73 

thermodynamics. Global climate models display a limited capacity to reproduce ENSO 74 

teleconnections (Dieppois et al., 2015; Jourdain et al., 2013; Langenbrunner and Neelin, 75 

2013; Weare, 2012; Zou et al., 2014) due to, among other factors, biases in Pacific cold 76 

tongue and ENSO-related spatio-temporal features (e.g., Taschetto et al., 2014). Little 77 

improvement in ENSO precipitation teleconnections was found in models participating in the 78 

Coupled Model Inter-comparison Project (CMIP) phase 5 (CMIP5) compared to earlier 79 

CMIP3 models (Langenbrunner and Neelin, 2013). Weare (2012) reported that CMIP5 80 

models with better temporal ENSO characteristics tend to have teleconnections with higher 81 

spatial agreement to observations. Thus, in principle atmospheric-forced simulations, where 82 

SST biases are eliminated, could have a better representation of ENSO teleconnections than 83 

coupled climate models. However, large inter-model spread in global precipitation patterns 84 

associated with El Niños have been reported in Atmospheric Model Inter-comparison Project 85 

(AMIP) simulations (Langenbrunner and Neelin, 2013).  86 

Regional evaluations have indicated weaknesses in climate models to capture the 87 

asymmetrical relationship of ENSO, for example with Australian rainfall as shown by King 88 

et al. (2015). However a systematic global evaluation of asymmetric ENSO relationships 89 

across a range of different observational and climate model datasets is missing. Interestingly, 90 

disagreements also exist among observationally constrained datasets (Bosilovich et al., 2008). 91 

For instance, Jourdain et al. (2013) concluded that a large spread among observational and 92 

reanalysis datasets was a critical challenge in their model assessment of ENSO related Indian 93 

and Australian summer monsoon rainfall. Some disagreement among previous studies could 94 

be due to differences among datasets. Therefore, analysing datasets from a hierarchy of 95 

observational constraints may help isolate where these biases are located (e.g. atmospheric 96 

circulations, oceanic ENSO simulation, etc.) and quantify the amount of disagreement each 97 

constraint reflects. This is exactly the purpose of this study: to assess ENSO teleconnections 98 
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using a suite of datasets following a hierarchy of observational constraints. 99 

More specifically, this paper evaluates the representation of temperature and precipitation 100 

anomalies associated with ENSO across a range of different datasets. To achieve this, El 101 

Niño and La Niña anomalies are examined separately to account for asymmetries and provide 102 

simple statistical quantifications of simulated teleconnections. Using a hierarchy of datasets 103 

with different levels of observational constraints (e.g. gridded observations, reanalysis, SST-104 

driven atmosphere general circulation models (AGCMs), and fully-coupled climate models) 105 

helps identify the steps in the hierarchy in which the simulation of regional variability 106 

deteriorates and could help diagnose sources of potential model shortcomings.  107 

 108 

 109 

2. Data 110 

2.1 Observations  111 

We use monthly mean near surface air temperature and total precipitation from the Climate 112 

Research Unit time-series version 3.21 (CRU TS 3.21, hereafter CRU). CRU is an updated 113 

gridded dataset (0.5° x 0.5°) containing global observations from 4000 meteorological 114 

stations across the world’s land areas excluding Antarctica (Harris et al. 2014). CRU contains 115 

good global coverage between the periods 1901-2012, missing data points are filled in with 116 

the climatology of the area.  117 

Whilst CRU is used here as our reference data, we also assess this dataset against the 118 

following set of alternative observations: Goddard Institute for Space Studies (GISS) Surface 119 

Temperature Analysis (GISSTEMPv.5; Lenssen et al., 2019) available from 1880 to present; 120 

Hadley Centre CRU Temperature (HadCRUT4; Morice et al., 2012) from 1850 to present; 121 

Global Precipitation Climatology Centre (GPCCv.7; Schneider et al., 2011) available from 122 

1901 to present; Global Precipitation Climatology Project version 2.3 Combined Precipitation 123 

Data Set (GPCP2.3; Adler et al., 2003); and, CPC Merged Analysis of Precipitation (CMAP; 124 

Xie and Arkin, 1997), the latter two available from 1979 to present. 125 

The monthly Extended Reconstructed Sea Surface Temperature version 4 (ERSST.v4) 126 

dataset (Huang et al., 2015) is used to identify El Niño and La Niña events in the 127 

observational record. ERSST.v4 contains monthly values of SST measurements reconstructed 128 

from in situ buoy and ship observations into a 2° x 2° longitude-latitude grid from the years 129 
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1875 to present.  130 

2.2 Reanalysis  131 

Retrospective-analysis or reanalysis assimilate irregular inputs of meteorological 132 

observations into a background forecast model to generate gridded output data representative 133 

of the real world’s climate that may otherwise not easily be observed. We use the European 134 

Centre for Medium-Range Weather Forecasts (ECMWF) ‘twentieth century reanalysis’ 135 

(ERA-20C) (Poli et al., 2016) for our comparative reanalysis product.  136 

The ERA-20C reanalysis assimilates surface pressure and marine winds which should enable 137 

it to reproduce observed synoptic conditions, and it further uses observed boundary 138 

conditions of SST, sea ice cover, atmospheric composition changes and solar flaring (Poli et 139 

al., 2016). While other modern reanalyses assimilate a substantially larger set of observations 140 

(e.g. Dee et al. 2011; Kanamitsu et al. 2002), we chose to use ERA-20C for this comparison 141 

because it covers a favourably extensive time period from 1900-2010 and thereby allows to 142 

investigate long-term variability more robustly compared to modern reanalyses that generally 143 

only start in 1979. More than that, ERA-20C is particularly well suited for our study since 144 

ECMWF also provides a set of SST-driven AGCM simulations with the same atmosphere 145 

model as used for the reanalysis, named ERA-20CM (Hersbach et al., 2015). Thus deviations 146 

between ERA-20C and ERA-20CM can be more directly accounted to the difference in their 147 

observational constraints; i.e. the assimilation of synoptic atmospheric conditions versus 148 

freely evolving atmospheric simulations in response to SSTs. 149 

In addition to ERA-20C, we provide a comparison of the performance of this dataset with 150 

other reanalysis: 1979-present ERA5 (C3S, 2017), 1958-present Japanese 55-year Reanalysis 151 

(JRA55; Kobayashi et al., 2015) and 1948-present National Centers for Environmental 152 

Prediction / National Center for Atmospheric Research (NCEP/NCAR; Kalnay et al. 1996). 153 

2.3 Atmospheric models driven by observed SST  154 

The ERA-20CM dataset contains an ensemble of ten simulations covering the 1900-2010 155 

period integrated with external forcing similar to those of CMIP5, such as solar forcing, 156 

greenhouse gases (GHG), ozone and aerosols. In addition, ERA-20CM uses the same 157 

observed SST and sea ice boundary conditions as ERA-20C, i.e. the HadISST2 version 158 

2.1.0.0 (HadISST2) 0.25° x 0.25° gridded dataset (Hersbach et al., 2015). Therefore, ERA-159 
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20CM also captures the occurrence of major climate events, such as ENSO and volcanic 160 

eruptions (Hersbach et al., 2015).  161 

Additional SST-driven AGCM runs used in this study are experiments derived from the 162 

atmospheric components of a subset of CMIP models (Gates et al., 1999). AMIP phase 5 163 

(AMIP5) runs contain the same forcing as their CMIP5 counterparts, including prescribed 164 

GHG emissions. However, AMIP runs do not contain a simulated ocean component and are 165 

therefore constrained by prescribed observed SST and sea ice concentrations. We use 29 166 

AMIP models (Table 1) in our model hierarchy, at the same level as ERA-20CM, 167 

representing atmospheric model simulations driven by observed ocean boundary conditions. 168 

2.4 CMIP5 169 

We use a total of 121 historical simulations from 43 CMIP5 models which provide 170 

transiently forced simulations from the year 1850 or 1860 through to 2005 (Table 1). Long-171 

term ‘historical’ simulations in CMIP5 are not constrained to observations, except for 172 

observed natural and anthropogenic external forcing (e.g. solar variations, volcanic aerosols, 173 

GHG). Thus, internal variability within CMIP5 runs (such as ENSO) has no temporal 174 

reference to real world events.  175 

The analyses are performed over the time period 1945-2005, which is defined by the common 176 

data period of observations with reasonable spatial coverage, reanalysis and the historical 177 

CMIP model simulations. The 60-year period gives a good sample of well documented 178 

ENSO events and should allow a reasonably robust analysis of ENSO-related temperature 179 

and precipitation anomalies. AMIP runs from most models are only available from 1979-180 

2010, so analyses are also performed for the shorter common period 1979-2005 for possible 181 

comparison with CMIP5 simulations. Additionally, one CMIP5 model, GISS-E2-R, provides 182 

longer AMIP5 runs that allow for a consistent ENSO comparison over the 1945-2005 period. 183 

3. Methods 184 

We classify warm and cold ENSO phases from monthly SST data within the Niño3.4 region 185 

(5°N-5°S, 120°-170°W) using the standard Oceanic Niño Index (ONI), commonly used at the 186 

National Oceanic and Atmospheric Administration (NOAA). The ONI is calculated based on 187 

a three month running mean of SST anomalies that deviate from a 30-year average 188 

climatology in the Niño3.4 region. El Niño and La Niña events are identified by ONI values 189 
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exceeding a threshold of +/- 0.5°C (~1.5 standard deviations) from the average climatology 190 

for at least five consecutive months. To account for long-term warming trends, we calculate 191 

ONI values from an evolving climatology using multiple centred 30-year base periods shifted 192 

every 5 years as used by NOAA1. We define an ‘ENSO year’ starting in May of an onset 193 

event and ending in April of the following year, since ENSO peaks between November-194 

February when the ONI values are strongest.  195 

ENSO years between 1945-2005 are derived from ERSST.v4 to identify ENSO events for the 196 

analysis of observations, ERA-20C and AMIP runs. However, ERA-20CM ENSO years are 197 

calculated using ocean data from the ten different realisations of HadISST2 used as boundary 198 

conditions for the different ERA-20CM ensemble members. As the ENSO year runs from 199 

May to April, our chosen time period becomes a 60-year sample size (i.e., May 1945 to April 200 

2004). The El Niño events (i.e., year of onset of the events) selected in ERSST.v4 are 1945, 201 

1951, 1953, 1957, 1958, 1963, 1965, 1968, 1969, 1972, 1976, 1977, 1982, 1986, 1987, 1991, 202 

1994, 1997, 2002, 2004; while the La Niña events are 1949, 1950, 1954, 1955, 1964, 1967, 203 

1970, 1971, 1973, 1974, 1975, 1984, 1988, 1995, 1998, 1999, 2000. Those events are the 204 

same years classified by NOAA ONI2. For individual CMIP5 runs, ENSO years are extracted 205 

from each run’s specific SST simulation. SST variability in each CMIP5 model can 206 

significantly differ from observations. Therefore, ONI values must exceed a model-run-207 

dependent climatological threshold that is calculated, based on the runs internal SST 208 

variability, to match the equivalent ~1.5 standard deviation of NOAA’s threshold. Note that 209 

ENSO years derived from different HadISST2 ensemble members for ERA-20CM are also 210 

based on run-dependent thresholds, though these are very close to the ERSST.v4 threshold.  211 

 212 

Prior to any calculations, all temperature and precipitation data are remapped to a common 213 

2.5° x 2.5° spatial resolution for consistency in our comparisons and to mask over the oceans 214 

and Antarctica as the focus of this study is on ENSO responses over land. We examine 215 

regional ENSO temperature and precipitation responses through composite anomaly patterns 216 

for El Niños and La Niñas (instead of linear regression analysis) to account for asymmetries 217 

in ENSO responses for the different phases of ENSO. 218 

 219 

                                                
1 http://origin.cpc.ncep.noaa.gov/products/analysis_monitoring/ensostuff/ONI_change.shtml 
2 https://origin.cpc.ncep.noaa.gov/products/analysis_monitoring/ensostuff/ONI_v4.shtml 
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ENSO-year averages are calculated using May to April monthly average temperature and 220 

monthly-precipitation totals. We then composite the May-April years by El Niño, La Niña or 221 

Neutral phases ENSO years. For comparison, we also aggregated the temperature and 222 

precipitation means data only over the ENSO peak season (November-February), which 223 

showed similar, but stronger regional anomalies compared to annual aggregations. El Niño 224 

minus Neutral and La Niña minus Neutral fields are taken for the resulting composite 225 

anomaly maps (see section 4.1). We test whether the composites of El Niño and Neutral years 226 

(and accordingly La Niña and Neutral years) are statistically significantly different locally at 227 

each grid cell, using the Kolmogorov–Smirnov (KS) test. This test was chosen to avoid the 228 

assumption of a Gaussian distribution, which in particular for precipitation may not be 229 

fulfilled.   230 

 231 

To provide a quantitative measure of how similar the ENSO composite patterns are between 232 

the differently constrained datasets and the observations, we calculate spatial pattern 233 

correlations of the anomaly maps using Spearman’s rank correlations (Wilks, 1995). 234 

Spearman correlation avoids assumptions of normality in the data’s distribution and is 235 

insensitive to values with large variance and amplitudes that are characteristic of climate 236 

variables. The spatial correlations are calculated for the entire hierarchy of datasets, so that 237 

each model’s run has a correlation coefficient comparing its composite patterns to the 238 

observations. We also compare the ERA-20CM, AMIP5 and CMIP5 composites to ERA-20C 239 

in addition to observations. For models where multiple realisations are available we 240 

additionally calculate concatenated model mean composites for comparison, by 241 

concatenating ENSO years among model realisations into a lengthy time series.  242 

 243 

Pattern correlations are calculated over the 40°N to 40°S (40NS) latitude range, to avoid 244 

issues of over-weighting anomalies in high-latitude grid cells that only represent relatively 245 

small spatial areas. Furthermore, most ENSO-related responses occur in these low to mid 246 

latitudes, whereas higher latitudes are more likely affected by other climate modes and 247 

atmospheric noise. However, when calculating the pattern correlations based on global maps 248 

(i.e. 90°N-90°S, not shown) our results were qualitatively very similar to 40°N-40°S regions 249 

(see Table 2), but with correlation values on average about 0.1 lower for the global maps. We 250 

use the derived spatial correlations as a measure of model skill and compare these 251 

systematically across the hierarchy of datasets.  252 

 253 
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To calculate the significance of spatial correlations between models and observations, we 254 

take into account the climatic influence across neighbouring grid cells and reduce the 255 

effective sample size of the correlations based on the auto-correlation in the observed 256 

anomaly fields. The effective sample size is given by the equation:  257 

 258 

 𝑁! =  𝑁 ∗ 1− 𝑟1 /(1+ 𝑟1), 259 

 260 

where N is the sample size, N’ is the effective sample size, and r1 is the first-order 261 

auto-correlation coefficient (Zwiers and von Storch, 1995). This effective sample size is used 262 

to determine the level at which pattern correlations are considered significant (e.g. red lines 263 

in Fig 5,6,8,9).  264 

The correlation analysis is repeated only for regions (i.e., grid cells) that displayed a 265 

statistically significant response to ENSO in CRU. Aside from generally higher correlation 266 

coefficients, we found these results (see Fig S1-S2) for the most part displayed a similar 267 

pattern of agreement moving down the dataset hierarchy to correlations containing non-268 

significant areas.  269 

 270 
4. Regional responses of temperatures and precipitation 271 

4.1 Spatial patterns of ENSO responses   272 

The composite patterns of mean temperature and precipitation during 1945-2005 El Niño and 273 

La Niña phases are presented in the anomaly maps of Figures 1-4. Observations during El 274 

Niño years show significant warm temperature anomalies over the northern half of South 275 

America, parts of Southeast Asia and Africa (Fig 1a). Cool anomalies during El Niño are 276 

experienced over central North America but are only significant over Argentina and areas in 277 

northern and eastern Russia. Conversely, during La Niña years, most of the global land areas 278 

experience cool temperature anomalies with significant differences mainly found over the 279 

western coastal areas of North America and South America, parts of Africa, India and over 280 

some Pacific island nations (Fig 1b). 281 

 282 

Observed precipitation composite patterns during El Niño (Fig 2a) show significantly drier 283 

conditions over Australia, the Maritime continent, Southeast Asia and Pacific islands and 284 

significantly wetter conditions on the US east coast. Rainfall anomalies over South America 285 
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and New Zealand show a significant dipole like response of drier anomalies over the northern 286 

regions, but wetter anomalies over southern regions. La Niña composites (Fig 2b) display a 287 

reversed response over South America, with significant wet anomalies over northern regions, 288 

but drier conditions experienced in the central and southern half of the continent. 289 

Significantly wetter conditions prevail over the Maritime continent, the east coast of 290 

Australia and South Africa where monthly mean anomalies can reach more than 30mm (Fig 291 

2b).  292 

  293 

The ERA-20C reanalysis reproduces the observed patterns of regional anomalies very well 294 

(Fig 1-2, c-d). The anomalies can slightly deviate from observations over some regions, 295 

however these are very minor. For example, exaggerated El Niño and underestimated La 296 

Niña temperature anomalies over Alaska (Fig 1c and 1d) and opposite signed precipitation 297 

patterns during La Niña over south east Asia (Fig 2d). For the most part, ERA-20C captures 298 

the location of significant hatching in the observations and its anomaly patterns are highly 299 

correlated to CRU for both phases of ENSO. Although quantitatively, El Niño patterns 300 

display a higher agreement to observations than La Niña patterns (Table 2).  301 

 302 

The anomaly patterns produced by the ERA-20CM ensemble mean also displays strong 303 

similarity to the observed and reanalysis composites. The broad temperature patterns are well 304 

captured and the strongest precipitation anomalies are correctly located over South America 305 

and the Maritime continent (Fig 1e-f, 2e-f). Precipitation patterns display only minor 306 

differences in the strength, location and sign of regional anomalies (Fig 2e-f and 2a-b). 307 

Additionally, regions with significant anomalies in the ensemble mean are located in similar 308 

regions to CRU and ERA-20C, though with larger significant areas. In particular the 309 

Northern Hemisphere extra-tropics show a large ensemble standard deviation for temperature 310 

anomalies (Figure 1g, h), highlighting the role of atmospheric variability across the 10 ERA-311 

20CM ensemble members. 312 

 313 

ERA-20CM ensemble mean correlations (Table 2) for temperature (0.45-0.63) and 314 

precipitation (0.59-0.66) with CRU are moderate, but anomaly patterns are in slightly higher 315 

agreement with ERA-20C (Table 3). Regions within ERA-20CM that show the strongest 316 

anomalies are those where internal variability and standard deviations are larger. For 317 

temperature anomalies the largest spread is found in the northern hemisphere (Fig 1g-h) and 318 
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for precipitation anomalies throughout 40NS latitudes mostly over the regions of Southeast 319 

Asia and the Maritime Continent (Fig 2g-h).  320 

 321 

CMIP5 models reproduce composites of ENSO anomalies with wide ranging agreement to 322 

observations; as illustrated in realisations that have the highest, median and lowest correlation 323 

with CRU (Fig 3-4). The ‘best’ individual simulations (measured by their spatial correlation 324 

with CRU) display broad patterns of regional temperature and precipitation anomalies with 325 

striking resemblance of the observations (Fig 3a/b and 4a/b). However, El Niño anomalies 326 

appear to be much stronger in CMIP5 than represented in the observations (Fig 3a and 4a). 327 

Whereas La Niña anomalies display similar magnitudes to CRU but are less accurate in their 328 

pattern location (Fig 3b and 4b).   329 

 330 

CMIP5 El Niño patterns with the highest correlations display significant relationships over a 331 

substantially larger area than seen in CRU (Fig 3a, 4a); this exaggerated significance closely 332 

resembles to ERA-20CM temperature patterns (Fig 1e, 3a), which have more significant 333 

relationships than observed among the 10 ensemble members (not shown). Quantitatively, the 334 

CMIP5 models with the highest correlated realisations, reproduce anomaly patterns with near 335 

equal performance as the ERA-20CM ensemble mean. It is possible that those CMIP5 336 

models may have a more realistic representation of the SST anomaly structure associated 337 

with ENSO or simulate a stronger coupling between the atmosphere and the ocean in the 338 

tropical Pacific or underestimate the level of internal atmospheric noise expected in the real 339 

world. Indeed, MIROC5 (Fig 3a) has been shown to simulate well the spatial pattern of SST 340 

anomalies associated with ENSO, however it overestimates the strength of El Niño events 341 

(Taschetto et al. 2014). On the other hand, HadGEM2-ES (Fig 3b) and GFDL-CM2 (Fig 4a) 342 

are able to simulate ENSO spatial characteristics within observations (Taschetto et al. 2014), 343 

which indicates that strong air-sea coupling in the equatorial Pacific is a more likely 344 

candidate to explain why correlation patterns with CRU are overestimated in these models. 345 

Interestingly, realisations of the CNRM-CM5 model are both ranked lowest for temperature 346 

(Fig 3f) and highest for precipitation (Fig 4b) during La Niña, suggesting a large spread 347 

within the model ensemble. 348 

 349 

CMIP5 runs with poor agreement simulate anomalies with varying strength or opposite sign 350 

than observed. For example, it is interesting to note that a couple of realisations of the GISS-351 

E2-H model rank lowest in the spatial correlation pattern with observations for both 352 
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temperature and precipitation (Figs 3e and 4e-f). Contrary to observations, anomalies are dry 353 

over Indonesia during La Niña (Fig 4f) and wet during El Niño (Fig 4e). The GISS-E2-H 354 

model tends to simulate overly weak ENSO-related SST anomalies (Taschetto et al. 2014), 355 

which is likely not strong enough to drive atmospheric teleconnections as observed. In 356 

addition to the weak SST forcing, biases in ENSO seasonality (i.e. variance and phase 357 

locking in Niño3 and Niño4 regions; Taschetto et al. 2014) can contribute to the lowest 358 

performance of the GISS-E2-H model. Note that the intention of discussing particular models 359 

according to their performance is to make the point that there is large diversity in the 360 

representation of ENSO teleconnections and by no means it is intended to condemn specific 361 

models. We show later that there can be a considerable spread in ENSO response across 362 

ensemble members from same model. We further examine how the various CMIP5 models 363 

compare in their El Niño and La Niña composite pattern agreement in section 4.2. 364 

 365 

4.2 Systematic comparison of the pattern agreement of ENSO responses across different 366 
datasets 367 
Figures 5 and 6 show the range of agreement in the ENSO composite patterns with CRU 368 

across ERA-20C, ERA-20CM and CMIP5 models. The number of markers shown for a given 369 

model represent the number of simulations analysed from that model. Figure 5 displays El 370 

Niño (Fig 5a) and La Niña (Fig 5b) temperature composite pattern agreements of models 371 

ordered from left to right by highest average correlation with CRU. The ERA-20C reanalysis 372 

displays the highest agreement for both El Niño (0.78) and La Niña (0.53) temperature 373 

composites, followed closely by MIROC5 for El Niño and the ERA-20CM mean for La 374 

Niña. The majority of the CMIP5 runs have lower agreement with CRU than ERA-20CM, 375 

with the average of temperature pattern correlations being 0.45 for El Niño and 0.25 for La 376 

Niña (see Table 2) across the CMIP5 ensemble. This confirms our hypothesis that 377 

correlations worsen as less observational constraints are considered in the simulations. 378 

Interestingly, despite the lack of observational constraints, MIROC5 reproduces higher 379 

correlation pattern with CRU than ERA-20CM.  380 

 381 

The correlations of precipitation composites displayed in Figure 6 illustrate again a consistent 382 

deterioration of pattern agreement with CRU moving down the dataset hierarchy. ERA-20C 383 

again displays the highest correlation for El Niño (0.73) and La Niña (0.60), followed closely 384 

by the ERA-20CM mean and the ERA-20CM 10-member realisations for El Niño (0.73) and 385 

for La Niña (0.53). The average of precipitation correlations across the CMIP5 runs is 386 



14 
 

approximately 0.44 and 0.34 for El Niño and La Niña respectively (see Table 2), where the 387 

CMIP5 ensemble mean correlations range between approximately 0.65-0.35 for El Niño and 388 

0.50-0.30 for La Niña. The inter-model spread of precipitation correlations (Fig 6) among the 389 

different models’ realisations appears to be lower in comparison to temperature correlations 390 

(Fig 5). It is interesting also to note that, despite the overall deterioration of correlations in 391 

CMIP5 models compared to observations and reanalysis, the spread across realisations of 392 

individual CMIP5 models is comparable to the spread within ERA-20CM ensemble 393 

members. This suggests that internal variability in the climate system may partially account 394 

for the diversity in ENSO teleconnections. 395 

 396 

Interestingly, as in the reanalysis and the ERA-20CM, CMIP5 models show lower pattern 397 

correlations for La Niña anomalies compared to those during El Niño. This is likely due to 398 

the inherent nonlinear behaviour of ENSO SST pattern and atmospheric convection in the 399 

equatorial Pacific (Hoerling et al., 1997; Frauen et al., 2014). Additionally, ERA-20CM and 400 

CMIP5 models’ composite patterns in most cases correlate slightly higher with ERA-20C 401 

than CRU (See Table 3). This may be because in ERA-20C temperature and precipitation are 402 

also model-simulated variables and affected by similar model biases, whereas observations 403 

may be affected by other issues such as quality and completeness of the meteorological 404 

station observations. Considering the ensemble averages for individual models (indicated by 405 

the yellow stars) where models provided multiple simulations indicates the individual model 406 

ensemble means are in most cases higher or close to the correlation of the ensemble member 407 

with highest correlation. The multi-model ensemble mean shows correlations higher than all 408 

CMIP5 models (for precipitation), or highest apart from one model with higher correlations 409 

(for temperature). This high correlation is expected since noise is attenuated by averaging 410 

over many ensemble members. For a fair comparison, we focus our discussions on the 411 

correlations of individual ensemble members instead of the multi-model means in order to 412 

keep a sound assessment across simulations of same length and similar ENSO sample. 413 

 414 

There is a general tendency that models that simulate temperature anomaly patterns more 415 

similar to observations also have precipitation anomalies more similar to observations. Figure 416 

7 shows a strong positive relationship between CMIP5 correlations of temperature and 417 

precipitation for El Niño (Fig 7a) and La Niña (Fig 7b). The relationship is much stronger for 418 

El Niño with a correlation of 0.74 than for La Niña 0.42. This suggests that both variables are 419 

not independent of each other, which makes sense physically, as regional responses to wet 420 
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and cloudy conditions can lead to lower temperatures, as for example, during La Niña in 421 

eastern Australia. Warm temperature anomalies are experienced when there is less cloud 422 

cover and enhanced net radiative flux to the surface (such as those experienced in Australia 423 

during El Niño), which is usually associated with less precipitation. Additionally, strong El 424 

Niño events lead to a tropospheric warming in the tropics that leads to a more stable 425 

atmospheric environment, thus decreasing rainfall over convective regions in the tropics 426 

(Yulaeva and Wallace 1994). Therefore, given the close relationship between convection, 427 

precipitation and temperature in the tropics during ENSO years, it is perhaps not surprising 428 

that models that are able to simulate ENSO-related precipitation anomalies more accurately 429 

also represent the associated temperature response well. Note, however, that the temperature 430 

and precipitation anomaly patterns themselves are only weakly related (e.g. spatial 431 

correlations of -0.14 for the El Niño composite and -0.05 for La Niña in the 40NS domain 432 

based on CRU observational data), because the temperature response to El Niño is a 433 

widespread warming in the tropical troposphere while the rainfall responses involve 434 

dynamics to remote regions (e.g. via Walker and Hadley circulations). 435 

 436 
We also analyse the pattern correlations for AMIP5 simulations, to complete the hierarchy of 437 

datasets by a number of SST-driven AGCM runs (complementing the results with ERA-438 

20CM). As most AMIP runs are available only from 1979 onwards, this analysis is 439 

performed over the shorter period 1979-2005. Anomalies and pattern correlations from the 440 

other datasets were additionally calculated over this shorter period to provide an equitable 441 

comparison across all datasets. Figures 8 and 9 show correlations of temperature and 442 

precipitation ENSO composites for the AMIP5 and subset of CMIP5 runs compared to CRU 443 

(note that the blue dots representing CMIP5 in Figures 8 and 9 differ from those data points 444 

in Figure 5 and 6 because a shorter analysis period is used in these latter Figures to match 445 

AMIP data availability). 446 

 447 

The ENSO composites during the shorter AMIP period again show that ERA-20C reproduces 448 

anomaly patterns with the highest agreement with CRU, in most cases followed by the ERA-449 

20CM ensemble mean. AMIP5 runs generally show greater agreement with observations in 450 

simulating temperature and precipitation patterns for both phases of ENSO than CMIP5 451 

counterparts. The AMIP5 temperature composites correlate with CRU on average 0.45 for El 452 

Niño and 0.35 for La Niña, while CMIP5 runs on average correlate by 0.28 and 0.14 453 

respectively. AMIP5 precipitation composites correlate with CRU on average by 0.42 for El 454 
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Niño and 0.35 for La Niña and 0.30 and 0.23 for CMIP5 respectively. However, there are 455 

some cases where individual CMIP5 runs reproduce composites that correlate higher than the 456 

AMIP5 runs (e.g. MPI-ESM-LR in Fig 8a and b, CNRM-CM5 and CESM1 in Fig 9a).  457 

 458 

To assess whether analyses over the 26-year AMIP period may be biased due to the smaller 459 

sample size, we also analysed a 60-year period (consistent with other analysis in this study) 460 

provided by the longer AMIP5 runs of the GISS-E2-R model. The 60-year GISS-E2-R period 461 

again for the most part display higher correlations in AMIP5 runs than their comparable 462 

CMIP5 runs (see Fig S3-S4). Although GISS-E2-R CMIP5 runs perform more similarly to 463 

AMIP runs for El Niño precipitation composites. These results confirm, as expected, that 464 

AMIP5 runs generally produce temperature and precipitation El Niño and La Niña composite 465 

patterns that are in higher agreement with observations than CMIP5 runs.  466 

 467 

To summarise the results from the AMIP5 period, Figure 10 clearly shows a gradual 468 

deterioration in agreement with CRU moving down the hierarchy of observationally 469 

constrained datasets. Interestingly, it also shows a clear division between the models’ ability 470 

to simulate temperature and precipitation responses during warm and cold phases of ENSO. 471 

In general, the models are better able to reproduce composites of El Niño patterns compared 472 

to La Niña patterns (Fig 10). Figure 11 confirms that the agreement of simulated El Niño 473 

teleconnections with observations does not depend on how La Niña teleconnection patterns 474 

are simulated in CMIP models and vice versa. In other words, there is no reason to expect 475 

that models simulating well the El Niño temperature response will also simulate well the La 476 

Niña temperature response (Fig 11a). This is also the case for ENSO precipitation 477 

teleconnections (Fig 11b). 478 

 479 

Since CMIP5 models reproduce ENSO related temperature and precipitation responses with 480 

limited capabilities but show a wide spread in correlations, an important question to ask is 481 

whether the quality of the ENSO responses is related to certain model characteristics? In 482 

particular, we examine the possible effects of (1) SST variability in the tropical Pacific, and 483 

(2) the resolution of the atmospheric model.  484 

 485 

Figure 12 shows the correlation of CMIP5 runs as a function of their ENSO ONI threshold 486 

value (representing the magnitude of SST variability). There is a significant positive 487 

correlation between the strength of a CMIP5 run’s internal SST variability (represented here 488 
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by the ONI threshold) and the agreement of composited El Niño temperature rs=0.61 (Fig 489 

12a) and precipitation rs=0.70 (Fig 12c) patterns with observations. However, the correlation 490 

is much lower for La Niña temperature rs =0.20 (Fig 12b) and precipitation rs=0.39 (Fig 12d) 491 

patterns and only significant for precipitation. What is important here is that models with 492 

very low Niño3.4 SST variability show the lowest correlations for El Niño teleconnections. 493 

While this is overall also true for La Niña precipitation responses, some models produce poor 494 

La Niña temperature teleconnection agreement even with strong SST variability. This likely 495 

reflects the nonlinear response of the atmospheric convection in the equatorial Pacific during 496 

El Niño and La Niña events. 497 

 498 

Figure 13 shows the relationship between the number of grid boxes in CMIP5 models (native 499 

atmospheric resolution) and the spatial correlation of its ENSO temperature (top row) and 500 

precipitation (bottom row) anomalies with observations. The number of blue dots is reduced 501 

here because they represent a model’s average correlation, as opposed to separate correlations 502 

for each run as in the other scatter plots. This averaging is expected to reduce noise from 503 

climate variability, but even at this reduced noise level there is no clear relationship between 504 

ENSO temperature and rainfall responses and horizontal resolution of the atmosphere model. 505 

However, models with very coarse resolutions tend to have the lowest agreement of El Niño 506 

temperature and precipitation responses to observations, but this is not the case for La Niña 507 

composites. These results are similar to findings from Weare (2012) but we have extended 508 

this to La Niña phases. 509 

 510 

5. Discussion  511 

 512 

Regional climate in many regions of the world is modulated by ENSO. Climate models are 513 

commonly used tools to study past and future climate. However, when using models to derive 514 

regional climate information, more assurance of models realistically simulating 515 

characteristics of regional climate variability is needed. Previous studies comparing 516 

relationships of regional climate with ENSO between observations and climate models have 517 

reported uncertainties and model shortcomings. Better understanding the effects of ENSO on 518 

regional climate and related mechanisms is important because it will enable more reliable 519 

predictions of seasonal to inter-annual variability.  520 
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Our analysis provides a survey of the representation of global ENSO related temperature and 521 

precipitation responses over land across a hierarchy of datasets with different levels of 522 

observational constraints (e.g. gridded observations, reanalysis, AGCMs and AOGCMs) to 523 

help enable future studies to isolate potential model shortcomings at different steps of the 524 

hierarchy. We examined ENSO composited anomaly maps separately for warm and cold 525 

phases to account for asymmetric relationships. The results show a gradual decline in the 526 

pattern correlation of composited anomaly maps relative to observations (CRU) moving 527 

down the hierarchy from most to least observationally constrained models. These results are 528 

for the most part in robust agreement with analyses using only statistically significant grid 529 

cells (see Figs S1-S2). 530 

  531 

It is important to note that observations and reanalyses can also differ considerably among 532 

each other. To show this, Figure 14 exhibits the correlation coefficients of ENSO composites 533 

using CRU against a diverse set of observations and reanalyses with different time lengths. 534 

Observational datasets of temperature (GISS and HadCRU) and precipitation (GPCC, GPCP 535 

and CMAP) reveal highest correlations with CRU (~0.65-0.85; see Table 2 and 3 for details), 536 

while reanalysis datasets (ERA5, JRA55 and NCEP/NCAR) show second largest correlations 537 

coefficients ranging from ~0.20 and 0.85, followed by AMIP (~0.4) and CMIP5 models 538 

(~0.15 to 0.45). Despite the modest spread across observations and reanalyses, Figure 14 539 

strongly supports the results using ERA-20C and ERA-20CM. 540 

 541 

We can therefore conclude that reanalysis composites are in the highest agreement with the 542 

observations. This is likely because ERA-20C (and the other reanalyses analysed here) is 543 

physically coherent and constrained by ocean and atmospheric observations, which helps 544 

simulate realistic synoptic systems and thereby the correct teleconnection pathways and 545 

seasonality for more accurate anomalies even over high latitudes that have less robust ENSO 546 

responses. Deviations between observations and the ERA-20C reanalysis may point to 547 

quality issues in the observations, such as the coverage and quality of meteorological stations, 548 

or resulting from unknown or poorly represented physical processes that lead to model biases 549 

(e.g. parameterisations).  550 

 551 

ERA-20CM composites are generally in the second highest order of agreement, particularly 552 

in ensemble mean composites, by approximately 0.05-0.20 lower spatial correlation than 553 

ERA-20C. ERA-20CM contains the same atmospheric model as ERA-20C which would 554 
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suggests that the representation of observed weather systems is responsible for the 555 

differences in their ENSO anomaly pattern agreement. The lower correlations in ERA-20CM 556 

can be attributed to the loss of assimilation of atmospheric observations which increases the 557 

degree of freedom in the models internal variability of the atmosphere but also gives way to 558 

typical model biases such as underestimated blocking (Scaife et al., 2010) or shifted location 559 

of storm tracks (Kidston and Gerber, 2010). The loss in correlations here is expected since 560 

there is no observational weather constraint and consequently different representations of 561 

atmospheric circulation. This illustrates that a realistic representation of both atmospheric 562 

circulation and SST variability seems necessary to realistically simulate global patterns of 563 

ENSO related temperature and precipitation anomalies. If either of these components are 564 

missing, this will lead to poorer agreement with observations.  565 

 566 

Similarly, the decline of correlations between AMIP5 and CMIP5 coupled runs can be 567 

attributed to the introduction of a simulated ocean component. AMIP5 runs only simulate the 568 

atmospheric component of CMIP5 models, constrained by observed SST, and produce 569 

correlations on average ~0.2 higher in agreement with CRU than the coupled CMIP5 runs 570 

(Table 2). This suggests that having a realistic ocean component leads to ENSO 571 

teleconnections with enhanced agreement with observations. A prescribed ocean also seems 572 

to constrain the simulated teleconnection pathways. This may also be due to a prescribed 573 

ocean constraining the variability of other modes of climate that can influence regional 574 

teleconnections. For example, the relationship between Indian monsoon rainfall and ENSO is 575 

modulated by the IOD (Ashok et al. 2001). Therefore, the range of inter-model correlation 576 

variability is lower in AMIP5 runs compared to CMIP5.  577 

 578 

CMIP5 composite patterns are typically poorer in agreement with observations and have 579 

average correlations that range between approximately 0.15-0.30 lower than ERA-20C, ERA-580 

20CM and AMIP models. The large inter-model and internal correlation differences occur for 581 

several reasons including biases in simulating mean ocean and atmosphere circulation; 582 

diversity in parameterisations among models (e.g. cloud microphysics); differences in the 583 

incorporated land models used; different ocean variability interactions occurring between 584 

inter-dependent modes of climate; and internal variability in the climate system, including a 585 

diverse range of multi-decadal variability simulated in climate models (Power et al., 2016).  586 

 587 
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ENSO teleconnections to regional climate are modulated on multi-decadal timescales by 588 

climate modes of variability such as the IPO or the Pacific Decadal Oscillation (e.g. Power et 589 

al., 1999; Andreoli and Kayano, 2005; Chan et Zhou, 2005; Yoon and Yeh, 2010; Ashok et 590 

al., 2014; Kim et al. 2014). For instance, the ENSO-Australian rainfall relationship appears to 591 

be stronger during the negative phase of the IPO (Power et al., 1999); while the ENSO-592 

northeast Asian summer monsoon and ENSO-East Asian winter monsoon relationships are 593 

stronger when ENSO and PDO are in phase (Yoon and Yeh, 2010; Kim et al., 2014).  594 

 595 

However, CMIP models tend to overall underestimate internal multi-decadal variability 596 

(Power et al., 2014). This could contribute to the inability of climate models to simulate the 597 

fluctuations in ENSO teleconnections and could explain the decline in correlations compared 598 

to AMIP and reanalysis that are constrained by observed SST. To add to the non-stationarity 599 

of ENSO teleconnections, the impact of ENSO on regional temperature and rainfall is also 600 

modulated by the effect of other climate drivers occurring in the Atlantic and Indian Oceans, 601 

for example the IOD and Atlantic Niños, or local SST anomalies. Therefore, a correct 602 

representation of the combined effect of ENSO and feedback from other oceanic basins is 603 

needed to capture ENSO teleconnections accurately. CMIP5 models have shown biases in 604 

inter-basin interactions, particularly in the tropical Atlantic Ocean, which has a systematically 605 

biased cooler mean state that limits the correct interaction with the Pacific variability (Kajtar 606 

et al., 2018; McGregor et al., 2018; Cai et al. 2019).  607 

 608 

On top of natural variations in the climate system and model biases in coupled ocean-609 

atmosphere processes, uncertainties in the patterns and strength of ENSO teleconnections can 610 

originate from different ENSO spectral behaviors simulated by climate models (Wittenberg 611 

2009) or internal atmospheric variability independent of ENSO (e.g. Deser et al., 2018). 612 

Wittenberg (2009) shows that climate models can simulate ENSO characteristics with a 613 

diversity of spectral behaviours that are modulated on multidecadal to centennial timescales. 614 

Wittenberg (2009) further demonstrates that the large variety of ENSO’s spectral behavior 615 

can be explained by applying Poisson statistics to ENSO’s seasonal phase locking and 616 

interannual memory associated with Pacific Ocean dynamics and modal time scales. In 617 

addition, internal atmospheric dynamics unrelated to ENSO are a factor that is commonly 618 

overlooked by many studies (e.g. Deser et al., 2018). Intrinsic atmospheric variability cannot 619 

be neglected to account for differences in the correlations seen in this study, particularly 620 

across members of the same model/reanalysis. The different simulations of ENSO behaviors 621 
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in CMIP models (due to stochastic atmospheric noise and/or ocean dynamics) can potentially 622 

increase the amount of spread across ensemble members thus contributing to the large 623 

diversity in the representation of temperature and precipitation teleconnections.   624 

 625 

Nevertheless, one would expect that biases in the tropical Pacific would have a more direct 626 

effect on the climatic impacts of ENSO. There are documented weaknesses in CMIP5 627 

responses to ENSO over different regions due to poor ENSO spatial patterns and seasonality 628 

(Dieppois et al., 2015; Jourdain et al., 2013). In particular, ENSO events can manifest in 629 

distinct ‘flavours’ of spatial pattern, amplitude and temporal evolution, the two most common 630 

distinctions of ENSO ‘types’ being the Eastern Pacific (EP) events (which have SST 631 

anomalies that peak along the eastern Pacific) and the Central Pacific (CP) events (where 632 

anomalies peak near the central Pacific, see Trenberth and Stepaniak, 2001; Ashok et al., 633 

2007; Capotondi et al., 2015). Since the atmosphere is highly responsive to the location of the 634 

SST anomalies, variations in ENSO type lead to differences in the expected atmospheric 635 

teleconnection responses (Weng et al., 2007; Ashok et al., 2007; Taschetto et al. 2009; Hill et 636 

al. 2011; Tedeschi et al., 2013; Capotondi et al., 2013; Marathe et al., 2015; Yeh et al., 2018). 637 

Weaknesses in GCM’s oceanic ENSO simulation are a common question regarding the 638 

fidelity of models. 639 

 640 
Taschetto et al. (2014) reported that CMIP5 models represented the different phases of ENSO 641 

with varying degrees of capability. CMIP5 models can simulate the two types of El Niños, 642 

but the majority fail to capture the observed amplitude and magnitude for La Niñas. Zou et al. 643 

(2014) also found that CMIP5 models were more capable of simulating EP than CP El Niño 644 

events. In addition, they showed that CMIP5 models were more capable of realistically 645 

simulating the concomitant US regional temperature response for EP El Niño’s than for CP 646 

El Niño events. This provides further evidence that a realistic simulation of ENSO’s oceanic 647 

component is necessary for simulating more accurate teleconnections with climate variables 648 

over land. Since CMIP5 models present limitations in simulating two types of ENSO, we do 649 

not distinguish between EP and CP ENSO events, but instead use a single classification of 650 

ENSO determined by the ONI index, that captures both types of events. In addition, 651 

separating our analysis into two ENSO types would reduce the sample size considerably, 652 

particularly for the AMIP comparison that starts in 1979, thus affecting the confidence in our 653 

results. Nevertheless, this is an important point that should be considered in future studies 654 
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perhaps with the next generation of climate models (that hopefully simulate more realistically 655 

the diversity of ENSO) and using longer simulations to avoid issues with small sample size.  656 

 657 

Interestingly, we find that models simulate El Niño composite patterns for both temperature 658 

and precipitation with greater fidelity than La Niña composites. This is also seen in 659 

observations and reanalysis (Fig 14). El Niño mean temperature and total precipitation 660 

correlations being approximately 0.1 higher than for La Niña composites. In nature, El Niño 661 

events generally manifest with higher amplitudes than La Niña events (Frauen and 662 

Dommenget, 2010; Burgers and Stephenson, 1999). This asymmetry can drive stronger 663 

teleconnections in models. Another possible reason for the ENSO teleconnection asymmetry 664 

relates to the region where SST anomalies develop in the Pacific (Hoerling et al., 1997). We 665 

found that El Niño composite patterns are more sensitive to the magnitude of Niño3.4 SST 666 

variability than La Niña composited patterns (Fig 12).  667 

 668 

Atmospheric teleconnections generally occur when deep convection is triggered by warm 669 

SST (among other processes) and this depends on SST anomalies and the SST background 670 

state (or climatology). El Niño events generate warm SST anomalies to the CP and/or EP 671 

which causes atypical convection in the surrounding areas. While El Niño events can shift the 672 

center of convection, this is much subtler for La Niña events. La Niña events can be seen as 673 

an intensification of the mean state in the Pacific. As such, the center of convection 674 

associated with the upward branch of the Walker circulation does not change as much during 675 

La Niña events, neither the extension of the Pacific warm pool.  676 

 677 

La Niña events enhance SST conditions in the Maritime Continent/western Pacific which 678 

already naturally favours deep convection. Thus, the anomalous warming does not 679 

necessarily increase deep convection since this oceanic region is already over the SST 680 

threshold for deep convection. In addition, the atmospheric teleconnections from central-681 

eastern Pacific tend to respond strongly to a warm than cold SST anomaly as rainfall 682 

response is related to SST threshold for convection. Thus, the atmospheric teleconnections 683 

are generally stronger during El Niño than La Niña events. This may be why CMIP5 models 684 

display a stronger relationship between Niño3.4 SST variability and El Niño correlations 685 

compared to La Niña correlations. 686 

 687 
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We found statistically significant relationships between CMIP5 Niño3.4 SST variability and 688 

CMIP5 ENSO temperature and precipitation composite pattern agreement (correlations) with 689 

observations (Fig 12a). For the El Niño phase there are significant high correlations between 690 

the ONI and temperature (0.61) and precipitation (0.70) patterns. However, the relationship 691 

was much weaker for La Niña temperature (0.20) and precipitation (0.39) and was only 692 

significant for precipitation composite patterns (Fig 12b). We additionally found that there is 693 

a significant positive relationship between CMIP5 temperature and precipitation anomaly 694 

patterns for El Niño (Fig 7a) and La Niña (Fig 7b). Here again we find that the relationship is 695 

much stronger for El Niño than for La Niña, likely related to the nonlinear nature of the 696 

atmospheric response to a heating source in the equatorial Pacific as discussed previously. 697 

The reason why models that simulate well ENSO temperature patterns also have a good 698 

representation of ENSO precipitation patterns deserves further investigation. One would 699 

argue that this relationship is partially dictated by model biases: those that simulate a realistic 700 

ENSO would tend to represent atmospheric teleconnections more accurately than models 701 

with Pacific cold tongue bias. It is also intuitive to think that a realistic representation of the 702 

atmospheric mean circulation and convective parameterization schemes would affect the way 703 

ENSO teleconnections occur in climate models, as shown by previous studies (Guilyardi et 704 

al. 2004; Neale et al., 2008; Zhu et al., 2017). 705 

 706 

6. Summary and Conclusions 707 

This study provides a comprehensive evaluation of temperature and precipitation responses to 708 

ENSO variability across a range of datasets including gridded observations, reanalysis, 709 

AGCMs driven by observed SST, and coupled AOGCM simulations of the historical climate 710 

period. There is a large variety in the representation of ENSO teleconnections across this 711 

range of data products; even considering the same class of dataset (e.g., among reanalysis 712 

products) or ensemble members from the same climate model. Some climate models are able 713 

to simulate ENSO teleconnections with as high agreement as reanalysis products, while other 714 

models simulate ENSO teleconnection patterns more dissimilar to the observed ENSO 715 

responses. 716 

Our study shows a clear and consistent decline in the agreement of simulated ENSO 717 

teleconnection patterns with observations for datasets with fewer observational constraints. 718 

This highlights that realistic representation of atmospheric circulation and SST variability are 719 

both key factors for realistically simulating remote relationships with ENSO. In addition, our 720 

results show that El Niño temperature and precipitation teleconnections are generally better 721 
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represented than La Niña patterns in reanalyses, AMIP and CMIP models. In general, models 722 

that simulate well the temperature response to ENSO also have a good representation of 723 

ENSO-related precipitation pattern, again with a better agreement for El Niño than La Niña. 724 

Overall models that simulate a larger interannual variability of central tropical Pacific SSTs 725 

tend to have a more realistic representation of El Niño teleconnections, while this relationship 726 

is weaker for La Niña. We have not found a relationship between the simulated ENSO 727 

teleconnection patterns and the horizontal resolution of the atmosphere model. The degrading 728 

of ENSO teleconnection patterns in models is thus likely be associated with factors other than 729 

model resolution, for instance model biases in the Pacific mean state and variability as well 730 

as atmosphere background circulation and convective parameterizations.  731 

Accurate simulation of ENSO teleconnections is important to enable more reliable seasonal 732 

to inter-annual climate predictions, as well as long-term future climate projections. The 733 

Pacific mean state is projected to change and the frequency of extreme ENSO events (both El 734 

Niño and La Niña) is expected to increase under greenhouse warming (Cai et al., 2014; 735 

2015a; 2015b). Therefore, understanding the relationships between ENSO and regional 736 

climate conditions becomes even more important in a future with anthropogenic climate 737 

warming. Furthermore, ENSO-driven atmospheric teleconnections are also expected to 738 

change in a warming climate (Yeh et al., 2018; Power and Delage, 2018; Perry et al., 2019), 739 

and correctly capturing these changes can be another challenge for the climate models.   740 

 741 
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Table 1: CMIP5 models used in this study; the providing institutes; the longitude-latitude 941 

grid box resolutions of the atmosphere component; number of model realisations used to 942 

calculate mean temperature and total precipitation. Models with (*) additionally provide 943 

AMIP runs. 944 

 Model Institute, Country Atmosphere 
resolution #Runs 

1 ACCESS1-0 * Australian Commonwealth Scientific and Industrial 
Research Organisation (CSIRO) Bureau of Meteorology 

(BOM), Australia 
1.875˚ x 1.25˚ 

2 
2 ACCESS1-3 3 
3 BCC-CSM1-1 * Beijing Climate Centre (BCC) China and Meteorological 

Administration, China 2.8˚ x 2.8˚ 3 
4 BCC-CSM1-1-M * 3 
5 BNU-ESM Beijing Normal University, China 2.8˚ x 2.8˚ 1 
6 CanESM2 * Canadian Centre for Climate Modelling and Analysis 

(CCCMA), Canada 2.8˚ x 2.8˚ 5 
7 CCSM4 * 

National Centre for Atmospheric Research (NCAR), USA 
1.25˚x 0.94˚ 

7 
8 CESM1-BGC 1 
9 CESM1-CAM5 3 

10 CESM1-FASTCHEM * 3 
11 CESM1-WACCM 2.5˚ x 1.9˚ 1 
12 CMCC-CESM 

Centro Euro-Mediterraneo per i Cambiamenti Climatici 
(CMCC), Italy 

3.75˚ x 3.75˚ 1 
13 CMCC-CM * 0.75˚ x 0.75˚ 1 
14 CMCC-CMS * 1.875˚ x 1.875˚ 1 
15 CNRM-CM5 * Centre National de Recherches Meteorologiques (CNRM) 

and Centre European de Recherches et de Formation 
Avancee en Calcul Scientifique (CERFACS), France 

1.4˚ x 1.4˚ 10 
16 CNRM-CM5-2 1 
17 CSIRO-Mk3-6-0 * CSIRO and Queensland Climate Change Centre of 

Excellence (QCCCE), Australia 
1.875˚ 1.875˚ 10 

18 CSIRO-Mk3L-1-2 5.6˚ x 3.2˚ 3 
19 EC-EARTH * Royal Netherlands Meteorological Institute, The Netherlands 1.125˚ x 1.125˚ 6 
20 FIO-ESM The First Institution of Oceanography (FIO), China 2.8˚ x 2.8˚ 3 
21 GFDL-CM2p1 

NOAA Geophysical Fluid Dynamics Laboratory (GFDL), 
USA 

2.5˚ x 2.0˚ 

10 
22 GFDL-CM3 * 5 
23 GFDL-ESM2G * 1 
24 GFDL-ESM2M * 1 
25 GISS-E2-H 

National Aeronautics and Space Administration (NASA) and 
Godard Institute for Space Studies (GISS), USA 

17 
26 GISS-E2-R * 25 
27 GISS-E2-R-CC 1 
28 HadCM3 * 

Met Office Hadley Centre (MOHC), UK 
3.75˚ x 2.5˚ 10 

29 HadGEM2-ES * 1.875˚ x 1.25˚ 5 
30 INMCM4 * Institute for Numerical Mathematics (INM), Russia 2.0˚ x 1.5˚ 1 
31 IPSL-CM5A-LR * 

Institut Pierre Simon Laplace, France 
3.75 x 1.875˚ 6 

32 IPSL-CM5A-MR * 2.5˚ x 1.25˚ 3 
33 IPSL-CM5B-LR * 3.75˚ x 1.875˚ 1 
34 MIRCO5 * Atmosphere and Ocean Research Institute (AORI) and 

National Institute for Environmental Studies (NIES) and 
Japan Agency for Marine-Earth Science and Technology 

(JAMSTEC) 

1.41˚ x 1.41˚ 5 
35 MIROC-ESM * 

2.81˚ x 2.81˚ 
3 

36 MIROC-ESM-CHEM * 1 
37 MPI-ESM-LR * 

Max Planck Institute for Meteorology 
(MPI-M), Germany 1.875˚ x 1.875˚ 

3 
38 MPI-ESM-MR * 3 
39 MPI-ESM-P * 2 
40 MRI-CGCM3 * 

Meteorological Research Institute (MRI), Japan 1.125˚ x 1.125˚ 5 
41 MRI-ESM1 1 
42 NorESM1-M * 

Norwegian Climate Centre (NCC), Norway 2.5˚ x 1.875˚ 3 
43 NorESM1-ME 1 
  945 
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Table 2: Temperature and precipitation anomaly map correlations to CRU averaged for each 946 

dataset. Correlations of El Niño (red) and La Niña (blue) of 40NS and global fields are 947 

derived from May-April ENSO year averages and peak month averages (shown in brackets). 948 

Correlations are separated for the 1945-2005 investigation period and 1979-2005 AMIP 949 

period. Note that ERA-20CM values are of the ensemble mean.    950 

 951 

 Temperature Precipitation 
40°N - 40°S Global  40°N - 40°S Global  

1945-2005     

ERA-20C 0.78 (0.77), 
0.53 (0.59) 

0.83 (0.87), 
0.71 (0.78) 

0.73 (0.71), 
0.60 (0.64) 

0.66 (0.64), 
0.53 (0.60) 

ERA-20CM 0.63 (0.61), 
0.45 (0.42) 

0.54 (0.43), 
0.52 (0.30) 

0.66 (0.67), 
0.59 (0.52) 

0.55 (0.52), 
0.47 (0.42) 

GISS 0.83 (0.87) 
0.72 (0.80) 

0.91 (0.92) 
0.83 (0.90) --- --- 

HadCRU 0.83 (0.87) 
0.75 (0.80) 

0.84 (0.89) 
0.80 (0.88) --- --- 

GPCC --- --- 0.82 (0.77) 
0.80 (0.76) 

0.80 (0.76) 
0.76 (0.77) 

CMIP5 0.45 (0.33), 
0.25 (0.24) 

0.29 (0.19), 
0.16 (0.13) 

0.44 (0.41), 
0.34 (0.25) 

0.33 (0.31), 
0.24 (0.19) 

1979-2005     

ERA-20C 0.72 (0.69), 
0.55 (0.46) 

0.77 (0.81), 
0.71 (0.72) 

0.67 (0.69), 
0.57 (0.55) 

0.62 (0.64), 
0.51 (0.52) 

ERA-20CM 0.58 (0.56), 
0.50 (0.39) 

0.61 (0.42), 
0.47 (0.26) 

0.61 (0.60), 
0.50 (0.32) 

0.51 (0.51), 
0.35 (0.23) 

GPCP --- --- 0.81 (0.75) 
0.77 (0.72) 

0.75 (0.72) 
0.74 (0.72) 

CMAP --- --- 0.75 (0.76) 
0.64 (0.65) 

0.68 (0.70) 
0.61 (0.64) 

ERA5 0.84 (0.85) 
0.72 (0.61) 

0.87 (0.89) 
0.80 (0.82) 

0.63 (0.53) 
0.42 (0.57) 

0.55 (0.51) 
0.41 (0.58) 

1948-2005     

NCEP/NCAR 0.71 (0.66) 
0.56 (0.66) 

0.79 (0.80) 
0.71 (0.81) 

0.54 (0.54) 
0.22 (0.44) 

0.49 (0.51) 
0.26 (0.47) 

1958-2005     

JRA55 0.72 (0.78) 
0.61 (0.72) 

0.83 (0.87) 
0.78 (0.84) --- --- 

AMIP5 0.45 (0.46), 
0.35 (0.32) 

0.38 (0.32), 
0.20 (0.08) 

0.42 (0.40), 
0.35 (0.22) 

0.31 (0.30), 
0.24 (0.15) 

CMIP5 0.28 (0.22), 
0.14 (0.16) 

0.20 (0.11), 
0.02 (0.00) 

0.30 (0.31), 
0.23 (0.17) 

0.21 (0.22), 
0.16 (0.11) 

 952 

953 
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Table 3: Temperature and precipitation anomaly map correlations to ERA-20C averaged for 954 

each dataset. Correlations of El Niño (red) and La Niña (blue) of 40NS and global fields are 955 

derived from May-April ENSO year averages and peak month averages (shown in brackets). 956 

Correlations are separated for the 1945-2005 investigation period and 1979-2005 AMIP 957 

period. Note that ERA-20CM values are of the ensemble mean.   958 

 959 

 Temperature Precipitation 
40°N - 40°S Global  40°N - 40°S Global  

1945-2005     

ERA-20CM 0.73 (0.67), 
0.60 (0.61) 

0.66 (0.50), 
0.57 (0.39) 

0.75 (0.76), 
0.61 (0.57) 

0.64 (0.58), 
0.48 (0.50) 

CMIP5 0.49 (0.39), 
0.27 (0.26) 

0.34 (0.22), 
0.16 (0.13) 

0.48 (0.46), 
0.31 (0.25) 

0.38 (0.34), 
0.22 (0.18) 

1979-2005     

ERA-20CM 0.66 (0.58), 
0.60 (0.51) 

0.59 (0.38), 
0.49 (0.31) 

0.77 (0.76), 
0.57 (0.47) 

0.64 (0.61), 
0.40 (0.36) 

AMIP5 0.56 (0.51), 
0.41 (0.40) 

0.44 (0.33), 
0.23 (0.13) 

0.51 (0.50), 
0.41 (0.32) 

0.39 (0.37), 
0.28 (0.23) 

CMIP5 0.36 (0.29), 
0.13 (0.18) 

0.21 (0.12), 
0.01 (0.01) 

0.35 (0.35), 
0.26 (0.25) 

0.26 (0.25), 
0.17 (0.17) 

 960 
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 961 
Fig 1: Composite patterns of El Niño (left) and La Niña (right) temperature anomalies 962 

between 1945-2005, relative to the temperature in neutral ENSO conditions. The maps 963 

display warm (red) and cool (blue) anomalies from (top) CRU, (second row) ERA-20C, 964 

(third row) ERA-20CM ensemble mean. Hatching represents regions where anomalies are 965 

significantly different from neutral years at the 5% level using local KS tests. The bottom 966 

row shows the standard deviation across the ten ERA-20CM ensemble members.  967 
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Fig 2: Composite patterns of El Niño (left) and La Niña (right) precipitation anomalies 968 

between 1945-2005, relative to precipitation in neutral ENSO conditions. The maps display 969 

wet (blue) and dry (red) anomalies from (top) CRU, (second row) ERA-20C, (third row) 970 

ERA-20CM ensemble mean. Hatching represents regions where anomalies are significantly 971 

different from neutral years at the 5% level using local KS tests. The bottom row shows the 972 

standard deviation across the ten ERA-20CM ensemble members. 973 
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Fig 3: Composites of temperature anomalies during El Niño (left) and La Niña (right) 974 

conditions relative to neutral between 1945-2005. The maps show anomalies from selected 975 

CMIP5 models with the highest (top), median (middle) and lowest (bottom) spatial 976 

correlations to CRU. Hatching represents regions where anomalies are significantly different 977 

from neutral years at the 5% level using local KS tests. 978 

 979 
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Fig 4: Composites of precipitation anomalies during El Niño (left) and La Niña (right) 984 

relative to neutral conditions between 1945-2005. The maps show anomalies from selected 985 

CMIP5 models with the highest (top), median (middle) and lowest (bottom) spatial 986 

correlations to CRU. Hatching represents regions where anomalies are significantly different 987 

from neutral years at the 5% level using local KS tests. 988 
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Fig 5: El Niño (a) and La Niña (b) pattern correlations of temperature anomalies between 990 

40°N - 40°S during 1945-2005 compared to CRU. CMIP5 models (blue), ERA-20CM 991 

(green) and ERA-20C (red) are ordered on the x-axis left to right by the average of their 992 

correlations. Grey triangles represent the same composite patterns correlated to ERA-20C. 993 

Individual model ensemble averages are shown by yellow stars, and the CMIP5 multi-model 994 

ensemble mean (using the individual model ensemble means from models with multiple 995 

realisations and single realisations from models providing only one simulation) by the black 996 

filled circle. The red dotted lines represent the threshold at which correlations are statistically 997 

significant at the 5% level.  998 
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Fig 6: El Niño (a) and La Niña (b) pattern correlations of precipitation anomalies between 1000 

40°N - 40°S during 1945-2005 against CRU. CMIP5 models (blue), ERA-20CM (green) and 1001 

ERA-20C (red) are ordered on the x-axis left to right by the average of their correlations. 1002 

Grey triangles represent the same composite patterns correlated to ERA-20C. Individual 1003 

model ensemble averages are shown by yellow stars, and the CMIP5 multi-model ensemble 1004 

mean (using the individual model ensemble means from models with multiple realisations 1005 

and single realisations from models providing only one simulation) by the black filled circle. 1006 

The red dotted lines represent the threshold at which correlations are statistically significant 1007 

at the 5% level. 1008 
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 1010 
Fig 7: Scatterplots between temperature (x-axis) and precipitation (y-axis) anomaly pattern 1011 

correlations for El Niño (a) and La Niña (b) phases. Each dot represents a member of the 1012 

CMIP5 multi-model ensemble. The blue line of best fit is a linear least-squares regression. A 1013 

large regression coefficient between x-axis and y-axis suggests that CMIP5 models that 1014 

simulate well ENSO temperature teleconnections also represent well ENSO precipitation 1015 

response.   1016 
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Fig 8: El Niño (a) and La Niña (b) pattern correlations of temperature anomalies between 1018 

40°N - 40°S during 1979-2005 against CRU. AMIP runs (yellow), CMIP5 (blue), ERA-1019 

20CM (green) and ERA-20C (red) are ordered on the x-axis left to right by the average of 1020 

their correlations. Individual model ensemble averages are shown by red stars (AMIP) and 1021 

grey stars (CMIP), and the AMIP/CMIP5 multi-model ensemble means (using the individual 1022 

model ensemble means from models with multiple realisations and single realisations from 1023 

models providing only one simulation) by the black/blue filled circle in the AMIP5 MMM 1024 

column. The red dotted lines represent the threshold at which correlations are statistically 1025 

significant at the 5% level. 1026 
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Fig 9: El Niño (a) and La Niña (b) pattern correlations of precipitation anomalies between 1029 

40°N - 40°S during 1979-2005 against CRU. AMIP runs (yellow), CMIP5 (blue), ERA-1030 

20CM (green) and ERA-20C (red) are ordered on the x-axis left to right by the average of 1031 

their correlations. Individual model ensemble averages are shown by red stars (AMIP) and 1032 

grey stars (CMIP), and the AMIP/CMIP5 multi-model ensemble means (using the individual 1033 

model ensemble means from models with multiple realisations and single realisations from 1034 

models providing only one simulation) by the black/blue filled circle in the AMIP5 MMM 1035 

column. The red dotted lines represent the threshold at which correlations are statistically 1036 

significant at the 5% level. 1037 
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 1041 

Fig 10: Summary of El Niño (red) and La Niña (blue) teleconnection pattern agreements. 1042 

Correlations represent the average pattern correlation of temperature (right) and precipitation 1043 

(left) anomalies against CRU for each group of data with different observational constraints 1044 

(i.e. ERA-20C, ERA-20CM, SST-prescribed AMIP5, and fully-coupled CMIP5 simulations). 1045 

Based on results in Figures 8 and 9 (i.e. for the data period 1979-2005). 1046 
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 1053 
Fig 11: CMIP5 El Niño (x-axis) against La Niña (y-axis) anomaly pattern spearman 1054 

correlations for temperature (top) and precipitation (bottom). The blue line is a linear least-1055 

squares regression. 1056 

 1057 
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 1058 
 1059 

Fig 12: Scatterplot of the CMIP5 ONI ENSO thresholds (x-axis) against spearman 1060 

correlations (y-axis) of temperature (top row) and precipitation (bottom row) anomaly 1061 

patterns against CRU during El Niño (left column) and La Niña (right column). Each blue dot 1062 

represents a model run. A line of best fit is drawn using linear least-squares regression. The 1063 

ONI threshold of each model run is used here as an indication of ENSO variability in the 1064 

model. Overall, models with larger ENSO variability tend to have a more realistic 1065 

representation of El Niño teleconnections. The relationship is weaker for the La Niña 1066 

counterpart.  1067 
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 1068 
 1069 

Fig 13: Scatterplot of the average spearman correlation of each CMIP5 model’s runs 1070 

measured against the model’s original number of grid boxes. Correlations represent 1071 

temperature (top row) and precipitation (bottom row) anomalies during El Niño (left column) 1072 

and La Niña (right column).   1073 
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 1074 
Fig 14: Correlation coefficients of (a) temperature and (b) precipitation anomaly patterns 1075 

between 40°N - 40°S during El Niño (red symbols) and La Niña (blue symbols) for 1076 

observations (GISS, HadCRUT, GPCC, GPCP and CMAP), reanalysis (ERA20C, 1077 

ERA20CM, ERA5, JRA55 and NCEP), AMIP and CMIP models, against the observational 1078 

reference CRU. Note datasets have different time periods. 1079 
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