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Abstract 24 

El Niño and La Niña events show a wide range of durations over the historical record. The 25 

predictability of event duration has remained largely unknown, although multiyear events could 26 

prolong their climate impacts. To explore the predictability of El Niño and La Niña event duration, 27 

multiyear ensemble forecasts are conducted with the Community Earth System Model, version 1 28 

(CESM1). The 10–40 member forecasts are initialized with observed oceanic conditions on March 29 

1, June 1, and November 1 of each year during 1954–2015; ensemble spread is created through 30 

slight perturbations to the atmospheric initial conditions. The CESM1 predicts the duration of 31 

individual El Niño and La Niña events with lead times ranging from 6 to 25 months. In particular, 32 

forecasts initialized in November, near the first peak of El Niño or La Niña, can skillfully predict 33 

whether the event continues through the second year with 1-year lead time. The occurrence of 34 

multiyear La Niña events can be predicted even earlier with lead times up to 25 months, especially 35 

when they are preceded by strong El Niño. The predictability of event duration arises from initial 36 

thermocline depth anomalies in the equatorial Pacific, as well as sea surface temperature anomalies 37 

within and outside the tropical Pacific. The forecast error growth, on the other hand, originates 38 

mainly from atmospheric variability over the North Pacific in boreal winter. The high 39 

predictability of event duration indicates the potential for extending 12-month operational 40 

forecasts of El Niño and La Niña events by one additional year.   41 
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1. Introduction 42 

The El Niño-Southern Oscillation (ENSO) phenomenon arises from dynamic and 43 

thermodynamic interactions of the ocean and atmosphere in the tropical Pacific and is the largest 44 

source of climate variability on interannual timescales (e.g., Wallace et al. 1998; Neelin et al. 1998; 45 

Wang and Picaut 2004; Chang et al. 2006). Anomalously warm (El Niño) and cold (La Niña) sea 46 

surface temperature (SST) conditions in the central and eastern equatorial Pacific associated with 47 

ENSO alter the distribution of atmospheric convection in the tropics and influence global weather 48 

patterns via atmospheric teleconnections (e.g., Trenberth et al. 1998; Alexander and Scott 2002; 49 

Taschetto et al. 2020). Climate forecast centers around the world have been making routine ENSO 50 

predictions since the 1980s, which provide the basis for seasonal forecasts of temperature and 51 

precipitation over North America and Europe (e.g., Kumar and Hoerling 2000; Shukla et al. 2000; 52 

Kumar et al. 2014; Scaife et al. 2014; L’Heureux et al. 2015, 2020). Early studies on ENSO 53 

prediction focused on the onset and amplitude of ENSO events (Latif et al. 1998; Kirtman et al. 54 

2002; Chen and Cane 2008; Jin et al. 2008). More recent research has expanded to include 55 

predictions of the spatial pattern of SST anomalies throughout the tropical Pacific basin (Capotondi 56 

et al. 2015; Imada et al. 2015; Hendon et al. 2018). Predictions of the duration of ENSO events 57 

have, however, received much less attention, except a few case studies investigating the 58 

predictability of multiyear La Niña events (DiNezio et al. 2017a, b; Luo et al. 2017). The duration 59 

of ENSO events could affect the duration of their associated climate and socioeconomic impacts 60 

(e.g., Hoerling and Kumar 2003; Okumura et al. 2017; Deepak et al. 2019), calling for accurate 61 

predictions of event duration with sufficient lead times. 62 

Recent progress has been made in understanding the mechanisms controlling the duration 63 

of El Niño and La Niña events. ENSO events typically develop in late boreal spring-summer and 64 
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peak near the end of the calendar year. Their temporal evolution after the peak, however, varies 65 

greatly from event to event. In observations during 1900–2017, about two-thirds of El Niño events 66 

and half of La Niña events terminate within a few months after the peak, while the remaining one-67 

third of El Niño events and half of La Niña events persist into the following year and re-intensify 68 

in boreal winter (Wu et al. 2019). The larger fraction of multiyear events for La Niña than El Niño 69 

is consistent with the overall asymmetry of their duration (Kessler 2002; Larkin and Harrison 2002; 70 

McPhaden and Zhang 2009; Ohba and Ueda 2009; Okumura and Deser 2010; Wu et al. 2010; An 71 

et al. 2020). The duration of El Niño is strongly affected by the onset timing (Horii and Hanawa 72 

2004; Lee et al. 2014; Wu et al. 2019). El Niño events developing in boreal spring-early summer 73 

usually terminate after peaking in winter due to early arrival of negative oceanic feedback 74 

processes and adjustments of the tropical Atlantic and Indian Oceans to the tropical Pacific 75 

warming, whereas El Niño events developing after early summer tend to persist into the second 76 

year (Wu et al. 2019). The duration of La Niña, on the other hand, strongly depends on the 77 

amplitude of preceding warm events (DiNezio and Deser 2014; Wu et al. 2019). La Niña events 78 

following a strong warm event usually persist into the second year because of large initial 79 

discharge of equatorial oceanic heat content and strong delayed warming of the Atlantic and Indian 80 

Oceans, with the latter inducing easterly wind anomalies over the western Pacific (DiNezio and 81 

Deser 2014; Wu et al. 2019).  82 

Can knowledge of the long-lead precursors and associated dynamical mechanisms for 83 

ENSO event duration improve its predictability? The potential predictability of ENSO event 84 

duration has been explored in the perfect model predictions conducted with the Community Earth 85 

System Model, version 1 (CESM1; Kay et al. 2015), a climate model that realistically simulates 86 

the diverse temporal evolution of ENSO events (DiNezio et al. 2017a; Wu et al. 2020). In these 87 
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idealized prediction experiments, the model predicts its own trajectories in the control simulation 88 

with perfect initialization of oceanic, seas ice, and land states and with roundoff level errors added 89 

to atmospheric initial conditions. Thus, these predictions are not affected by the issues common in 90 

the operational ENSO forecasts, including the errors in initial conditions and model drift to its own 91 

climatology. Under the perfect model setting, the CESM1 successfully predicts the termination of 92 

early-onset El Niño and the multiyear persistence of late-onset El Niño when initialized with 93 

oceanic conditions in the onset months (Wu et al. 2020). Multiyear La Niña can also be predicted 94 

when the CESM1 is initialized around the peak of strong El Niño (DiNezio et al. 2017a).  95 

The real-world predictability of ENSO event duration remains largely unexplored. Current 96 

operational ENSO forecasts are run forward for up to 12 months (Barnston et al. 2012; Barnston 97 

et al. 2019), thus precluding forecasts of multiyear ENSO events. In addition, operational forecasts 98 

show difficulty predicting the re-intensification of multiyear La Niña in winters of 2008, 2011, 99 

and 2017, even when initialized in boreal summer before the second La Niña peak 100 

(https://iri.columbia.edu/our-expertise/climate/forecasts/enso/archive/). The limited skill of the 101 

operational forecasts in predicting the return of La Niña could partly arise from the difficulties of 102 

climate models in simulating the asymmetric duration of El Niño and La Niña (Ohba et al. 2010). 103 

Using the retrospective forecasts conducted with CESM1, DiNezio et al. (2017b) showed that 104 

multiyear La Niña events during 1954-2015 can be predicted when the model is initialized with 105 

observed oceanic conditions near the peak of strong El Niño events. The predictability of these 106 

multiyear La Niña events is attributed to subsurface oceanic memory associated with strong El 107 

Niño. However, some multiyear La Niña events follow weak-to-moderate El Niño events (e.g., 108 

1970–72 and 2007–09); conversely, the La Niña event that followed the relatively strong El Niño 109 

in 1986–1987 lasted only one year. The predictability and underlying mechanisms of these 110 
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particular La Niña events remain unclear. Moreover, the predictability of El Niño duration in the 111 

real world has not yet been investigated. 112 

In this study, we analyze a suite of multiyear ensemble forecasts performed with the 113 

CESM1 and initialized with observed oceanic conditions on March 1, June 1, and November 1 of 114 

each year from 1954 to 2015. The 3 x 62 ensemble forecasts can provide a more comprehensive 115 

assessment of the predictability and mechanisms of observed ENSO event duration than previous 116 

studies, as well as an assessment of seasonal dependence of forecast skill. In particular, we address 117 

the following questions. To what extent can we predict the duration of El Niño and La Niña events 118 

in the real world? What is the maximum lead time of skillful predictions, and what are the 119 

mechanisms affecting the predictability and forecast error growth? Is it feasible to extend the 120 

current 12-month operational ENSO forecasts by one additional year? The rest of the paper is 121 

organized as follows. Section 2 describes the model, forecast experiments, and analysis methods. 122 

Section 3 estimates the predictability and error growth of ENSO event duration in the forecasts 123 

and investigates the underlying oceanic and atmospheric mechanisms. Section 4 summarizes the 124 

main results and discusses the implications for operational ENSO forecasts and outlook for future 125 

studies.  126 

2. Model experiments and analysis methods 127 

a. CESM1 128 

We conduct a suite of multiyear ensemble forecasts with the Community Earth System 129 

Model, version 1 (CESM1), a state-of-the-art climate model developed at the National Center for 130 

Atmospheric Research. The CESM1 consists of atmosphere, ocean, land surface, and sea ice 131 

components linked by a flux coupler (Hurrell et al. 2013; Kay et al. 2015). The atmospheric 132 

component is the Community Atmosphere Model, version 5 (CAM5) that uses a finite-volume 133 
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dynamical core at a horizontal resolution of 0.9° latitude × 1.25° longitude with 26 levels in vertical 134 

(Neale et al. 2012).  The oceanic component, the Parallel Ocean Program, version 2 (POP2; Smith 135 

et al. 2010), has meridional resolutions increasing from 0.65° at 60°N to 0.27° at the equator and 136 

60 levels in the vertical. The land model is version 4 of the Community Land Model (CLM4; 137 

Lawrence et al. 2011) that is run on the same horizontal grid as the atmosphere model. The sea ice 138 

model, the Los Alamos National Laboratory Community Ice Code, version 4 (CICE4; Hunke and 139 

Lipscomb 2008), uses the same horizontal grid as the ocean model.  140 

b. Forecast experiments 141 

To explore the predictability of ENSO event duration at different lead times, we analyze 142 

CESM1 multiyear ensemble forecasts initialized with observed oceanic conditions on March 1, 143 

June 1, and November 1 in each year during 1954–2015 (Table 1). The forecasts initialized in 144 

November are part of the CESM Decadal Prediction Large Ensemble (CESM-DPLE; Yeager et al. 145 

2018), which consists of 40 members of 10-year simulations for each initialization year.  We use 146 

the first 30 months of forecasts from the CESM-DPLE for our analysis. Following the CESM-147 

DPLE protocol, we conduct two additional sets of ensemble forecasts initialized on March 1 and 148 

June 1 of each year. The March- and June-initialized forecasts are integrated for 30 and 27 months, 149 

respectively, and consist of 10 and 20 members for each initialization year, respectively. The 150 

analysis of 40-member November-initialized forecasts suggests that an ensemble size of 10 is 151 

sufficient to estimate the ensemble mean and spread for 2-year lead forecasts (Fig. S2). 152 

In all three sets of forecasts, each ensemble is initialized with the same ocean and sea ice 153 

conditions obtained from a simulation in which the ocean and sea ice components of CESM1 are 154 

forced with observed atmospheric and surface flux fields [hereafter called a forced ocean-sea ice 155 

simulation (FOSI)]. The surface fluxes are computed using bulk formulas based on observed 156 
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atmospheric fields from the Coordinated Ocean-Ice Reference Experiment (CORE) forcing dataset 157 

(Yeager et al. 2015). Please refer to Yeager et al. (2018) for details of the ocean and sea ice 158 

initialization. The atmosphere and land initial conditions for the CESM-DPLE are based on one 159 

ensemble member of the CESM Large Ensemble Project (Kay et al. 2015), in which ocean and sea 160 

ice conditions evolve freely. For the March- and June-initialized forecasts, the atmosphere and 161 

land initial conditions are generated using a CAM5-CLM4 simulation forced with observed 162 

monthly ocean and sea ice fields from the FOSI. This change in the initialization scheme was 163 

introduced to produce more realistic land initial conditions over the tropics and mid-latitude areas 164 

where atmospheric conditions are strongly controlled by SST forcing. A more accurate 165 

initialization of land features (e.g., soil moisture) may improve predictions of hydroclimate 166 

variability over land. However, we expect that most of the predictability of ENSO events arises 167 

from oceanic initial states due to its long memory. All ensemble members were initialized with 168 

atmospheric initial conditions modified with a unique perturbation at the roundoff level of the 169 

computer (order 10-14 K). The smallest possible perturbations result in entirely uncorrelated 170 

weather after about a week among the members, generating the ensemble spread. All forecasts are 171 

run under the Coupled Model Intercomparison Project phase 5 (CMIP5) ‘historical’ forcing for 172 

1954–2005 and the CMIP5 representative concentration pathway 8.5 forcing for 2006–2015. Table 173 

1 summarizes the information on the forecast ensembles used in this study. 174 

c. Drift correction and detrending methods 175 

Because the CESM1 does not perfectly reproduce the observed climatology, the observed 176 

initial conditions cause the model to drift toward its own climatology as the simulation proceeds. 177 

To remove this effect, a given output variable from the ensemble forecast, 𝑌, is adjusted following 178 

a method that has been extensively used for correcting the full-field initialization forecasts 179 
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(CLIVAR 2011; Meehl and Teng, 2012; Yeager et al. 2012; Hazeleger et al. 2013). For each 180 

ensemble mean forecasts initialized in year 𝑗, the variable 𝑌 is averaged across members 1 to 𝑚 181 

for lead time 𝜏 (1.1). The resulting ensemble mean variable is then averaged across all initialization 182 

years to obtain a “drifting” baseline as a function of lead time (1.2). The “drifting climatology” is 183 

then subtracted from each member in each ensemble to yield drift-adjusted anomalies (1.3): 184 

𝑌&' =
)
*
∑ 𝑌&,'*
,-) , (1.1) 185 

𝑌'. = 	 )
0
∑ 𝑌&'0
&-)  , (1.2) 186 

𝑌&,'1 = 	𝑌&,' − 𝑌'.  , (1.3) 187 

Here, 𝑌&,' represents a given variable 𝑌 at lead time 𝜏 from a member 𝑘 of an ensemble initialized 188 

in year 	𝑗 , Y56  is the ensemble mean of 𝑌&,' , and 𝑌'.  is the “drifting” baseline common to all 189 

ensemble members. 𝑌&,'1 is the drift-corrected 𝑌&,'. The “drifting” climatology is calculated for 190 

the period of 1958–2015 for each lead time, to be consistent with the period of observational data 191 

used for forecast verification. To remove the effect of global warming, we calculate the quadratic 192 

trend of ensemble means at each lead time and subtract it from each ensemble member. 193 

d. Observational data and forecast verification 194 

The forecasts of ENSO events are verified against several observational datasets through 195 

composite and correlation analyses. For SST, we use the Hadley Centre Sea Ice and SST dataset 196 

(Rayner et al. 2003) available for 1870–2019 on a 1° grid. The thermocline depth, which is defined 197 

as the depth of maximum vertical temperature gradient, is derived from the European Centre for 198 

Medium-Range Weather Forecasts (ECMWF) Ocean Reanalysis System 4 (Balmaseda et al. 2013) 199 

available for 1958–2017 on a 1° grid with 42 levels in the vertical. For surface wind components, 200 

we make use of the National Centers for Environmental Prediction-National Center for 201 
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Atmospheric Research (NCEP-NCAR) reanalysis (Kalnay et al. 1996) available for 1948–2017 on 202 

a 2.5° grid. As for the ensemble forecasts, observed monthly climatology is calculated for 1958–203 

2015 and monthly anomalies are quadratically detrended.  204 

We select observed ENSO events for forecast verification based on SST anomalies 205 

averaged over the Niño-3.4 region (170°W–120°W, 5°S–5°N; hereafter called the Niño-3.4 index). 206 

The year when an ENSO event first develops is denoted as year 0 and the months of the year as 207 

Jan0, Feb0, …, and Dec0. Following Wu et al. (2019), El Niño and La Niña events are defined when 208 

the Niño-3.4 index smoothed with a 3-month running mean filter is greater than 0.75 standard 209 

deviations and less than -0.75 standard deviations in any month from Oct0 to Feb+1, respectively. 210 

The standard deviation of the smoothed Niño-3.4 index is calculated separately for each month, 211 

ranging from 0.89° to 1.09°C during October–February. El Niño and La Niña events are further 212 

classified into 2-yr events when the smoothed Niño-3.4 index remains above 0.5 standard 213 

deviations and less than -0.5 standard deviations in any month from Oct+1 to Feb+2, respectively, 214 

and otherwise into 1-yr events. During the period for which the CESM1 ensemble forecasts are 215 

available (1954–2017), there are 10 1-yr El Niño, 5 2-yr El Niño, 4 1-yr La Niña, and 8 2-yr La 216 

Niña events (Table 2). Fig. 1 and Fig. S1 show the time series of the Niño-3.4 index in observations 217 

and forecasts for individual 1-yr and 2-yr El Niño/La Niña events.  218 

Using the three sets of CESM1 forecast ensembles initialized in March, June, and 219 

November, we examine how far in advance the duration of observed ENSO events can be predicted. 220 

The Niño-3.4 index in Dec+1 is used as an indicator of the ENSO event duration, and the forecast 221 

lead time is defined relative to Dec+1. For simplicity, we use threshold values of 0.5°C and -0.5°C 222 

to determine the predicted duration of El Niño and La Niña events, respectively. For all El Niño 223 

and La Niña events during 1954–2015, we compare the temporal evolution of the Niño-3.4 index 224 
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between observations and ensemble forecasts initialized in Nov-1, Mar0, Jun0, Nov0, Mar+1, and 225 

Jun+1, which give lead times ranging from 25 to 6 months. To assess the ability of CESM1 in 226 

predicting the duration of El Niño and La Niña, we compare observed and predicted evolutions of 227 

the Niño-3.4 index and other oceanic and atmospheric variables composited for all 1-yr and 2-yr 228 

El Niño and La Niña events. The CESM1’s prediction skill is also assessed using the correlation 229 

coefficient and root mean square error (RMSE) of the Niño-3.4 index between observations and 230 

ensemble mean forecasts as a function of lead time. The statistical significance of the composite 231 

and correlation analyses is tested through a two-tailed Student’s t-test at the confidence level of 232 

80% (95%) for observations (forecasts). 233 

3. Results 234 

a. Predictability of 1-yr and 2-yr ENSO events 235 

The CESM1 successfully predicts the temporal evolution of ENSO events with lead times 236 

much greater than those of the current operational ENSO forecasts. The ensemble forecasts 237 

initialized at six different lead times relative to Dec+1 are shown for four representative 1-yr and 238 

2-yr ENSO events in Fig. 1 (see Fig. S1 for all other events). The development and termination of 239 

the strong 1-yr El Niño in 1972 are predicted in nearly all members of the ensemble forecasts 240 

initialized in Mar0, although the subsequent development of La Niña in 1973 is not captured by 241 

the ensemble forecasts until the model is initialized in Nov0. The development of the 2-yr El Niño 242 

in 1986-1987 is first predicted by the ensemble forecasts initialized in Nov0 due to the late onset. 243 

The Nov0-initialized forecasts further predict the continuation of El Niño into 1987 in the ensemble 244 

mean, consistent with observations. The development and termination of the strong 1-yr La Niña 245 

in 1988 are predicted in the ensemble forecasts initialized in Jun0. Most prominently, the 246 

development and continuation of the multiyear La Niña in 1998–2000 are predicted in the 247 



 12 

ensemble forecasts initialized as early as in Nov-1, around the peak of the preceding strong El Niño 248 

in 1997.  249 

To assess the overall ability of CESM1 in predicting the ENSO event duration, the 250 

observed and predicted Niño-3.4 index are composited for all 1-yr and 2-yr El Niño and La Niña 251 

events during 1954-2015 (Table 2; Fig. 2, left). On average, the development and termination of 252 

both 1-yr El Niño and La Niña composites are predicted in the ensemble forecasts initialized in 253 

Jun0, when these composite events tend to begin. The transition from 1-yr El Niño to La Niña is 254 

not predicted until Jun+1, partly due to CESM1’s bias in simulating prolonged El Niño as discussed 255 

further in Section 3b. The development and continuation of 2-yr El Niño are, on the other hand, 256 

predicted by Nov0, providing up to 13 months of lead time relative to the second peak in Dec+1. 257 

The development and continuation of 2-yr La Niña are predicted even one year earlier in Nov-1 258 

with lead time of 25 months. The predicted first peak of La Niña occurs too early compared to 259 

observations, but this apparent forecast error is an artifact of the extensive westward shift of 260 

maximum equatorial cooling during boreal summer-fall in the CESM1 (c.f., Fig. 6). The predicted 261 

Dec+1 Niño-3.4 index for all ensemble forecast members shows a similar frequency distribution 262 

for all lead times, indicating high multiyear predictability of 2-yr La Niña (Fig. 2, right). In contrast, 263 

the frequency distribution of the Dec+1 Niño-3.4 index becomes wider with longer lead times for 264 

other event categories. Overall, the CESM1 can predict the event duration for all categories when 265 

initialized in Nov0 with a lead time of 13 months.  266 

We examine the robustness of the composite forecasts by comparing the observed and 267 

predicted ensemble-mean Niño-3.4 index in Dec0 and Dec+1 for the individual ENSO events that 268 

make up each composite (Fig. 3). The event termination in Dec+1 is predicted in the Nov0-269 

initialized forecasts in 7 out of 10 1-yr El Niño events and 3 out of 4 1-yr La Niña events. The 270 
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forecasts initialized before Nov0 show a positive bias of the Dec+1 Niño-3.4 index for most 1-yr El 271 

Niño events, consistent with the composite forecasts (Fig. 2). The event continuation in Dec+1 is 272 

predicted in the Nov0-initialized forecasts in 4 out of 5 2-yr El Niño events and in the Nov-1 or 273 

Mar0-initialized forecasts in all 2-yr La Niña events. The notable consistency of multiyear 274 

predictability of 2-yr La Niña agrees with the earlier study by DiNezio et al. (2017a, b). It is noted 275 

that in the forecasts initialized before Nov0, the prediction of event duration is influenced by the 276 

prediction of event development in Dec0. 277 

Figure 4 shows the correlation skill and RMSE of the Niño-3.4 index predicted by CESM1 278 

for El Niño years, La Niña years, and all years during 1954-2015. In general, the correlation skill 279 

decreases quickly in boreal spring, reflecting the well-known spring predictability barrier of ENSO 280 

(e.g., Torrence and Webster 1998). The RMSE, on the other hand, grows rapidly in boreal summer 281 

and fall due to the seasonal intensification of the Bjerknes feedback (e.g., Neelin et al. 1998). The 282 

correlation skill based on all years falls below 0.6 by Jun+1 in the forecasts initialized in or before 283 

Nov0. When the analysis is limited to El Niño years, however, the Nov0-initialized forecasts show 284 

correlation skills above 0.6 during Dec+1–Apr+2 with 13- to 17-month lead times. The analysis 285 

limited to La Niña years shows even higher correlation skills, exceeding 0.8 during Aug+1–Mar+2 286 

in the Nov0–initialized forecasts (9- to 16-month lead times) and during Dec+1–Feb+2 in the Jun0-287 

initialized forecasts (13- to 17-month lead times). The forecasts show smaller RMSE when the 288 

correlation skill is higher. These results indicate that the CESM1 has multiyear predictive skill 289 

when initialized at certain ENSO states. 290 

b. Processes controlling the predictability in the Nov0-initialized forecasts 291 

We first analyze the processes contributing to the high predictability of ENSO event 292 

duration in the Nov0-initialized forecasts. Figure 5 compares the composite evolutions of SST, 293 
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thermocline depth, and surface wind anomalies in the equatorial Pacific between 1-yr and 2-yr El 294 

Niño and La Niña events in observations and the Nov0-initialized forecasts (see Fig. S3 for the 295 

statistical significance of these composites). In observations, SST warming associated with 1-yr El 296 

Niño exceeds 0.4°C around May0 in the western-central Pacific (170°E-160°W), 2–4 months 297 

earlier compared to 2-yr El Niño. 1-yr El Niño becomes stronger during the mature phase 298 

compared to 2-yr El Niño, with maximum amplitudes ~ 1.6°C compared to 1.1°C in Dec0. Because 299 

of earlier and stronger oceanic adjustments, the thermocline starts to shoal in the western Pacific 300 

by late summer of year 0 in 1-yr El Niño, but not until year +1 in 2-yr El Niño; the magnitude of 301 

the shoaling is also less for 2-yr El Niño compared to 1-yr El Niño. As a result, thermocline depth 302 

anomalies in the western equatorial Pacific are of opposite sign in Nov0 between 1-yr and 2-yr El 303 

Niño, and the ensemble forecasts initialized in that month show a distinct evolution. In the 1-yr El 304 

Niño forecasts, the negative thermocline depth anomalies propagate into the eastern Pacific during 305 

boreal spring, leading to a rapid decay of SST anomalies. In the 2-yr El Niño forecasts, by contrast, 306 

the delayed propagation of weaker negative thermocline depth anomalies is not sufficient to 307 

terminate the event in spring, and the remnant SST warming starts to re-intensify during the 308 

equatorial cold season (June–November). Thus, the timing and magnitude of negative oceanic 309 

feedback, which is reflected in the Nov0 initial oceanic states, are key to the predictions of El Niño 310 

duration, confirming that the mechanisms identified in previous diagnostic and perfect model 311 

studies also operate in the real-world forecasts (Wu et al. 2019; Wu et al. 2020).  312 

The timing of negative oceanic feedback also appears to be important for the predictions 313 

of La Niña duration (Fig. 5). In observations, 1-yr La Niña tends to develop around Mar0 in the 314 

central-eastern equatorial Pacific (140°W-80°W), about 3 months earlier than 2-yr La Niña. The 315 

different onset timing results in opposite signs of thermocline depth anomalies in the western 316 
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equatorial Pacific in Nov0. When initialized with these distinct oceanic conditions in Nov0, the 317 

CESM1 successfully predicts the evolution of 1-yr and 2-yr La Niña in year +1. The Nov0 oceanic 318 

states are also strongly influenced by the magnitude of thermocline shoaling across the equatorial 319 

Pacific in the preceding boreal spring-summer, which is in turn related to the amplitude of 320 

preceding El Niño. In the 2-yr La Niña forecasts, the greater initial shoaling of the thermocline 321 

prevents the delayed oceanic feedback from reversing the sign of thermocline depth anomalies in 322 

the eastern equatorial Pacific.  323 

The Nov0-initialized forecasts predict the early termination of both 1-yr El Niño and La 324 

Niña events, but the timing is a few months later than in observations (Fig. 5). For example, the 325 

SST warming in the western-central Pacific associated with 1-yr El Niño is replaced by SST 326 

cooling in late boreal spring in observation but persists into boreal summer in the forecasts. 327 

Compared to observations, the predicted equatorial SST and wind anomalies extend too far west 328 

and linger too long into summer of year +1 over the western Pacific. The westward displacement 329 

of equatorial anomalies may make surface winds over the western equatorial Pacific less 330 

susceptible to the negative feedback from the tropical Indian Ocean via the atmospheric bridge 331 

and delay the event termination (Okumura and Deser, 2010; Okumura et al. 2011; Ohba and 332 

Watanabe 2012). The westward displacement of equatorial anomalies is, in turn, likely caused by 333 

too strong Pacific cold tongue in CESM1, which acts to shift atmospheric convection anomalies 334 

to the west (Ham and Kug 2012; Bayr et al. 2018). In support of this notion, the Jun0-initialized 335 

forecasts show an even more pronounced bias for protracted 1-yr El Niño and La Niña (cf., Figs. 336 

8 and S4), because the cold tongue bias develops faster in forecasts initialized during the equatorial 337 

cold season compared to those initialized in other seasons (Fig. S5; Siongco et al. 2020).  338 
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Besides the oceanic feedback, observed surface wind anomalies over the western equatorial 339 

Pacific show distinct evolutions after the first peak of 1-yr and 2-yr El Niño and La Niña events 340 

(Fig. 5). In particular, observed surface wind anomalies over the western equatorial Pacific decay 341 

quickly after the peak of 1-yr events but persist through year +1 of 2-yr events. The Nov0-342 

initialized forecasts simulate the different evolution of surface wind anomalies for 1-yr and 2-yr 343 

events, although the 1-yr events show a slower decay compared to observations, consistent with 344 

the slower termination of these events in the model.  345 

To examine the causes of different wind evolutions, we compare the spatial patterns of SST 346 

and surface wind anomalies between 1-yr and 2-yr events during Nov0–Dec0 (Fig. 6; see Fig. S6 347 

for the statistical significance of these composites). In observations, the equatorial Pacific warming 348 

is weaker in 2-yr than 1-yr El Niño, with the center of warming shifted slightly to the west. The 349 

tropical Atlantic and Indian Oceans also warm less in 2-yr El Niño, presumably due to the late 350 

onset and weaker amplitude of equatorial Pacific warming. Another striking difference is the SST 351 

warming in the northeast tropical Pacific and off the west coast of US/Mexico in 2-yr El Niño, 352 

which is nearly absent in 1-yr El Niño. The difference maps between 2-yr and 1-yr El Niño events 353 

show that the northeast tropical Pacific warming and associated southwesterly wind anomalies in 354 

Nov0–Dec0. These extratropical anomalies extend to the western equatorial Pacific in Jan+1–Feb+1, 355 

indicative of the role of the North Pacific meridional mode (NPMM; e.g., Vimont et al. 2001; 356 

Anderson 2003; Chang et al. 2007; Alexander et al. 2010). The SST states in Nov0–Dec0 and 357 

subsequent equatorward propagation associated with the NPMM are well captured by the Nov0-358 

initialized forecasts, although the northeast tropical Pacific warming is weaker compared to 359 

observations. Similar differences are found between 2-yr and 1-yr La Niña events in both 360 

observations and the Nov0-initialized forecasts, except that the amplitude of equatorial Pacific 361 
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cooling is comparable between 2-yr and 1-yr events and the equatorward propagation of northeast 362 

tropical Pacific cooling is less clear in observations. These results suggest that in addition to the 363 

tropical inter-basin adjustments the NPMM plays an important role in maintaining surface wind 364 

anomalies over the western equatorial Pacific during 2-yr El Niño and La Niña. The processes that 365 

cause the different initial NPMM states between 1-yr and 2-yr events in the first place remain 366 

unclear, which could be related to the internal atmospheric variability over the North Pacific or the 367 

tropical SST forcing (Capotondi et al. 2019; Stuecker 2018; Wu et al. 2019; Fang and Yu 2020). 368 

We note that North Pacific wind anomalies in the 2-yr El Niño and 1-yr La Niña forecasts show 369 

different patterns from observations, which could be influenced by internal atmospheric variability 370 

due to the small sample size (Fig. S6). 371 

c. Multiyear predictability of 2-yr La Niña 372 

The CESM1 shows high skill in predicting 2-yr La Niña events with lead times up to 25 373 

months (Fig. 2). DiNezio et al. (2017a, b) suggest that the multiyear predictability of 2-yr La Niña 374 

arises from large initial shoaling of the equatorial Pacific thermocline caused by the preceding 375 

strong El Niño, but not all observed 2-yr La Niña events are preceded by strong El Niño. To explore 376 

other factors affecting the predictability, we further classify 2-yr La Niña events into those 377 

preceded by strong and moderate El Niño (Fig. 7). Here, the preceding El Niño is considered to be 378 

strong (moderate) when the smoothed Dec-1 Niño-3.4 index exceeds 2.0°C (0.5 °C–2.0 °C). In 379 

agreement with DiNezio et al. (2017a, b), the CESM1 predicts 2-yr La Niña when initialized 380 

around the peak of strong El Niño in Nov-1. The Nov-1-initialized forecasts fail to predict the onset 381 

of 2-yr La Niña preceded by moderate El Niño, but the forecasts initialized after Mar0 consistently 382 

predict the development and duration of these events. This result is in contrast to the 1-yr La Niña 383 

forecasts initialized in and after Mar0, which consistently predict the event termination in year +1 384 
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while the amplitude of the preceding El Niño is comparable (i.e., moderate; Fig. 2). Thus, there 385 

seem to be important factors other than the amplitude of preceding El Niño that affect the 386 

development and duration of La Niña events.  387 

Figure 8 shows the temporal evolution of ocean-atmosphere anomalies in the equatorial 388 

Pacific, the tropical North Atlantic, and the tropical Indian Ocean for composites of 2-yr La Niña 389 

preceded by strong El Niño, 2-yr La Niña preceded by moderate El Niño and all 1-yr La Niña 390 

events, based on observations and the ensemble forecasts initialized between Nov-1-Nov0 (see Fig. 391 

S7 for the statistical significance of these composites). When initialized with strong El Niño 392 

conditions in Nov-1, the CESM1 predicts the evolution of the tropical ocean-atmosphere system in 393 

the subsequent two years of La Niña surprisingly well, comparable to the forecasts initialized in 394 

later months. In both observations and the Nov-1-initialized forecasts, strong El Niño causes not 395 

only large shoaling of the equatorial Pacific thermocline, but also strong warming of the tropical 396 

Atlantic and Indian Oceans, which delay the adjustments to La Niña cooling. As stated earlier, the 397 

CESM1 first predicts the development and duration of 2-yr La Niña preceded by moderate El Niño 398 

when initialized in Mar0. The development and duration of 1-yr La Niña are not predicted until 399 

Jun0, when the thermocline begins to shoal in the central-eastern equatorial Pacific. Compared to 400 

1-yr La Niña, both observed and predicted 2-yr La Niña preceded by moderate El Niño shows 401 

stronger equatorial Pacific cooling, with the center displaced to the west. Thus, the amplitude and 402 

location of equatorial Pacific cooling appear to affect the La Niña duration and its predictability. 403 

It is interesting to note that the tropical North Atlantic is warmer during Nov0-Apr0 of 2-yr La Niña 404 

preceded by moderate El Niño than 1-yr La Niña. Recent studies suggest that tropical North 405 

Atlantic SST anomalies significantly affect the development of ENSO events during boreal spring 406 

via the atmospheric bridge (Ham et al. 2013; Ham and Kug 2015). It is plausible that the magnitude 407 
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of tropical North Atlantic warming associated with moderate El Niño modulates the amplitude and 408 

duration of subsequent La Niña. 409 

d. Sources of ensemble spread 410 

While the ensemble mean forecasts reveal the predictable component of the ENSO event 411 

duration, the ensemble spread provides information on the uncertainty of predictions. Figure 9 412 

shows the growth of ensemble spread as a function of lead time for forecast ensembles of 413 

individual El Niño and La Niña events initialized in Nov-1–Jun+1. The growth of ensemble spread 414 

shows strong seasonal dependence, with a rapid increase from late boreal spring through summer 415 

when the cold tongue develops and the Bjerknes feedback strengthens in the equatorial Pacific. 416 

After reaching a peak in boreal winter, the magnitude of ensemble spread decreases following the 417 

decrease of ENSO variability. The forecast ensembles initialized in Jun0 show smaller spread in 418 

boreal winter (Dec0–Mar+1) compared to those initialized in Nov-1 and Mar0. The forecast 419 

ensembles initialized in Nov-1–Jun0 tend to show larger spread in Dec+1 compared to those 420 

initialized in Nov0–Jun+1 due to error accumulation over a longer period.  421 

To identify the sources of ensemble spread of event duration, we correlate the Dec+1 Niño-422 

3.4 index with global SST and SLP anomalies in the preceding months using the forecast 423 

ensembles of all El Niño and La Niña events (Fig. 10; see Fig. S8 for the statistical significance of 424 

these correlations). Before conducting the correlation analysis, we remove the ensemble mean 425 

from individual members of each forecast ensemble and then pool all forecast ensembles for each 426 

initialization month. In this way, we remove the predictable signal (given by the ensemble-mean) 427 

and isolate the unpredictable component (the residual from the ensemble mean) for our analysis. 428 

In the forecast ensembles initialized between Nov-1 and Nov0, the ensemble spread of the Dec+1 429 

Niño-3.4 index originates mainly from a meridional dipole pattern of SLP anomalies over the 430 
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North Pacific in Dec0–Jan+1 and associated subtropical North Pacific SST anomalies that peak in 431 

Mar+1–Apr+1. This result indicates that wintertime atmospheric variability over the North Pacific 432 

and attendant ocean-atmosphere interactions contribute to the uncertainty of ENSO event duration, 433 

consistent with a previous study suggesting the dominant role of the NPMM in the ensemble spread 434 

of ENSO forecasts (Ma et al. 2017). In the forecasts initialized in Nov-1 and Mar0, variability 435 

similar to the Indian Ocean dipole (IOD) mode in Sep0-Oct0 also weakly contributes to the 436 

ensemble spread of the Dec+1 Niño-3.4 index. In the forecasts initialized after the first peak of El 437 

Niño and La Niña in Mar+1 and Jun+1, the ensemble spread appears to originate mainly from 438 

atmospheric variability over the South Pacific, suggesting the role of the South Pacific meridional 439 

mode (SPMM; DiNezio 2017a; Larson et al. 2018).  440 

4. Summary and discussion 441 

We have explored the predictability of ENSO event duration using three sets of CESM1 442 

multiyear forecast ensembles initialized with observed oceanic and sea ice conditions on March 1, 443 

June 1, and November 1 of each year during 1954–2015. The CESM1 shows high predictive skill 444 

of ENSO event duration with lead times ranging from 6 to 25. In particular, the forecasts initialized 445 

in Nov0 near the first peak of El Niño and La Niña can skillfully predict whether the events 446 

terminate or persist through the following year with a lead time of 13 months. The predictability 447 

arises from the timing and magnitude of delayed negative oceanic feedbacks and inter-basin 448 

adjustments, which are reflected in the initial thermocline depth and SST anomalies. In addition, 449 

subtropical North Pacific SST anomalies associated with the NPMM contribute to the 450 

predictability of ENSO event duration by affecting surface winds over the western equatorial 451 

Pacific. The occurrence of multiyear La Niña events can be predicted with lead times up to 25 452 

months. Multiyear La Niña events preceded by strong El Niño are predicted with the longest lead 453 
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time of 25 months, owing to large adjustments of the equatorial Pacific thermocline and inter-basin 454 

SSTs associated with the preceding El Niño. When La Niña events are preceded by moderate-to-455 

weak El Niño, SST variability in the tropical North Atlantic may provide long-term predictability 456 

of the event duration, although the role of oceanic conditions in different ocean basins requires 457 

further investigation.  458 

The forecast error growth of event duration originates mainly from wintertime atmospheric 459 

variability over the North Pacific around the first peak of El Niño and La Niña (Dec0-Jan+1) and 460 

attendant air-sea interactions in the tropical Pacific. In the forecasts initialized in Jun0, unforced 461 

variability of the IOD in the first boreal fall also contributes to the ensemble spread. In the forecasts 462 

initialized after the first peak of El Niño and La Niña (Mar+1 and Jun+1), the error growth of event 463 

duration is associated with atmospheric variability over the South Pacific during boreal spring-464 

summer. The forecast errors originating from these tropical and extratropical phenomena grow 465 

faster during late boreal spring-summer than other seasons, when the seasonal cold tongue 466 

develops in the equatorial Pacific. The forecast errors are also likely caused by intraseasonal wind 467 

variability over the western equatorial Pacific (e.g., Menkes et al. 2014; Puy et al. 2017), which is 468 

not explored in this study due to limited computational resources. 469 

The predictability of ENSO event duration shown in this study is inherently lower than the 470 

predictability based on perfect model experiments using the same model (DiNezio et al. 2017a; 471 

Wu et al. 2020). The lower prediction skills are partly associated with model biases in simulating 472 

tropical Pacific climate and ENSO. As discussed earlier, the forecasts initialized with observed 473 

oceanic conditions systematically overestimate the duration of El Niño and La Niña events due to 474 

excessively strong cold tongue and resultant westward displacement of ENSO anomalies in the 475 

equatorial Pacific in this model. The prediction skills are also degraded by errors in initial oceanic 476 
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conditions. Recall that the oceanic initial conditions are derived from an ocean model simulation 477 

forced with observed atmospheric and surface flux fields, which do not perfectly agree with 478 

observations. For instance, in the forecasts of La Niña initialized with moderate El Niño conditions, 479 

the absence of observed Indian Ocean warming may contribute to the failure to predict the La Niña 480 

development in the following year (Fig. 8).  481 

Regardless of the caveats discussed above, the results of this study indicate the potential of 482 

extending the current 12-month operational ENSO forecasts by one additional year. Our study is 483 

based on a single model and the predictability is explored only for selected initialization months. 484 

Further research is needed to explore the model and seasonal dependencies of the predictability of 485 

ENSO event duration. It is particularly important to assess the ability of models to reproduce the 486 

statistical characteristics of observed ENSO event duration using multi-model historical or control 487 

simulations, which could influence the skill of models in predicting ENSO event duration. Given 488 

the large computational costs, it may not be feasible to fully extend the operational ENSO forecasts 489 

by one additional year for all models. However, our study highlights the benefit of extending the 490 

forecasts even for selected models and selected initialization months. Multiyear ENSO forecasts 491 

will provide a new basis for predictions of prolonged climate anomalies, such as persistent drought 492 

in the southern US and widespread flooding in Australia, during multiyear La Niña events. 493 
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TABLE 1. A summary of the forecast ensembles used in this study. Forecasts are initialized on 697 

March 1, June 1, and November 1 of each year during 1954-2015. 698 

Initialization 

month 

Simulation 

length 

Ensemble 

size 

Ocean and sea ice 

initial conditions 

Atmosphere and land 

initial conditions 

March 30 months 10 CORE-forced FOSI FOSI-forced CAM5-CLM4 

June 27 months 20 CORE-forced FOSI FOSI-forced CAM5-CLM4 

November 122 months 40 CORE-forced FOSI CESM1 uninitialized 

  699 
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TABLE 2. A list of 1-yr and 2-yr El Niño and La Niña events during 1954–2015, denoted by the 700 

years when the events first develop. 701 

 Years 

1-yr El Niño 1963, 1965, 1972, 1982, 1991, 1994, 1997, 2002, 2006, 2009 

2-yr El Niño 1957, 1968, 1976, 1986, 2014 

1-yr La Niña 1964, 1988, 1995, 2005 

2-yr La Niña 1954, 1970, 1973, 1983, 1998, 2007, 2010, 2016 

  702 
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Figure Captions 703 

Figure 1. Time series of the smoothed Niño-3.4 index in observations (black curves) and ensemble 704 

forecasts (colored curves) for (first column) 1-yr El Niño in 1972, (second column) 2-yr El Niño 705 

in 1986–1987, (third column) 1-yr La Niña in 1988, and (fourth column) 2-yr La Niña in 1998–706 

1999. The ensemble forecasts are initialized in (first row) Nov-1, (second row) Mar0, (third row) 707 

June0, (fourth row) Nov0, (fifth row) Mar+1, and (sixth row) Jun+1. The ensemble mean and 708 

individual member forecasts are indicated by the thick and light colored curves, respectively. See 709 

Fig. S1 for predictions of all other 1-yr and 2-yr ENSO events during 1954–2015. 710 

Figure 2. (left) Time series of the smoothed Niño-3.4 index (°C) in observations (black curves) 711 

and ensemble-mean forecasts (colored curves) composited for all (top row) 1-yr El Niño, (second 712 

row) 2-yr El Niño, (third row) 1-yr La Niña and (fourth row) 2-yr La Niña events during 1954–713 

2015. The forecasts are initialized in Nov-1 (pink), Mar0 (red), Jun0 (yellow), Nov0 (green), Mar+1 714 

(light blue), and Jun+1 (dark blue), with lead times ranging from 25 (Nov-1) to 6 (Jun+1) months 715 

relative to Dec+1. The solid colored curves indicate that the composite forecasts are significantly 716 

different from zero at the 95% confidence level. (right) Histograms of the Niño-3.4 index (°C) in 717 

Dec+1 constructed from all ensemble forecast members of all events that make up each composite, 718 

expressed as a percentage of the total number.  719 

Figure 3. Niño-3.4 index (color bar; °C) in (left column) Dec0 and (right column) Dec+1 for 720 

individual (a) 1-yr El Niño, (b) 2-yr El Niño, (c) 1-yr La Niña, and (d) 2-yr La Niña events in 721 

(bottom row) observations and (other rows) ensemble mean forecasts with different lead times 722 

relative to Dec+1 as indicated. White boxes indicate missing data. 723 
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Figure 4. (left) Correlation skill and (right) root mean square error (RMSE; °C) of the smoothed 724 

Niño-3.4 index as a function of lead time in ensemble mean forecasts initialized in different months 725 

(x-axis) compared to observations for (top row) El Niño years, (middle row) La Niña years, and 726 

(bottom row) all years during 1954–2015. Correlation skill values indicated by filled circles are 727 

statistically significant at the 95% confidence level.   728 

Figure 5. Longitude-time sections of SST (°C; shading), thermocline depth (contours at intervals 729 

of 8 m starting at ±4 m; zero contours thickened and negative contours dashed), and surface wind 730 

(m/s; vectors) anomalies in the equatorial Pacific (3°S–3°N) composited for 1-yr and 2-yr El Niño 731 

and La Niña events in observations and ensemble forecasts initialized in Nov0. The thermocline 732 

depth anomalies are smoothed with a 1-2-1 filter in the time direction and a 9-point running-mean 733 

filter in the longitudinal direction in both observations and forecasts. The statistical significance of 734 

these anomalies is shown in Fig. S5. 735 

Figure 6. Maps of composite SST (°C; shading) and surface wind anomalies (m/s; vectors) during 736 

Nov0-Dec0 based on (left) observations and (right) ensemble forecasts initialized in Nov0 for (a) 737 

El Niño and (b) La Niña. Top row of maps shows results for 1-yr events, second row for 2-yr 738 

events, and third row for their difference (2-yr minus 1-yr). Bottom row shows the difference 739 

between 2yr and 1yr events during Jan+1-Feb+1. The statistical significance of these anomalies is 740 

shown in Fig. S6. 741 

Figure 7. Time series of the smoothed Niño-3.4 index (°C) in observations (black curves) and 742 

ensemble forecasts (colored curves) composited for 2-year La Niña events following (top) strong 743 

(1972, 1982, 1998, and 2015) and (bottom) moderate (1952, 1969, 2006, and 2010) El Niño events. 744 

The preceding El Niño is considered to be strong (moderate) when the Dec-1 Niño-3.4 index is > 745 
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2.0°C (0.5 °C - 2.0 °C). The forecasts are initialized in Nov-1 (pink), Mar0 (red), Jun0 (yellow), 746 

Nov0 (green), Mar+1 (light blue), and Jun+1 (dark blue), with lead times ranging from 25 (Nov-1) to 747 

6 months (Jun+1) relative to Dec+1. The solid colored curves indicate that the composite forecasts 748 

are significantly different from zero at the 95% confidence level. 749 

Figure 8. Longitude-time sections of SST (°C; shading), thermocline depth (contours at intervals 750 

of 8 m starting at ±4 m; zero contours thickened and negative contours dashed), and surface wind 751 

(m/s; vectors) anomalies composited for (a) 2-yr La Niña events following strong El Niño, (b) 2-752 

yr La Niña events following moderate El Niño events, and (c) all 1-yr La Niña events in (left) 753 

observations and ensemble forecasts initialized in (from left to right) Nov-1, Mar0, Jun0, and Nov0. 754 

Pacific longitudes (120°E-80°W) are based on averages over 3°S–3°N, Indian Ocean longitudes 755 

(40°E-120°E) are based on averages over 10°S–0°, and Atlantic longitudes (80°W-10°E) are based 756 

on averages over 0°–20°N.  The thermocline depth anomalies are smoothed with a 1-2-1 filter in 757 

the time direction and a 9-point running-mean filter in the longitudinal direction in both 758 

observations and forecasts. The statistical significance of these anomalies is shown in Fig. S7. 759 

Figure 9. Ensemble spread of the Niño-3.4 index as a function of lead time in forecast ensembles 760 

initialized in Nov-1 (pink), Mar0 (red), Jun0 (yellow), Nov0 (green), Mar+1 (light blue), and Jun+1 761 

(dark blue) for all El Niño and La Niña events. Each colored curve represents a different event. 762 

Figure 10. Correlation maps of SST (color shading) and sea level pressure (contours at intervals 763 

of 0.1; zero contours thickened and negative contours dashed) anomalies with the Niño-3.4 index 764 

in Dec+1 from the ensemble forecasts as a function of lead time [columns: (left) Nov-1 to (right) 765 

Jun+1 initialized forecasts] and verification time [rows: (top) Dec-1-Jan0 to (bottom) Dec+1-Jan+2 ]. 766 

All members of the forecast ensembles for all El Niño and La Niña years are pooled together after 767 
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removing the mean of each ensemble from the individual members of that ensemble. The statistical 768 

significance of these anomalies is shown in Fig. S8.  769 
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 770 

Figure 1. Time series of the smoothed Niño-3.4 index in observations (black curves) and ensemble 771 

forecasts (colored curves) for (first column) 1-yr El Niño in 1972, (second column) 2-yr El Niño 772 

in 1986–1987, (third column) 1-yr La Niña in 1988, and (fourth column) 2-yr La Niña in 1998–773 

1999. The ensemble forecasts are initialized in (first row) Nov-1, (second row) Mar0, (third row) 774 

June0, (fourth row) Nov0, (fifth row) Mar+1, and (sixth row) Jun+1. The ensemble mean and 775 

individual member forecasts are indicated by the thick and light colored curves, respectively. See 776 

Fig. S1 for predictions of all other 1-yr and 2-yr ENSO events during 1954–2015.  777 
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 778 

Figure 2. (left) Time series of the smoothed Niño-3.4 index (°C) in observations (black curves) 779 

and ensemble-mean forecasts (colored curves) composited for all (top row) 1-yr El Niño, (second 780 

row) 2-yr El Niño, (third row) 1-yr La Niña and (fourth row) 2-yr La Niña events during 1954–781 

2015. The forecasts are initialized in Nov-1 (pink), Mar0 (red), Jun0 (yellow), Nov0 (green), Mar+1 782 

(light blue), and Jun+1 (dark blue), with lead times ranging from 25 (Nov-1) to 6 (Jun+1) months 783 

relative to Dec+1. The solid colored curves indicate that the composite forecasts are significantly 784 

different from zero at the 95% confidence level. (right) Histograms of the Niño-3.4 index (°C) in 785 

Dec+1 constructed from all ensemble forecast members of all events that make up each composite, 786 

expressed as a percentage of the total number.   787 
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 788 

Figure 3. Niño-3.4 index (color bar; °C) in (left column) Dec0 and (right column) Dec+1 for 789 

individual (a) 1-yr El Niño, (b) 2-yr El Niño, (c) 1-yr La Niña, and (d) 2-yr La Niña events in 790 

(bottom row) observations and (other rows) ensemble mean forecasts with different lead times 791 

relative to Dec+1 as indicated. White boxes indicate missing data.  792 
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 793 

Figure 4. (left) Correlation skill and (right) root mean square error (RMSE; °C) of the smoothed 794 

Niño-3.4 index as a function of lead time in ensemble mean forecasts initialized in different months 795 

(x-axis) compared to observations for (top row) El Niño years, (middle row) La Niña years, and 796 

(bottom row) all years during 1954–2015. Correlation skill values indicated by filled circles are 797 

statistically significant at the 90% confidence level.    798 
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 799 

Figure 5. Longitude-time sections of SST (°C; shading), thermocline depth (contours at intervals 800 

of 8 m starting at ±4 m; zero contours thickened and negative contours dashed), and surface wind 801 

(m/s; vectors) anomalies in the equatorial Pacific (3°S–3°N) composited for 1-yr and 2-yr El Niño 802 

and La Niña events in observations and ensemble forecasts initialized in Nov0. The thermocline 803 

depth anomalies are smoothed with a 1-2-1 filter in the time direction and a 9-point running-mean 804 

filter in the longitudinal direction in both observations and forecasts. The statistical significance of 805 

these anomalies is shown in Fig. S5.  806 



 44 

 807 

Figure 6. Maps of composite SST (°C; shading) and surface wind anomalies (m/s; vectors) during 808 

Nov0-Dec0 based on (left) observations and (right) ensemble forecasts initialized in Nov0 for (a) 809 

El Niño and (b) La Niña. Top row of maps shows results for 1-yr events, second row for 2-yr 810 

events, and third row for their difference (2-yr minus 1-yr). Bottom row shows the difference 811 

between 2yr and 1yr events during Jan+1-Feb+1. The statistical significance of these anomalies is 812 

shown in Fig. S6.  813 
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 814 

Figure 7. Time series of the smoothed Niño-3.4 index (°C) in observations (black curves) and 815 

ensemble forecasts (colored curves) composited for 2-year La Niña events following (top) strong 816 

(1972, 1982, 1998, and 2015) and (bottom) moderate (1952, 1969, 2006, and 2010) El Niño events. 817 

The preceding El Niño is considered to be strong (moderate) when the Dec-1 Niño-3.4 index is > 818 

2.0°C (0.5 °C–2.0 °C). The forecasts are initialized in Nov-1 (pink), Mar0 (red), Jun0 (yellow), Nov0 819 

(green), Mar+1 (light blue), and Jun+1 (dark blue), with lead times ranging from 25 (Nov-1) to 6 820 

months (Jun+1) relative to Dec+1. The solid colored curves indicate that the composite forecasts are 821 

significantly different from zero at the 95% confidence level.  822 
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 823 

Figure 8. Longitude-time sections of SST (°C; shading), thermocline depth (contours at intervals 824 

of 8 m starting at ±4 m; zero contours thickened and negative contours dashed), and surface wind 825 

(m/s; vectors) anomalies composited for (a) 2-yr La Niña events following strong El Niño, (b) 2-826 

yr La Niña events following moderate El Niño events, and (c) all 1-yr La Niña events in (left) 827 

observations and ensemble forecasts initialized in (from left to right) Nov-1, Mar0, Jun0, and Nov0. 828 

Pacific longitudes (120°E–80°W) are based on averages over 3°S–3°N, Indian Ocean longitudes 829 
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(40°E-120°E) are based on averages over 10°S–0°, and Atlantic longitudes (80°W-10°E) are based 830 

on averages over 0°–20°N.  The thermocline depth anomalies are smoothed with a 1-2-1 filter in 831 

the time direction and a 9-point running-mean filter in the longitudinal direction in both 832 

observations and forecasts. The statistical significance of these anomalies is shown in Fig. S7.  833 
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 834 

Figure 9. Ensemble spread of the Niño-3.4 index as a function of lead time in forecast ensembles 835 

initialized in Nov-1 (pink), Mar0 (red), Jun0 (yellow), Nov0 (green), Mar+1 (light blue), and Jun+1 836 

(dark blue) for all El Niño and La Niña events. Each colored curve represents a different event.   837 
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 838 

Figure 10. Correlation maps of SST (color shading) and sea level pressure (contours at intervals 839 

of 0.1; zero contours thickened and negative contours dashed) anomalies with the Niño-3.4 index 840 

in Dec+1 from the ensemble forecasts as a function of lead time [columns: (left) Nov-1 to (right) 841 

Jun+1 initialized forecasts] and verification time [rows: (top) Dec-1–Jan0 to (bottom) Dec+1–Jan+2 ]. 842 

All members of the forecast ensembles for all El Niño and La Niña years are pooled together after 843 

removing the mean of each ensemble from the individual members of that ensemble. The statistical 844 

significance of these anomalies is shown in Fig. S8. 845 


