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Deep learning for multi-year ENSO forecasts
Yoo-Geun Ham1*, Jeong-Hwan Kim1 & Jing-Jia Luo2,3

Variations in the El Niño/Southern Oscillation (ENSO) are 
associated with a wide array of regional climate extremes and 
ecosystem impacts1. Robust, long-lead forecasts would therefore 
be valuable for managing policy responses. But despite decades 
of effort, forecasting ENSO events at lead times of more than one 
year remains problematic2. Here we show that a statistical forecast 
model employing a deep-learning approach produces skilful ENSO 
forecasts for lead times of up to one and a half years. To circumvent 
the limited amount of observation data, we use transfer learning 
to train a convolutional neural network (CNN) first on historical 
simulations3 and subsequently on reanalysis from 1871 to 1973. 
During the validation period from 1984 to 2017, the all-season 
correlation skill of the Nino3.4 index of the CNN model is much 
higher than those of current state-of-the-art dynamical forecast 
systems. The CNN model is also better at predicting the detailed 
zonal distribution of sea surface temperatures, overcoming a 
weakness of dynamical forecast models. A heat map analysis 
indicates that the CNN model predicts ENSO events using physically 
reasonable precursors. The CNN model is thus a powerful tool for 
both the prediction of ENSO events and for the analysis of their 
associated complex mechanisms.

The ability to forecast large-scale climate variability, with its effects 
on global social and environmental systems, is highly dependent on 

the quality of ENSO predictions4. Although ENSO forecasts using 
atmosphere–ocean coupled models5,6 generally outperform those of 
current statistical models1, state-of-the-art dynamical forecast sys-
tems nevertheless do not provide a skilful prediction of ENSO for lead  
times longer than one year. The multi-year prediction of ENSO events 
therefore remains a major challenge1.

However, the presence of an oscillating element in ENSO, linked 
to slowly varying oceanic variations and their coupling to the atmos-
phere, suggests that multi-year forecasts are possible5,7. Interestingly, 
equatorial Pacific anomalies during several La Niña events lingered 
for several years8. The high-frequency equatorial winds are less  
predictable9, but the slowly varying component of the equatorial  
winds coupled with underlying sea surface temperatures (SST)10 is  
predictable to some extent. SST anomalies outside the equatorial Pacific 
can lead to an ENSO event with a time-lag longer than a year11,12.  
These studies imply that there is still room for improvement in ENSO 
prediction, although current methodologies might not be appropriate 
for this.

With the advent of the big data era, deep learning has had a dramatic 
impact on many domains by discovering intricate structures within 
large datasets13. In particular, CNNs have produced outstanding results 
in the processing of data with multiple-dimensional arrays with spa-
tial structure (for example, used in the identification of objects within 
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Fig. 1 | Architecture of the CNN model used for the ENSO forecasts. The 
CNN model consists of one input layer (the predictor), three convolutional 
layers, two max-pooling (MP) layers, one fully connected (FC) layer, 
and one output layer (the predictand). The variables of the input layer 
correspond to the SST (in units of °C) and the oceanic heat content (HC, in 
units of °C) anomaly maps from time τ − 2 months to time τ (in months), 
between 0°–360° E and 55° S–60° N. The three-month-averaged Nino3.4 
index from time τ + 1 month to τ + 23 months is used as a variable for the 

output layer. The red boxes and lines highlight the convolutional filter and 
convolutional process, respectively; and the blue box and lines indicate the 
max-pooling window and the max-pooling process, respectively. M denotes 
the number of feature maps, while N denotes the number of neurons in the 
FC layer, which are set to be either 30 or 50 in this study. The global map is 
generated in Matplotlib31. The x and y dimensions of the map in each layer 
are denoted (6, 12, 18, 24, 36, 72) next to the map.
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colour images)14,15. Therefore, CNNs would be appropriate to reveal the 
links between three-dimensional predictor fields and the predictand 
index. Here we use a CNN-based statistical model to predict the ENSO 
index.

Our CNN model uses SST and heat content (vertically  
averaged oceanic temperature in the upper 300 m) anomaly maps over 
0°–360° E, 55° S–60° N for three consecutive months as predictors, 
and the Nino3.4 index (area-averaged SST anomaly over 170°–120° W, 
5° S–5° N) as a predictand to be predicted up to two years ahead (Fig. 1, 
Methods).

One of the biggest limitations in applying deep learning to climate 
forecasts is that the observation period is too short to achieve proper 
training. Observations of global oceanic temperature distributions 
are available from 187116. This means that, for each calendar month, 
the number of samples is less than 150. To greatly increase the num-
ber of training data, we utilize the output of the climate models that 
participated in the Coupled Model Intercomparison Project phase5 
(CMIP5), in which the ENSO is realistically simulated to some extent17 
(Extended Data Table 1). Reanalysis data from 1871 to 1973 is also used 
to train the CNN model16. The period for validating the forecast skill 
is from 1984 to 2017 (Extended Data Table 2). We leave a ten-year gap 
between the latest year in the training period and the earliest year in the  
validation period to remove the possible influence of oceanic memory 
in the training period on the ENSO in the validation period.

We apply the transfer learning technique18 to optimally train the 
CNN using both the CMIP5 output and the reanalysis data for the 
training period. This technique uses the knowledge acquired from a 
similar task with a larger number of samples for performing the target 
task. In this study, the CNN model is first trained using the CMIP5 out-
put, and then the trained weights are used as initial weights to formulate 

the final CNN model with the reanalysis. The systematic errors in the 
CNN, reflecting those of the CMIP5 samples, are corrected after the 
second training period using reanalysis.

Figure  2a shows the all-season correlation skill of the 
three-month-moving-averaged Nino3.4 index from 1984 to 2017. The 
forecast skill of the Nino3.4 index in the CNN model is systematically 
superior to all state-of-the-art dynamical prediction systems at lead 
times longer than six months. The CNN model is one of two models 
with the best forecasting skills for the first six forecast lead months. The 
all-season correlation skill of the Nino3.4 index in the CNN model is 
above 0.5 for a lead of up to 17 months, whereas it is 0.37 at a lead of 
17 months in the SINTEX-F5, a leading dynamical forecasting system. 
We conclude that the CNN model provides a skilful forecast of ENSO 
events up to 1.5 years in advance: a result that is not possible using any 
of the state-of-the-art forecast systems. In addition to the superiority 
of the deep-learning algorithm compared to the previous statistical 
method (Extended Data Fig. 1 and Extended Data Table 3), the skill 
improvement in the CNN model is due to a large number of CMIP5 
samples and the successful application of the transfer learning tech-
nique to some extent (Extended Data Fig. 2).

The skill of the CNN model is not much affected by changes in 
the training dataset (Supplementary Fig. 1). The CNN model is even 
successful (with a correlation skill exceeding 0.5 for lead times up 
to 1.5 years) in predicting the modelled ENSO index in some of the 
CMIP5 models that capture realistic ENSO dynamics (Supplementary 
Figs. 2–4). The skill uncertainty produced by changing the training and 
validation dataset is small, indicating that the CNN can provide skilful 
real-time forecasts.

The CNN model also shows a higher correlation skill of the Nino3.4 
index for almost all targeted seasons, compared to SINTEX-F (Fig. 2b, c).  
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Fig. 2 | ENSO correlation skill in the CNN model. a, The all-season 
correlation skill of the three-month-moving-averaged Nino3.4 index as a 
function of the forecast lead month in the CNN model (red), SINTEX-F 
dynamical forecast system (blue), and dynamical forecast systems included 
in the North American Multi-Model Ensemble (NMME) project (the other 
colours). The validation period is between 1984 and 2017. The shading 

around the lines for CNN, CanCM4 and SINTEX-F denotes the 95% 
confidence interval, based on the bootstrap method. b, c, The correlation 
skill of the Nino3.4 index targeted to each calendar month in the CNN 
model (b) and the SINTEX-F dynamical forecast system (c). Hatching 
highlights the forecasts with correlation skill exceeding 0.5.
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The correlation skill improvement is especially robust for predictions 
targeting the seasons between the late boreal spring and autumn.  
For example, the forecasts targeting the May–June–July (MJJ) season 
have correlation skill exceeding 0.5 only up to a lead of four months 
in the SINTEX-F, compared to a lead of up to 11 months in the CNN. 
This reduces the gap in prediction skills of the CNN between target 
seasons, and we conclude that the CNN model is less affected by spring 
predictability barriers19.

The Nino3.4 index for the December–January–February (DJF)  
season for the 18-month-lead forecast demonstrates that the CNN 
model correctly predicts the ENSO amplitude (Fig. 3a). To understand 
how the CNN model can successfully predict the Nino3.4 index for 
such long lead times, we produce a heat map20 for the 18-month-lead 
forecast of the 1997/98 El Niño event (Fig. 3b). The heat map quanti-
fies the contributions of the predictors at each grid point to the pre-
dictand; positive (negative) values in the heat maps denote predictors 
over certain regions contributing to the prediction of a positive (nega-
tive) Nino3.4 (Methods). The heat map of the predictors (an anomaly 
during the MJJ season in 1996) for the DJF season in 1997/98 indicates 
that the anomalies over the tropical western Pacific21, Indian Ocean11 
and subtropical Atlantic12 (red shadings in Fig. 3b) are the main con-
tributors to the successful prediction of the 1997/98 El Niño.

The oceanic signals highlighted by the heat map can induce the 
1997/98 El Niño on the basis of the physical linkages. A positive heat 
content anomaly over the southern tropical western Pacific denotes 
the recharged heat contents for successive El Niño developments21.  
A negative SST anomaly over the southwestern Indian Ocean 

contributes to a negative Indian Ocean Dipole (IOD) during the 1996 
boreal autumn11 (Extended Data Figs. 3a and 4b). The negative IOD 
causes negative SST anomalies to develop over the entire Indian Ocean 
during the subsequent season (Extended Data Figs. 3b and 4d), which 
triggers the westerly over the equatorial western Pacific, thus inducing 
an El Niño event after one year22. Moreover, a negative SST anomaly 
over the northern subtropical Atlantic during the MJJ 1996 season con-
tributes to the 1997/98 El Niño event by exciting mid-latitude Pacific 
variability12 (Extended Data Figs. 3c, d and 4a).

In addition to the ENSO amplitude, the global impacts of El Niño 
events vary greatly according to the detailed zonal distributions of 
El Niño SST anomalies: central-Pacific-type (CP-type) and eastern- 
Pacific-type (EP-type) El Niños23. Therefore, successful prediction of 
the types of El Niño based on the zonal locations of the SST anomaly 
is essential to improve the quality of global climate forecasts. For this 
purpose, we set up an additional CNN model to predict the type of 
El Niño. In this model, the predictand corresponds to the percentage 
occurrence of three El Niño categories24: CP-type, EP-type and a mix-
ture of the two. The category with the highest probability of the three 
types is considered as the final forecast. We note that the reanalysis 
data are not used to train the CNN model for predicting the El Niño 
types, because the El Niño events during the reanalysis training period 
are known to be of a single type23. Hence, we train the CNN model to 
predict the type of El Niño using only the CMIP5 model outputs and 
we do not apply the transfer learning technique.

A series of hindcast experiments are conducted to predict the types 
of El Niño events 12 months in advance, and the hit rate of the CNN 
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Fig. 3 | Physical interpretation of the CNN model ENSO forecasts. 
a, Time series of DJF season Nino3.4 indexes for an 18-month-lead 
forecast using the CNN model (red) and the SINTEX-F model (blue). The 
observed Nino3.4 index is also shown (black). b, The heat map (shading), 
and SST or heat content anomalies (contours; dashed contours denote the 
negative values of SST or HC anomalies and solid contours denote the 
positive values of SST or HC anomalies) for the MJJ season in 1996 used 

for the prediction of the DJF season during the 1997/98 El Niño event. 
Heat content anomalies (in units of °C) are shown over the tropical Pacific 
(within the black box), while SST anomalies (in units of °C) are denoted 
outside the tropical Pacific. Only the values with over 95% confidence 
level based on Student’s t-test using the standard deviation of the heat map 
during 1984–2017 are shaded. The global map is generated in Matplotlib31.
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model is 66.7% during the validation period (1984–2017) (Fig. 4a and 
Extended Data Table 4). The hit rate in the random forecast with 95% 
confidence interval is between 12.5% and 62.5%, so the CNN hit rate 
of 66.7% is significantly superior with a P value of 0.016. By contrast, 
none of the dynamical forecast models exhibit statistically significantly 
better forecast skills than do random forecasts, implying that the CNN 
model overcomes a long-standing weakness of the state-of-the-art 
forecast models25. This would indicate that the deep-learning-based 
model can predict the spatial complexity of the El Niño events with 
great precision16,26.

Apart from forecasting the ENSO strength and type, the CNN model 
also allows us to identify which SST signals lead to EP-type or CP-type 
El Niño events. For this, we compute an area-averaged heat map value 
over five ocean basins (Extended Data Fig. 5). Then, we select two 
cases having the biggest heat map value for each ocean basin, which 
can be considered as the most favourable patterns for the development 
of EP-type or CP-type El Niño events.

Even though some of the patterns were selected from the years when 
the mixed-type El Niño occurred, the existing literature and additional 
analysis show that the selected patterns can lead to EP-type or CP-type 
El Niños. For the EP-type El Niño, the selected heat content anomalies 
at one year before the target season can induce a positive IOD that is one 
season before the El Niño mature phase27 (Fig. 4e). For the CP-type El 
Niño, SST cooling over the north tropical Atlantic is shown (Fig. 4f, g).  
Our results are consistent with those of previous studies11,28. The 
CP-type El Niño precursors in the South Pacific and the Indian Ocean 
have not been reported before, and the additional analysis shows that 
the identified precursors can lead the CP-type El Niño event (Extended 
Data Fig. 6). This indicates that the CNN can be a powerful tool to 
reveal complex ENSO mechanisms. However, future studies are war-
ranted to explore the physical mechanisms of the statistical relationship 
revealed by the CNN model with the limited sample size.

The superiority of CNN over previous models derives from the  
successful extraction of features in input variables by using a 
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Fig. 4 | CNN forecast system for the prediction of El Niño type. a, The 
hit rate of the 12-month-lead prediction of El Niño types (EP-type, CP-
type or mixed-type) during the DJF season using the CNN model and the 
SINTEX-F model, and models in the NMME project, for the validation 
period 1984–2017. The multi-model mean (MMM) of the hit rate is also 
shown. The grey shading denotes the 95% confidence interval of the 
random forecasts. b–e, The SST and 925-hPa wind-vector anomalies 
for the NDJ (b), FMA (c), MJJ (d) and ASO (e) seasons during the El 

Niño events when the area-averaged heat map value is greatest for the 
EP-type El Niño. f–i, As for panels b–e, but for the CP-type El Niño. The 
numbers above each ocean basin box denote the El Niño years selected for 
drawing the anomalies in each basin, and for each type of El Niño event. 
The anomalies are visible only when the area-averaged heat map value 
in any ocean basin exceeds one standard deviation for El Niño events for 
all ocean basins (see Extended Data Fig. 5 for details). The global map is 
generated in Matplotlib31.
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convolutional process. The CNN identifies the basic shape that can be 
used to encode a variety of different shapes, thus exhibiting a partial 
invariance to translation and deformation29. Hence, within the CNN, 
the precursor signals can properly affect the predictand even if the 
detailed spatial distribution has been shifted or deformed from typi-
cal precursors. In addition, the convolutional process allows the CNN 
model to be properly trained using a relatively small number of climate 
samples.

Deep learning has led to progress in forecasting many Earth system 
components, but its applications in climate prediction so far have been 
rare30. The successful application of deep learning by using transfer 
learning and heat map analysis for predicting and understanding a 
climate phenomenon as reported here could boost interdisciplinary 
research between engineering and the Earth sciences.
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Methods
Architecture of the CNN model applied to ENSO forecasts. The CNN-based32 
statistical model used for the ENSO forecasts has three convolutional layers and 
two max-pooling layers between the layers. The max-pooling process extracts 
the largest value from each 2 × 2 grid. A third convolutional layer is linked to 
the neurons in the fully connected layer, which is linked to the final output. The 
dimension of the output is one, and the CNN model is formulated separately for 
each forecast lead month and target season. The total number of convolutional 
filters and neurons in the fully connected layer is either 30 or 50. Therefore, there 
are four combinations of CNN models (C30H30, C30H50, C50H30 and C50H50, 
where the numbers after C and H denote the number of convolutional filters and 
neurons in the fully connected layer, respectively). The total number of parameters 
for C30H30 is 117,511, for C30H50 is 182,351, for C50H30 is 211,811 and for 
C50H50 is 319,851, respectively. The predicted Nino3.4 indices from four CNN 
models with a different number of convolutional filters and neurons are aver-
aged to obtain the final forecast results. This averaging leads to a slight systematic 
increase in the forecast skills by cancelling out the forecast errors in individual 
CNN models33. The size of the mini batch for each epoch is set to 400, and the 
number of an epoch is 700 for the first training using CMIP5 output. The different 
numbers of the epoch from 600 to 1,000 do not affect the ENSO forecast skill at all. 
For the second training using the reanalysis, the number of an epoch is set to 20.  
The learning rate is fixed to 0.005, and it is not changed throughout the iterations: 
a learning rate schedule is not used.
Convolutional process. The convolutional process of the CNN involves the 
extraction of local characteristics from the global maps, and the calculation of dot 
products between values in the convolutional filter and those in the input layer. 
The output of the convolutional process is then translated into a feature map. The 
values of the convolutional filter are determined automatically by iteration, in order 
to minimize the cost function, defined as the mean squared difference between the 
predicted and true distributions34.

The value of the jth feature map in the ith convolutional layer at grid point  
(x, y) (denoted v i j

x y
,
, ) is calculated using the following equation:
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where Pi and Qi denote the zonal and meridional dimensions of the convolutional 
filter for the ith convolutional layer, respectively. A hyperbolic tangent function 
(tanh) is used as the activation function. The dimensions of the convolutional 
filter were set at 8 × 4 during the first convolutional process (that is, P1 = 8; 
Q1 = 4), and at 4 × 2 during the second and third convolutional processes. Mi − 1 
denotes the number of feature maps in the (i − 1)th layer. On the other hand, wi j m

p q
, ,
,  

denotes the weight at grid point (p, q) in the convolutional filter; this is used to link 
the mth feature map in the (i − 1)th layer to the jth feature map in the ith convo-
lutional layer. Additionally, −

+ − / + − /v i m
x p P y q Q

( 1) ,
( 2, 2)i i  denotes the value of the mth fea-

ture map for the ( i   −   1)th convolutional  layer at  grid point 
+ − / + − /x p P y q Q( 2, 2)i i , while bi j,  denotes the bias of the jth feature map in the 

ith convolutional layer. To ensure that the horizontal dimension of the ith layer 
corresponds to the horizontal dimension of the (i − 1)th layer, the empty spaces 
were filled with zeroes using a padding technique.
Heat map analysis. To decipher the heat map analysis, the output variable is first 
mentioned as follows:
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where V denotes the output neuron (that is, the predictand), while XL and YL 
denote the dimensions of the feature map in the third convolutional layer (that is, 
XL = 18; YL = 6). N denotes the number of neurons in the fully connected layer, 
WF m n

x y
, ,
,  denotes the weight at grid point (x, y) (used to link the mth feature map in 

the last convolutional layer L to the nth neuron in the fully connected layer F), vL m
x y
,
,  

denotes the value of the mth feature map of the last convolutional layer L at grid 
point (x, y), bF,n denotes the bias of the nth neuron in the fully connected layer F; 
WO,n denotes the weight (used to link the nth neuron in the fully connected layer 
to the output layer O), and bO denotes the bias of the output layer O. Through this 
process, we calculate the sum of the products between the last convolutional layer 
and the weights; hence, all spatial information is lost.

However, the heat map is calculated considering the contribution of each grid 
point to the output neuron: this is expressed by the weights used to link the last 
convolutional layer to the fully connected layer (that is, W m n

x y
F, ,

, ). In other words, 
the heat map is calculated by avoiding the summation of the horizontal dimensions. 
The heat map value for the neuron of the output layer at grid point (x, y) (indicated 
as hx y, ) was finally calculated using the following equation:
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ENSO-index forecasts. The Nino3.4 index (the averaged SST anomaly over the 
area 170°–120°W, 5° S–5° N) was used as the predictand in this study. The start of 
the predicted period corresponds to the time of the latest available observed data. 
For example, the output of the dynamical forecasts starting from 1 January was 
compared with the CNN model forecasts using the predictors of the previous year’s 
OND period. The lead time is defined as the number of months between the latest 
available observed data and the middle of the three-month forecast target period. 
The target periods for all forecast lead months are included between January 1984 
and December 2017.

The forecast skill of the Nino3.4 index was evaluated using the temporal anom-
aly correlation coefficient C as a function1 of the forecast lead months l:
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Here, Y and P denote the observed and the predicted values, respectively. Ym and 
Pm l,  denote the temporal climatologies with respect to the calendar month m (from 
1 to 12) and the forecast lead months l. The label y denotes the forecast target year. 
Finally, s and e denote the earliest (that is, 1984) and the latest year (that is, 2017) 
of the validation, respectively.

The confidence interval of the forecast skills for the CNN and the dynamical 
forecast system is calculated using the bootstrap method. First, we randomly select 
the N ensemble members. N is a number of ensemble members for each forecast 
systems (for example, for the CNN model, N is 40). During the random selection 
process, overlapping is allowed; the selected ensemble member can be selected 
again. The forecast skill of the ensemble-averaged value is then calculated. This 
procedure was repeated 10,000 times: the 250th highest and lowest values of the 
forecast skill are used to define the 95% confidence interval.
El Niño type forecasts. The EP-type, CP-type and mixed-type El Niño events were 
defined using the Nino3 index (SST anomaly averaged over 150°–90° W, 5° S–5° N) 
and the Nino4 index (SST anomaly averaged over 160° E–150° W, 5° S–5° N) as 
follows24. UCEI denotes a unified complex ENSO index.
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N3 and N4 denote the Nino3 and Nino4 indices, respectively. The EP-type El Niño is 
defined for θ > 15° and θ <90°, while the CP-type El Niño is defined for θ > −90° 
and θ < −15°. Finally, the mixed-type El Niño is defined for θ > −15° and θ < 15°. 
Overall, the El Niño events are defined when the r value during the DJF season 
is greater than their standard deviation. The El Niño events in the CMIP5 output 
are classified using the same methodology. The number of samples used to train 
the CNN model is 872.

The significance test for the El Niño-type prediction was performed on the 
basis of random forecasts. After the El Niño events are classified randomly, the 
hit rate of the random forecasts is calculated. The occurrence ratio of each type of 
El Niño is obtained from the CMIP5 historical simulation (that is, 30%, 26% and 
44% for EP-type, CP-type and mixed-type El Niños, respectively). We note that the 
random forecasts with climatological occurrence ratio from CMIP5 archives give 
a higher hit rate than that of the random forecast with an equal occurrence ratio. 
This procedure is repeated 10,000 times. Afterward, the 250th highest and lowest 
values of the hit rate are used to define the 95% confidence interval.
The feed-forward neural network model for ENSO forecasts. To compare the 
ENSO forecast skills in the CNN model, we formulated a nonlinear statistical 
model based on the feed-forward neural network method35. The empirical orthog-
onal function (EOF) principal components of the SST and the heat contents were 
used as predictors of the neural network model. In addition to the EOF prin-
cipal components over Indo-Pacific regions (40° E–100° W, 20° S–20° N), the 
EOF principal components over the Atlantic (100–0° W, 30° S–30° N), and North 
Pacific (120° E–100° W, 20–60° N) were obtained separately, and those were used 
as predictors to consider the remote impact of Atlantic and North Pacific climate 
variability on the ENSO. The predictand is the Nino3.4 index. In addition to the 
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reanalysis data from 1871 to 1973, we used the CMIP5 model output to train the 
neural network model, just as for the CNN in this study. The principal component 
time series for the CMIP5 model output were obtained by calculating the pat-
tern projection coefficients onto the observed EOF eigenvectors. The number of  
hidden layers is two, and a number of hidden neurons at each layer is set to 20. The 
activation function is a hyperbolic tangent function.

A series of sensitivity hindcast experiments were performed with a different 
number of predictors to predict the DJF Nino3.4 index at a lead of 18 months 
(Extended Data Table 3). The forecast skill of the best neural network model is 
0.52 with 9 EOF principal components for Indo-Pacific and 7 EOF principal com-
ponents for the Atlantic and North Pacific as predictors, compared to 0.64 for the 
CNN. The correlation skills of the neural network models strongly vary with a 
slightly different number of predictors. Therefore, a correlation skill similar to 
that of the best neural network model is difficult to achieve in any other neural 
network model with a different setting. With the best setup of the neural network 
model, we performed hindcast experiments to calculate the all-season correlation 
of Nino3.4 for leads of up to 24 months (Extended Data Fig. 1). Comparison with 
the all-season correlation skill of Nino3.4 demonstrates that the ability to predict an 
ENSO in the CNN is systematically superior to that in the neural network model.
Observed dataset and CMIP5 outputs. The historical simulations produced by the 
21 CMIP5 models were used to train the CNN model. Details of the establishments 
where the models were run and about the integration periods are given in Extended 
Data Table 1. A single ensemble member for all CMIP5 models is used to train 
the CNN model. As a result, for each target month, the total number of CMIP5 
samples to train for the CNN model is 2,961. Also, 103 years of the reanalysis data 
(between years 1871 and 1973) from the Simple Ocean Data Assimilation version 
2.2.416 were used to train the CNN model. The reanalysis product after the year 
1974 was not used in any training process, to ensure that the training and validation 
periods are independent of each other. To validate the performance of the model 
by comparison with the observed values, monthly mean SST and heat content 
data were collected from the Global Ocean Data Assimilation System (GODAS) 
reanalysis (1984–2017)36, while the horizontal wind vector at 925 hPa and the pre-
cipitation data were obtained from the ERA-Interim archives (1984–2017)37. Eight 
models of the North American Multimodel Ensemble phase 1 (1984–2017)38 and 
SINTEX-F (1984–2017)5,39 were employed to compare the prediction performance 
of the Nino3.4 index with the CNN model. The forecasts were performed for lead 
times of up to 12 months using NMME, and for lead times of up to 24 months using 
SINTEX-F. The anomalies of the dynamical forecasts are calculated by subtracting 
the climatology of each system with respect to the forecast lead months. The spatial 
resolution was interpolated at a resolution of 2.5° × 2.5° for the analysis, and at 
a resolution of 5° × 5° for the training of the CNN model, in order to reduce the 
number of weighting coefficients.

Data availability
Data related to this paper can be downloaded from: SODA version 2.2.4, https://
climatedataguide.ucar.edu/climate-data/soda-simple-ocean-data-assimila-
tion; GODAS, https://www.esrl.noaa.gov/psd/data/gridded/data.godas.html;  

ERA-Interim, https://apps.ecmwf.int/datasets/data/interim-full-daily; NMME 
phase 1, https://iridl.ldeo.columbia.edu/SOURCES/.Models/.NMME/; and The 
CMIP5 database, https://esgf-node.llnl.gov/projects/cmip5/.

Code availability
TensorFlow (https://www.tensorflow.org) libraries were implemented to formulate 
the statistical forecast model using the CNN. The code for the CNN model can be 
downloaded at https://doi.org/10.5281/zenodo.3244463.
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Extended Data Fig. 1 | Comparison of the ENSO correlation skill 
between the CNN model and the feed-forward neural network model. 
a, The all-season correlation skill of the three-month-moving-averaged 
Nino3.4 index as a function of the lead months of the forecast in the CNN 
model (red) and the feed-forward neural network model (blue).  

The validation period is between 1984 and 2017. b, c, The correlation  
skill of the Nino3.4 index targeted to each calendar month in the CNN 
model (b) and in the feed-forward neural network model (c). Hatching 
highlights the forecasts with correlation skill exceeding 0.5.
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Extended Data Fig. 2 | The improvement in the skill of the CNN 
model due to the CMIP5 dataset and the transfer learning. a, The all-
season correlation skill of Nino3.4 index at a lead of 18 months with a 
different number of CMIP5 samples. The red area denotes the number of 
available observed samples. We note that transfer learning is not applied 
to the series of sensitivity tests (that is, observations during the training 
period are not used to set up the CNN model). b, The all-season Nino3.4 

correlation skill as a function of the lead months of the forecast with 
and without the transfer learning. The CNN model without the transfer 
learning is formulated by using all the CMIP5 and the observed samples 
during the training period (that is, 1871 to 1973) in a single training 
period. Therefore, the number of samples for the CNN model without the 
transfer learning is exactly the same with those with the transfer learning.
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Extended Data Fig. 3 | The time series of climate indices. a–d, The time 
series of the IOD index (difference of the area-averaged SST over 50–70° E, 
10° S–10° N from that over 90–110° E, 15°–0° S) during the SON season 
(a), the Indian Ocean Basin-wide warming (IOBW) index (area-averaged 
SST over 40–110° E, 15° S–10° N) during the JFM season (b), the  
Western Hemispheric Warm Pool (WHWP) index (area-averaged SST 

over 60–105° E, 10–35° N) during the MJJ season (c), and the Pacific 
Meridional Mode (PMM) index (first Maximum Covariance Analysis 
(MCA) principal components over the 175° E–95° W, 21° S–32° N using 
SST and 10-m winds) during the DJF season (d). The values preceding 
the 1997/98 El Niño event are denoted by the red star when the value is 
positive and the blue star when the value is negative.
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Extended Data Fig. 4 | The time evolution of the 1997/98 El Niño event. The SST (shading) and 850-hPa wind vector (vectors) at: a, MJJ 1996; b, ASO 
1996; c, NDJ 1996; and d, FMA 1997. The global map is generated in Matplotlib31.
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Extended Data Fig. 5 | The area-averaged heat map values for El Niño 
events. a, b, The area-averaged heat map for EP-type El Niño events 
(a), and CP-type El Niño events (b) among all El Niño events over five 
ocean domains (that is, south Pacific, equatorial Pacific, north Pacific, 
Indian Ocean and equatorial Atlantic). These areas are defined as: south 
Pacific, [160° E–60° W, 57.5°–17.5° S]; equatorial Pacific, [120° E–80° W, 

17.5° S–22.5° N]; north Pacific [120° E–100° W, 22.5–62.5° N]; Indian 
Ocean, [40°–120° E, 37.5° S–22.5° N]; and equatorial Atlantic [60°–0° W, 
17.5° S–22.5° N]. The horizontal dashed line denotes one standard 
deviation of the heat map value for the displayed El Niño events for five 
ocean basins. We note that only the heat maps of the El Niño events for 
which the type is correctly predicted in the CNN are analysed.
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Extended Data Fig. 6 | The SST pattern developed by precursors for 
CP El Niño. a, b, The SST anomalies for forecasts with leads of 12 months 
regressed onto the pattern regression index for CP-type El Niño precursors 
over the Indian Ocean (a) and the south Pacific (b) at the NDJ season. 
The pattern regression index for CP-type El Niño precursors is obtained 

by calculating the pattern regression of the NDJ SST and heat content 
anomalies onto the selected anomaly for CP El Niño event in Fig. 4f. The 
black box denotes the region in which the pattern regression index was 
calculated. We note that both regressed SST patterns are classified as the 
CP-type El Niño24. The global map is generated in Matplotlib31.
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extended data table 1 | details of the CMIP5 models

The list of CMIP5 models used to train the CNN model.
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extended data table 2 | the dataset for training and validating the CNN model

The dataset and period used for the training and validation of the CNN model. We note that the year in the CMIP5 models is solely dependent on the prescribed greenhouse gas forcing, so no observa-
tional information was added to the CMIP5 historical simulations.
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extended data table 3 | the skill of the feed-forward neural network model with a different number of predictors

The correlation skill of the Nino3.4 index for the DJF season with an 18-month lead in the feed-forward neural network model with a different number of EOF principal components (PCs) as predictors. 
The validation period is from 1984 to 2017. The correlation skill of the CNN targeting for the DJF Nino3.4 index for an 18-month lead is 0.64.
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extended data table 4 | 12-month lead forecast results of predicting the type of el Niño

The prediction result of a 12-month-lead forecast of El Niño type during the DJF season for EP-type, CP-type and mixed-type El Niño events in the CNN and dynamical forecast systems. The hit rate 
during the validation period (from 1984 to 2017) is denoted in the bottom line. Values in parentheses denote the hit rate of the CNN from 1976 to 2017. Green shading shows when the forecast is 
correct.
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