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A low-dimensional recursive deep
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Oscillation simulation
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In this study, we develop a low-dimensional recursive model using deep learning (DL) to understand
the dynamics of the El Niño-Southern Oscillation (ENSO). Unlike most existing research that relies on
Coupled General Circulation Models (CGCMs), we explore a DL technique as an alternative approach
to simulate ENSO characteristics. To replicate the observed stochastically excited oscillations, we
incorporate stochastic noise into the recursive process of the DL model. Our long-term simulations
demonstrate that the DL model effectively reproduces ENSO characteristics comparable to those
capturedbyCGCMs.Additionally,weconduct experiments toanalyze the interactionsbetweenENSO
and the Indian and Atlantic Oceans, evaluating their impacts on ENSO dynamics. Beyond capturing
ENSO characteristics, the DL model exhibits skillful ENSO prediction capabilities. Using eXplainable
AI (XAI) methods, we identify the contributions of each variable to ENSO predictability. Our findings
suggest that this DLmodel serves as a valuable tool for understanding climate dynamics at a relatively
low computational cost, providing an alternative to complex physically-based models.

The El Niño Southern Oscillation (ENSO) is the most important climate
phenomenon through ocean-atmosphere interaction over the equatorial
Pacific, early illuminated byBjerknes 1 andWyrtki 2, which influences global
climate patterns, ecosystem, agriculture, and human society3–6. ENSO is
characterized by its two-phase oscillation between El Niño and La Niña
events, recurring with a periodicity of 2–7 years. Since Bjerknes (1969), the
need for accurate ENSO prediction and a deeper understanding of its
mechanisms has stimulated extensive research. Subsequent studies have
employed coupled general circulationmodels (CGCMs) to elucidate ENSO
dynamics6–14 and inter-basin interactions15–25, unraveling the complexity of
ENSO system.

Since Quinn’s (1974) pioneering work on ENSO prediction, the fore-
cast skill has improved considerably. This progress can be attributed to the
development of a variety of prediction models including statistical and
dynamical methods ranging from simple, intermediate, and CGCMs26–36.
Despite these advancements, accurately predicting ENSO remains a for-
midable challenge due to its complicated dynamics and inter-basin
interactions. Furthermore, CGCMs often exhibit systematic biases in
simulating mean states, the strength of key feedback mechanisms, and
nonlinearities37,38. In addition, these require substantial computational
resources due to the inclusion of more realistic physical processes.

In recent years, a growing number of researchers have been applying
artificial intelligence (AI) techniques, especially deep learning (DL), into
weather and climate fields39–44. AI technique is an alternative means to
overcome the inherent limitations of existing numerical models and
enhance prediction accuracy. Several studies have focused on refining the
predictive skill of ENSO45–51, demonstrating that AI-based forecasts can
match or even surpass the predictive skill of state-of-the-art CGCMs. The
superior performance of DL models suggests their ability to capture com-
plex relationships between input and output variables, which are essential
for accurate ENSO prediction. This implies that DL methods have the
potential to enrich our understanding of ENSO. However, attempts to use
AI techniques for deeper exploration of the physical fundamentals of
ENSO-associated remain relatively insufficient.

Several recent studies have developed low-dimensional or theoretical
physical models that provide insights into ENSO dynamics and inter-basin
interactions52–58. These studies demonstrate the significant advantages of
using low-dimensional models to investigate ENSO characteristics. Simi-
larly, our DL-based approach offers a novel avenue for further research
within this framework.

In this study, our primary objective is to explore the potential of theDL
in understanding ENSO dynamics, as well as its prediction. To achieve this,
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wedevelop a low-dimensional recursivemodel forENSOsimulationusing a
deepneural network (DNN)basedalgorithm59 (i.e.,multi-layerperceptron).
This model has a relatively simple structure, which is computationally
efficient. A key advantage of our approach is that it requires minimal
computational resources, making it more cost-effective than CGCMs and
other complex DL models. Moreover, we designed the model structure to
run auto-regressively, which enables long-term integration tomimic ENSO
simulation of CGCM’s long-term integration.

TheAI-based ENSO simulation exhibits a damped nature, leading to a
gradual decrease of the output amplitude with successive integrations. To
emulate the stochastically driven ENSO observed in nature60–63, stochastic
noise is introduced at each step of the DL model’s recursive integration
process. This adjustment allows the DL model to simulate the realistic
evolution of ENSO. Through this recursive integration framework, we
provide a comprehensive analysis of ENSO dynamics and a comparison to
the long-term CGCM simulation.

Results
DNN-based recursive ENSO simulator
We use long-term (i.e., 1000-year) climate simulation data from the Geo-
physical Fluid Dynamics Laboratory Coupled Model 2.1 (GFDL-
CM2.1)64–66 as DL model training, which has been reported to reasonably
simulate observed ENSO characteristics67,68. We select several key variables
associated with ENSOdynamics. Sea surface temperature (SST), sea surface
height (SSH), and zonal wind at 850 hPa (U850) of each season are used for
the Pacific Ocean (PO; 110°E ~ 70°W, 30°S ~ 30°N). Furthermore, ENSO is
known to interact with other ocean basins16–19,24. We additionally select the
Indian Ocean (IO; 40°E ~ 110°E, 30°S ~ 30°N) SST and the Tropical
Atlantic Ocean (TAO; 70°W~ 0°, 30°S ~ 30°N) SST to consider the inter-
basin interactions. We then conduct an Empirical Orthogonal Function
(EOF) analysis to extract themajor spatiotemporal patterns,whichallowsus
to reduce the dimension of the datawhile conservingmajor variabilities.We

useonly thefirst three leadingEOFmodes that explainmore than50%of the
total variance (PO SST: 63.0%, PO SSH: 54.7%, PO U850: 53.8%, IO SST:
53.1%, TAO SST: 52.4%), which indicates the number of using variables to
be fifteen. In particular, the correlation coefficient between the PO SST
principal component (PC) 1 and the Niño 3.4 SST index is above 0.9,
aligning with the findings of previous studies69,70.

To conduct the ENSO simulation, we propose a recursive integration
framework of DL models for four seasons (March-April-May (MAM),
June-July-August (JJA), September-October-November (SON), and
December-January-February (DJF)). For example, the MAM model uses
MAM data as an input and produces JJA data as an output. The DNNs for
each season that share the same input and output variables are concatenated
to facilitate autoregressive integration (Fig. 1a-b). This combinedDLmodel
is referred to as an ENSO simulator. The simulation process begins with the
initial data,Xt , at an arbitrary time step t. This generates the corresponding
output data,Ytþ1,which is subsequently used asnew input data,Xtþ1, in the
next seasonal model to produce the output data, Ytþ2. This procedure is
repeated for a time interval 4t, with integration running to obtain sub-
sequent output data, Ytþ4t .

However, when we conduct a long-term integration in this way, the
overall values are sharply damped over time, simulating a strongly damped
oscillation (gray line in Fig. 1c). This phenomenon is often observed in
statistical and DL models. To address the strong damping of the PC time
series in the ENSO simulator, we adopt stochastic noise into the simulation
process (see Methods). When stochastic noise is added to the integration,
the amplitudes of the output variables are maintained over time. Conse-
quently, we apply this process to enable recursive integration. We confirm
that the amplitude is well maintained over time in the case where stochastic
noise is included (blue line in Fig. 1c). Utilizing the proposed simulator, we
aim to analyze the characteristics of ENSO through several experiments.

Basedon theENSOsimulatorwith the stochastic noise,we conducted a
long-term integration. We integrate a total of 998 years (i.e., 3992-season

Fig. 1 | ENSO simulator framework and its amplitude change. a Equential process
of the ENSO simulator; The noise is added between each seasonal model. b Seasonal
cyclical coupling system, c STD changes of PO SST PC1 over time for each lead

season output (3880 cases) in a 30-year prediction; The blue line is the STD for the
ensemble mean in the noise cases, with the shading indicating the ensemble spread
(members = 50). The gray line corresponds to the STD in the case without noise.
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time series) and compare them with the existing GFDL-CM2.1 data. We
refer to the integrated ENSO simulator data from the control experiment as
“DNNcntl” and the original CGCM data as “GFDL-CM2.1”. As mentioned
earlier, POSSTPC1well represents the ENSOvariability. Hence, wemainly
focus on this as the target variable.

ENSO characteristics of the long-term integration with ENSO
simulator
We integrate the ENSO simulator and obtain the output for nearly 1000
years. From the long-term simulation, Fig. 2 shows the initial 300-year time
series of PO SST PC1 from the DNNcntl and GFDL-CM2.1 to compare
general performance on ENSO variability. The DNNcntl (Fig. 2b) generates
the output auto-regressively andhas its ownENSOsystem. It is clear that the
DNNcntl simulates self-sustained ENSO variability, and its frequency and
amplitude vary with time, like CGCM simulations. Since the DNNcntl is
trained from GFDL-CM2.1 model simulation, its long-term characteristics
of ENSO are similar to those of GFDL-CM2.1 (Fig. 2a). The standard
deviations (STD) of PO SST PC1 time series from GFDL-CM2.1 and the
DNNcntl are 1.0, 1.05, and the skewness values are 0.21, 0.48, respectively.
Additionally, the decorrelation times of both time series range between 3
and 4 seasons. We calculated the STD of PO SST PC1 for each season. In
GFDL-CM2.1, the STDs are 0.85 (MAM), 0.99 (JJA), 1.06 (SON), and 1.08
(DJF), whereas in the DNNcntl they are 0.864, 1.02, 1.13, and 1.15, respec-
tively. In both cases, the STD is the lowest inMAMseason and peaks inDJF
season, which is consistent with the phase-locking behavior of ENSO71,72.
GFDL-CM2.1 is known to simulate the ENSO decadal variability well73.
Obviously, the decadal modulation of ENSO variability is also evident in
Fig. 2a, with the strongest periods (light red) and the weakest periods (light
blue) highlighted as shaded boxes. Such decadal modulation is also evident
in the DNNcntl. The 21-year moving STDs of the strongest period from the
GFDL-CM2.1 and the DNNcntl are 1.21, 1.31, and those of the weakest
period are 0.61, 0.73, respectively.

Figure 3 shows spatial patterns of the SST anomalies (SSTa) and U850
anomalies (U850a) for composites of El Niño and La Niña events. El Niño
(La Niña) events are defined when PO SST PC1 is greater (less) than its 1
STD (-1 STD). Since the ENSO simulator produces only PC values as the
output, the spatial patterns of the DNNcntl are reconstructed with the EOF
patterns. For the GFDL-CM2.1, we extract the spatial patterns from the
original SSTa and U850a data without the use of EOF patterns.

The DNNcntl generates highly similar patterns to those of the GFDL-
CM2.1. Their pattern correlation coefficients are 0.97 for both El Niño and
La Niña composites. Although the random stochastic noise is involved, the
number of El Niño (La Niña) occurrences is comparable, with 191 (159)
cases in the GFDL-CM2.1 and 185 (153) cases in the DNNcntl, respectively.
Furthermore, we calculated the SSTa standard deviation and skewness for
the Niño 3 (150°W~ 90°W, 5°S ~ 5°N) and Niño 4 (160°E ~ 150°W,
5°S ~ 5°N) region indices (Table 1). The results indicate that the amplitudes
are quite comparable in both regions, but the skewness of the DNNcntl is
higher than that ofGFDL-CM2.1.This difference arises fromtheunderlying
distribution characteristics of the PCs used for reconstructing SST.

Specifically, PO SST PC1 of the DNNcntl (0.48) has a positive skewness bias
compared to GFDL-CM2.1 (0.21), whereas PO SST PC2 shows a negative
skewness bias (DNNcntl: −1.85, GFDL-CM2.1: −1.13). Considering the
EOF spatial patterns, the combined effects of the positive skewness in PC1
and the negative skewness in PC2 lead to an increased skewness in theNiño
3 region when the SST is reconstructed, resulting in a higher skewness of
0.87 for DNNcntl, compared to 0.43 for GFDL-CM2.1. In contrast, theNiño
4 skewness for DNNcntl is−0.03, which is closer to zero compared to−0.32
for GFDL-CM2.1. The positive skewness of PC1 partially offsets the nega-
tive skewness of PC2when the SST is reconstructed, resulting in a skewness
value that is less negative in the Niño 4 region.

In the residual (i.e., El Niño + La Niña) pattern, representing ENSO
asymmetry, the GFDL-CM2.1 shows a zonal dipole pattern (Fig. 3c),
indicating clear El Niño-La Niña asymmetry11,14,74–76. Interestingly, the
DNNcntl has quite a similar residual pattern to theGFDL-CM2.1, suggesting
that theENSOsimulator capturesElNiño-LaNiña asymmetrywell (Fig. 3f).

Next, we examine how the simulator can simulate El Niño diversity.
Based on the C and E indices from Takahashi et al. 77, we classify El Niño
events into Central Pacific (CP) and Eastern Pacific (EP) types. Figure 4
shows the spatial patterns of CP and EP El Niño. It is evident that the
simulator reproduces CP and EP El Niño patterns well. The pattern cor-
relation coefficients are 0.96 for CP El Niño and 0.97 for EP El Niño. In
addition, EP El Niño (GFDL-CM2.1: 125 cases, DNNcntl: 123 cases) occurs
more frequently than CP El Niño (GFDL-CM2.1: 40 cases, DNNcntl: 49
cases), with a similar CP/EP ratio in both results.

Figure 4e shows the scatter plot of PO SST PC1 (x-axis) and PO SST
PC2 (y-axis) in the boreal winter. For examining the appropriate relation-
ship between PC1 and PC2, both values in Fig.4e are normalized by their
STDs. Based on PC1-PC2 space, EP and CP El Niño events can be
classified77. It is found that the distribution of PC2 values for the DNNcntl is
narrower than that for the GFDL-CM2.1, indicating a slightly reduced
variance of PC2. Nevertheless, the boomerang-shaped distribution along
the C-axis and E-axis is consistent with Takahashi et al. 77. One cluster is
placed along the C-axis and the other along the E-axis (Fig. 4e). These
indicate the C and E indices from the PC1-PC2 relationship, which help
explain the ENSO diversity. This allows us to conclude that the ENSO
simulatorproperly simulates the relationshipbetweenPOSSTPC1andPC2
values, as does the GFDL-CM2.1.

As shown in Fig. 2, ENSO has not only inter-annual variability but also
decadal modulations68,78,79. We separate the time series into strong and weak
periods. The strong (weak) period is defined as a period where the 21-year
moving STD is higher (lower) than its 1 STD (−1 STD). El Niño and La
Niña events are selected for both periods. Figure 5 shows the differences in El
Niño and LaNiña composites between the strong and weak periods to reflect
the decadal modulation of ENSO for the DNNcntl and GFDL-CM2.1. It is
found that the amplitudes of El Niño and La Niña are substantially different
between the strong and weak periods. For the strong period, El Niño SSTa
exhibits a broader warming pattern over the CP and EP regions (Fig. 5a, c),
whereas La Niña exhibits a more confined cooling pattern concentrated near
the equator in the Western Pacific (WP) and CP regions (Fig. 5b, d).

Fig. 2 | PO SST PC 1 time series of initial 300 years in entire time series. PO SST PC1 time series for the existing aGFDL-CM 2.1 and integrated bDNNcntl. The positive
(negative) value is the red (blue). The light red (light blue) shaded box indicates the period of the 21-year moving STDmaximum (minimum) among the shown time series.
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Although the magnitude and distribution of the differences in both models
are slightly different, the simulator reproduces the decadal changes in ENSO
well, suggesting that the simulator is capable of emulating not only ENSO
interannual characteristics but also its interdecadal modulation.

Inter-basin interactions in the ENSO simulation
We showed that the ENSO simulator reasonably simulates themajor ENSO
characteristics, so we may utilize this simulator to understand physical
processes associatedwithENSO.Todo this,we examine the role of the inter-
basin interactions in ENSO characteristics using the simulator from the
ocean decoupling experiments (see Methods). Here, we refer to the inte-
grated ENSO simulator data from the IndianOcean decoupling experiment
as “DNNIO_off” and from the Tropical Atlantic Ocean decoupling experi-
ment as “DNNTAO_off”.

The Indian Ocean is known to play a role in accelerating the ENSO
phase transitions17. Several CGCMstudies have supported this argument by

conducting decoupled experiments15–17,80–84, which require large computa-
tional resources. Figure 6 shows evolution of El Niño decaying for the
DNNcntl and the DNNIO_off. The DNNcntl represents that the equatorial
SSTa rapidly decays after the peak in the boreal winter and reaches neutral,
and transits to the La Niña phase in the boreal fall (Fig. 6a-d). The anom-
alous westerly winds in the WP region have also weakened over time.
However, in the DNNIO_off, the equatorial SSTa decays slowly and still
exhibits considerable positive values 3 seasons later in El Niño decaying
evolution (Fig. 6e-h). The equatorial SSTa also decays slowly from La Niña
toElNiñomaturephase (SupplementaryFig. 1).Asmentioned, these results
indicate that the coupling with the Indian Ocean plays a critical role in the
ENSO transition. The power spectrum of PO SST PC1 (Fig. 6i) also shows
an increase in periodicity and amplitude for the DNNIO_off, indicating that
the results are consistent with the previous CGCM decoupled experiments.
The simulator generates comparable results with the CGCM’s decoupling
experiments, but it has the advantage of low computational cost. This
approach allows for the easy identification of ENSO characteristics without
the need for complicated calculations of physically based equations.

We apply the same experiment to the Tropical Atlantic Ocean and
analyze the results. The DNNTAO_off result shows a less pronounced dif-
ference from theDNNcntl (not shown). In fact, the effects of theAtlantic SST
are originally underestimated in GFDL-CM2.1. In particular, the North
Tropical Atlantic variability is known to be related toCPElNiño events, but
its influence may have been underestimated. This could be due to the
EOF-based analysis since the EOF PC1 has stronger signal in the EP region.

Table 1 | Standard deviation and skewness for Niño 3 andNiño
4 SST indices

Niño 3 Niño 4

STD Skewness STD Skewness

GFDL-CM2.1 1.22 0.43 1.06 −0.32

DNNcntl 1.29 0.87 1.08 −0.03

Fig. 3 | SSTa and U850a composites of El Niño and La Niña events. SSTa and
U850a composites of the a,dElNiño,b, eLaNiña, and c, f their residuals for the (left)
GFDL-CM2.1 and (right) DNNcntl in the DJF season, respectively. Residual means

the summation of the El Niño and La Niña composites. Shading (vector) indicates
that the SSTa (U850a). The units are the [°C] and [m/s], respectively.
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Therefore, the SST PC1-based analysis can underestimate the effect of the
North Tropical Atlantic variability. However, in terms of ENSO predict-
ability, the influence of the Tropical Atlantic Ocean is known to be
important18,84–86, which will be discussed in the next section.

Noise ensemble prediction for two years
So far, many studies have applied various DL methods to ENSO
forecast47–51,87–89. We also carried out prediction experiments using the
simulator. We conducted two-year prediction experiments to evaluate
ENSO predictability. To assess and minimize the prediction uncertainty,
multiple ensemble predictions are performed. Since random stochastic
noise is added to the model integration, ensemble prediction provides a
considerable prediction spread even though the same initial condition is

used. Although a larger ensemble leads to a higher prediction skill, we found
that the prediction skill becomes saturated beyond fifty, so we used fifty
ensemble members.

Starting with the input data from the GFDL-CM2.1, we integrate
the two-year predictions with fifty ensembles. Each ensemble mem-
ber is integrated with random stochastic noise. To evaluate the
prediction skills, the correlation coefficient and root mean square
error (RMSE) are calculated for the entire period of the prediction
results. We mainly focus on the skill for PO SST PC1, as an ENSO
indicator. According to the one-season prediction results from the
starting point (Fig. 7a-b), the individual performance of each sea-
sonal model is ranked as follows: SON (0.98) > JJA (0.96) > DJF
(0.93) > MAM (0.93). Until the 6 seasons prediction with recursive

Fig. 5 |Differences of the SSTa composites in ElNiño andLaNiña between strong
and weak periods. ENSO composites difference between a, c El Niño and b, d La
Niña of the strong and weak period for the (left) GFDL-CM2.1 and (right) DNNcntl,
respectively. El Niño and La Niña are defined the same as in Fig.3 but calculated for

theDJF season of the strong andweak periods. Hatched areas denote the regions that
are non-significant at the 95% confidence level for differences between strong and
weak cases from the bootstrap test (n = 10,000).

Fig. 4 | SSTa composites and PC relationship for CP/EP El Niño type.CP El Niño
SSTa composites for the a GFDL-CM2.1, the b DNNcntl, and EP El Niño SSTa
composites for the c GFDL-CM2.1, and the d DNNcntl, respectively. These El Niño

criteria are taken from the Takahashi et al. (2011). e Scatter plot of the PO SST PC1
(x-axis) and PO SST PC2 (y-axis) in the DJF season. The gray and blue scatter
indicates the GFDL-CM2.1 and DNNcntl, respectively.
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integration, correlation skill is greater than 0.5 (Fig. 7a), and RMSE is
less than 0.9 (Fig. 7b).

Figure 7 shows that the prediction skill significantly decreases during
the transition from the boreal spring to summer. The same phenomenon
occurs regardless of which season is used as the initial condition, which is
known as the Spring Predictability Barrier (SPB)36,90–93. The cause of the SPB
is not yet fully understood and is amajor challenge currently faced by ENSO
forecast models92,94.

To assess the influence of the Indian and Atlantic Oceans on ENSO
predictability, we conducted the same ocean decoupling experiment as in
long-termsimulation, butwith two-year predictions. InFig. 7c-f, correlation
skill andRMSEdifferences in theDNNIO_off and theDNNTAO_off compared
to the DNNcntl are shown to examine how the prediction skill changes. In
both decoupling experiments, the correlation coefficients decrease, and the
RMSE increases considerably, indicating the critical role of inter-basin
interactions for ENSO forecasts16,18,23,86. It also implies that in addition to the
PacificOcean variables, the other basin variables should be consideredwhen
constructing the ENSO forecast model.

Beyond the focus on predictability, it is also important to understand
howmuch each input variable contributes to the output prediction skill. To
achieve this, we applied the “contributionmap”method introduced by Shin
et al. 88 and conducted the variable contribution experiment, which can help
to identify the contributions of each input variable to ENSO predictability
(seeMethods). By setting zeroas the initial value for the input variablewhose
relative contributionwewant to identify, we repeat this experiment for each
input variable. In thisway, we obtainedfifteen experimental results, referred
to the variable contribution experiments as “DNNrem”. We then compare
eachDNNrem result with theDNNcntl. The rootmean square error (RMSD)
is calculated for eachvariable from theDNNrem (seeMethods). For instance,
in terms of ENSOprediction ðv ¼ POSSTPC1Þ, a largerRMSD implies that
the removed input variable plays a significant role in predicting ENSO.
Consequently, we can identify and understand the precursors of ENSO and

their roles for each lead time and season using variable contribution
experiments.

Figure 8a shows the RMSD contributionmap for PO SST PC1 output.
Each column’s RMSD is calculated between the DNNcntl and the DNNrem

for the respective zeroing cases. For an easy comparison, the values shown in
Fig. 8a are subtracted from the RMSD mean of each lead time from the
original RMSD values. In the PO SST PC1 zeroing case (Fig. 8a), the RMSD
is relatively high. This is because the presence of its own information is
significantly affected. In addition to PO SST PC1, some variables show a
noticeable contribution signal to the ENSO prediction.

To further investigate the positive or negative role of each variable on
ENSO, we plot the difference between PO SST PC1 outputs of the DNNcntl

and DNNrem ðŶcntl � Ŷ remÞ (Fig. 8b-e). Considering the spatial pattern of
PO U850 EOF 1 mode (Supplementary Fig. 2g), Fig. 8b shows that the
anomalous westerly winds over the WP region in the boreal spring are
consistentwith the results of previous studies suggesting that they play a role
in triggering El Niño8,61–63,95,96. It also shows a non-linear relationship, where
strong westerly winds can tend to be more efficient in triggering a strong El
Niño.On the otherhand, strong easterlywinds are less efficient in triggering
a strong La Niña, which is related to the ENSO asymmetry11,76.

PO SSH PC2 has a considerable contribution compared to PO SSH
PC1 (Fig. 8a).This implies that POSSHPC2plays a crucial role in theENSO
prediction, despite its lower variance. Shin et al. 88 found that the MAM(0)
SSH in theWP andCP regions is a key precursor for theD(0)JF(1)Niño 3.4
SST prediction. The SSH contribution and saliency maps from Shin et al. 88

have a similar spatial pattern to PO SSH EOF 2 mode (Supplementary
Fig. 2e). These regions appear to be related to the positions of the inter-
tropical convergence zone (ITCZ) and South Pacific convergence zone
(SPCZ). We also observed a positive relationship, where DJF PO SST PC1
tends to be higher when MAM PO SSH PC2 increases in the WP and CP
regions (Fig. 8c). This demonstrates that PO SSH PC2 is an important
variable for ENSO predictability. Interestingly, although we only run the

Fig. 6 | Comparison of ENSO characteristics change based on inter-basin
interactions. a–h El Niño decaying phase evolutions for the (left) DNNcntl and
(right) DNNIO_off; a same as in Fig. 3d, e El Niño composite for the DNNIO_off, (b, f)
as in (a, e), but after 1 season (i.e., MAM(1) season), (c, g) after 2 seasons (i.e., JJA(1)

season), (d,h) after 3 seasons (i.e., SON(1) season), respectively. iPower-spectrumof
the PO SST PC 1 time series (solid line) for the GFDL-CM2.1 (black), DNNcntl

(blue), DNNIO_off (orange), and DNNTAO_off (green), respectively. The dashed
(dotted) line denotes the lower 5% (upper 95%) confidence limit.
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simulator auto-regressively, the result is consistent with the single predic-
tions of Shin et al. 88.

IO SST cooling is associated with triggering anomalous westerly winds
in the Pacific region, which can lead to the occurrence of El Niño events97,98.
Therefore, ENSO and IO SST can be interpreted as having a negative
relationship. To confirm this result, we analyzed the relationship between
PO SST PC1 and IO SST (Fig. 8d). The spatial pattern of IO SST EOF 1
mode (Supplementary Fig. 2j) denotes the IndianOcean Basin (IOB)mode.
If there is IO SSTwarming (+) in the boreal spring, it can be interpreted that
itmay occur POSST cooling (-) 3 seasons later. Thus,MAM(0) IO SSTPC1
andD(0)JF(1) POSSTPC1 exhibit a negative relationship.Additionally, the
spatial pattern of IO SST EOF 2mode (Supplementary Fig. 2k) denotes the
IndianOceanDipole (IOD)mode.The relationshipwithPOSSTPC1 is also
negative, but the RMSD for IOD (i.e., IO SST PC2) is less than for IOB (i.e.,
IO SST PC1). This indicates that IOB is more important than IOD in the
ENSO simulator.

Interactions between the PacificOcean and the tropical AtlanticOcean
are known to lead to TAO SST warming after El Niño phase, which sub-
sequently contributes to PO SST cooling during the following winter
season18,19,24,86. In Fig. 8e, MAM(0) TAO SST PC1 and D(0)JF(1) PO SST
PC1 (i.e., 3-season lag) exhibit a negative relationship. The TAO SST
warmingduring theboreal spring tends to lead toPOSSTcoolingduring the
subsequent boreal winter. These results underline the central role of the
TAO basin in ENSO transitions and triggering events.

In this way, the variable contribution experiment has allowed us to
assess the relative contribution of each variable to ENSOprediction, to see if
it is relevant and what its role is. A negative SST anomaly in the Indian
Ocean is more likely to be followed by a positive SST in the Pacific Ocean a
few seasons later. After the positive SST anomaly in the Tropical Atlantic
Ocean, the negative SST anomaly emerges in the Pacific Ocean. These
relationships among variables related to ENSO are similar to those found in
previous studies. Despite the recursive integration, the results are linked to
ENSO dynamics. Through these results, we can verify the precursors of
ENSO from the variable contribution test.

Discussion
In this study, we developed a low-dimensional recursive DL model for
ENSO simulation, called the ENSO simulator. The simulatorwas trained on
a 1000-year simulation dataset from the GFDL-CM2.1. Few studies have
attempted to predict ENSO using a recursive structure99,100. To simulate a
self-sustained oscillation, for the first time we adopted stochastic noise into
the DL model for ENSO. This approach enables long-term integration and
produces a more realistic stochastically-excited ENSO simulation. This
aligns with many previous studies, which suggest that El Niño events are a
weakly damped mode excited by stochastic noise such as Westerly Wind
Bursts (WWBs) and Madden-Julian Oscillation (MJO) events12,61–63,101,102.
However, it is still controversialwhetherENSO is a self-sustaining or a stable
mode triggered by stochastic atmospheric/oceanic forcing.

Fig. 7 | The two-year PO SST PC1 prediction skills of ENSO simulator. a The
correlation coefficient map of the PO SST PC 1 between the GFDL-CM2.1 and
DNNcntl over time, b the corresponding RMSE map. The column denotes each
season of initial input, and the row denotes each lead season. The “ALL” column

includes all cases. cDifference between the correlation coefficient of theDNNcntl and
that of the DNNIO_off, and d for the RMSE, e difference between the correlation
coefficient of the DNNcntl and that of the DNNTAO_off, and f for the RMSE,
respectively.
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Fig. 8 | Relative variable contribution and relationship with ENSO. a The RMSD
map of the PO SST PC 1 between the DNNcntl and each DNNrem. The column
denotes each zeroing input variable, and the row denotes each lead season. All values
are subtracted by the RMSD mean for each lead time from the original RMSD.
b–e The anomalous effects of the variables for the PO SST PC1 in the specific lead

season. Target zeroing variable (x-axis) and the difference of PO SST PC1 output
between the DNNcntl and the DNNrem (y-axis). b The effect of MAM(0) U850 PC 1
for the D(0)JF(1) (i.e., 3 seasons later) PO SST PC 1 output, c the effect of MAM(0)
SSH PC 2, d The effect of MAM(0) IO SST PC 1, e The effect of MAM(0) TAO SST
PC 1. The small figures in (b–e) represent each EOF mode spatial pattern.
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From the long-term simulation, our results show that the simulator
successfully reproduced various characteristics of ENSO. The simulator not
only captured the spatial patterns and temporal evolutions of El Niño-La
Niña but also distinguished the two El Niño types and reproduced their
occurrence frequency ratio. Furthermore, the proposed simulator repro-
duces the decadal modulation of ENSO. Since the basic state remains
unchangedandnoexternal forcings are applied, thedecadalmodulation can
be attributed to internal variability which is induced by stochastic noise.
Through the ocean decoupling experiments, we examined the roles of the
Indian and Atlantic Oceans in ENSO. The results highlighted the influence
of the IndianOcean. The Pacific-IndianOcean coupled system can lead to a
rapid ENSO phase transition, which is consistent with previous
studies15,17,80–82,84.

We also conducted two-year predictions to examine ENSO predict-
ability. The ENSO simulator has a higher prediction skill, with correlation
coefficients greater than 0.5 andRMSEvalues below0.9 up to 6 lead seasons.
In addition, the ocean decoupling experiments highlighted the importance
of inter-basin interactions for ENSOpredictability, emphasizing the need to
consider variables beyond the Pacific Ocean when constructing ENSO
forecastmodels. Also, the variable contribution experimentswere applied to
the “contribution map” which provided insights into the relative con-
tributions of each input variable for ENSO. This allowed us to identify
precursors and understand their roles in ENSO prediction. PO U850 PC1
was the most important factor, which is good at inducing El Niño. The
importance of PO SSHPC2was also emphasized. The result aligns with the
previous study88. The ‘contribution map’ method is applicable to studying
not only ENSO but also other climate variability dynamics.

Because we only evaluated ENSO predictability with the GFDL
simulation data, the findings of this study are limited to apply to real-world
ENSO forecasts. For reliable confidence, we verified the prediction skill
using historical observational data, which was insufficient to retrain the
model. As a result, we utilized transfer learning, which is a method of fine-
tuning a pre-trained model to compensate for the lack of a dataset. We
evaluated both cases: with and without transfer learning. Without transfer
learning, the correlation coefficient is 0.68 for 2 lead seasons and 0.54 for 4
lead seasons.With transfer learning, the results were not improved, with the
correlation coefficient of 0.65 for 2 lead seasons and 0.51 for 4 lead seasons.
The slightly lower prediction skill may be due to the limited sample size of
the observational data. In addition, the relatively low correlation may result
from inconsistencies in the EOF patterns between the observations and
CGCM, especially for the dominant leadingEOFmodes. In otherwords, the
distribution of CGCM data could be biased compared to real-world
observations. Successful transferability of ML models strongly depends on
having similar characteristics and distributions between training and vali-
dation datasets. To improve the predictability of ENSOwith the current DL
model, further devotion and tuning should be required.

The advantage of the developed ENSO simulator lies in its ability to
reproduce CGCM simulations of ENSO with very low computational cost.
This capability allows us to effectively compare the characteristics of ENSO
simulations across different CGCMs. The findings of this study suggest that
the simulator can be applied to a variety of CGCMs to explore inter-model
diversity, including individual model characteristics and systematic biases.
For example, several ENSO simulators fromdifferentmodels can be used to
conduct the IndianOceandecoupling experiments, allowing examinationof
the strength of the Indian Ocean feedback in each model and enabling the
diagnosis of systematic model biases.

In this study, we considered only additive noise as the stochastic
noise component. However, recent studies have shown that multi-
plicative or state-dependent noise is an important factor in ENSO
dynamics63,103,104. Previous studies suggest that consideration of
multiplicative noise into the model can better capture non-linear
processes and enhance the representation of ENSO variability76,105,106.
A new model that considers multiplicative noise will need to be
developed. There is potential for future work on an advanced DL
model that considers multiplicative noise.

Our ENSO simulator confirmed the potential of the DL model as a
reliable tool for understanding and predicting ENSO phenomena. Despite
the low-dimensional data and model structure, the simulator reproduced
the existing ENSO characteristics well. Furthermore, additional analysis
confirmed that the roles of IOB and IOD for ENSO dynamics can be
identified. This study mainly focused on the Pacific Ocean. However, in
terms of the opposite influences on the other oceans, we can investigate how
the Pacific Ocean affects the Indian or Atlantic Oceans. The IOB and IOD
modes have high prediction skills, with correlation coefficients of 0.51 for
the 6 lead seasons and 0.50 for the 5 lead seasons, respectively (Supple-
mentary Fig. 3d, i). In the case of TAO SST PC1, the correlation coefficient
remains above 0.5 for the 3 lead seasons (Supplementary Fig. 3e). Thehigher
correlations suggest the potential to explore the predictability and dynamics
of these variables. It can be easily applied to identify the relationships with
the extra-tropics by adjusting the variables.

Methods
Data and pre-processing
For sufficiently reliable DL training, it is essential to provide a large amount
of data to avoid the overfitting problem. Since the historical observational
data are limited, we utilized long-term climate model simulation data,
monthly output data from the GFDL-CM2.164–66. We obtained a 1000-year
simulation with the atmospheric CO2 concentration fixed at present-day
climate conditions107,108.

The used observational data for transfer learning was as follows: SST -
Extended Reconstructed SST (ERSST), SSH - Global Ocean Data Assim-
ilation System (GODAS), U850 - National Centers for Environmental
Prediction II (NCEP2). The dataset has a period of forty-three years of
seasonal data (1980-2022).

For each variable, we calculated the seasonal mean anomalies for each
season (MAM, JJA, SON, DJF). We conducted the EOF analysis for all
seasons to extract the spatiotemporal patterns, ensuring computational
efficiency. To reflect the magnitude of the variability among the three EOF
modes and to scale the units of the different climate variables, the variable
PCs were normalized by dividing STD of the PC1 of each variable for the
training. This normalization assigns a weight to the first EOFmode in each
climate variable.

Architecture of the DL network
Each seasonal DLmodel was trained independently, utilizing a set of fifteen
variables in both the input and output layers. As the input and output
variables are identical, it becomes a recursive model, enabling long-term
integration. Various methods were applied to stabilize the model and
optimize the parameters. Each model consists of an input layer, five hidden
layers composed of fully connected layers, and an output layer. The RMSE
was used as the loss function, and the Adam optimizer was utilized for
training109. In addition, the hyperparameters (e.g., batch size, learning rate,
depth, weight decay) were automatically optimized using the Bayesian
optimizationmethod110. Eachhidden layerhas eighteenneurons,withbatch
normalization, and the Leaky Rectified Linear Unit (Leaky ReLU) function
with a scale value of 0.2 as the activation function111. During the training
process, callback functions such as early stopping, learning rate reduction,
and the model checkpoint function were used to enhance the stability and
training speed112,113.

The dataset consists of 1000 years of data, which were divided into five
folds of 200 years each for 5-fold cross-validation114. In each fold, one set of
200 years (exactly 199) was used as the test dataset, and the remaining 800
yearswere shuffled and split into training (600) and validation (200) sets in a
3:1 ratio. This process was repeated across all folds. For the DJFmodel, 198
yearswere used as the test dataset due to data constraints in thefinal year. To
account for the uncertainty of themodel parameters,we created aparameter
ensemble using different random weight initializations to improve the
model stability. Inconclusion,fiftyDNNs for each seasonweredevelopedby
a combination of the five-fold cross-validation dataset and ten parameter
ensemble members (5 × 10).
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Stochastic noise
We added the stochastic noise term into the ENSO simulator to con-
tinuously maintain the output amplitude. This approach aligns with tra-
ditional conceptual models and theories of ENSO. Furthermore, from a
machine learning (ML) perspective, incorporating stochastic noise can help
to mitigate the issue that deterministic ML models tend to produce overly
smoothpredicted time series, thereby enabling stable and realistic long-term
simulations115,116.

After each one time step (i.e., 1 season) of the model integration, the
stochastic noise is added to the generated output data, which is used as new
input data in the next seasonalmodel. Toobtain the stochastic noise,wefirst
ran the seasonal models for all periods at one-time step, and obtained the
predicted output data, Ŷ . We then calculated the prediction error by taking
the difference (Y � Ŷ) from the true data, Y . Here, we assumed that the
prediction errors mostly originate from the stochastic noise. To extract
major patterns of stochastic noise, we conducted the EOF analysis on the
prediction error of the fifteen variables, and their leading modes were
considered as thenoisepatterns.Themagnitudeof thenoisepattern for each
season was calculated from the STDs of individual PC time series and their
eigenvectors, ~V , for each season. The actual stochastic noise was used by
multiplying the random value ε, which follows a standard normal dis-
tribution N 0; 1ð Þ as follows:

Stochastic noise ¼
Xp

i¼1

~Vseason vð Þi × STDseason vð Þi × ε
" #

|fflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflffl{zfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflffl}
noise term

× α ð1Þ

Where v, p and α represent the output variables, the number of EOFmodes
of prediction errors (p = 15), and the scaling factor (α ¼ 1:5Þ, respectively.
The scaling factor was determined by conducting a series of sensitivity tests,
ensuring that stable magnitude aligns with the results of the GFDL-
CM2.1 simulation. As a result, the new input, Xtþ1, is expressed as:

Xtþ1 vð Þ ¼ 1
n

Xn

i¼1

Ŷ tþ1 vð Þi þ Stochastic noise ð2Þ

where n is the number of parameter ensemble members (n = 10). The
calculated stochastic noise is added to the parameter ensemble averaged
output. Eventually, the sumof both terms is assigned as the new input,Xtþ1.

Ocean decoupling experiment
To investigate the influence of Indian and Atlantic SSTs on Pacific ENSO
variability, we conducted the ocean decoupling experiments. The input data
from the Indian Ocean or Atlantic Ocean were systematically set to zero at
every time step, eliminating the feedback effects from the Indian or Atlantic
Ocean on the Pacific Ocean variables. This procedure is similar to that used
in previous CGCM studies, where climatology is prescribed to remove the
influence of specific oceans. Such an approach allows for a clear under-
standing of each ocean’s influence on the characteristics of ENSO.

Variable contribution experiment
To identify which variables provide crucial information for ENSO predic-
tion, we applied the “contribution map”method88, where they estimate the
relative contribution of a particular grid of input data to an output variable
by setting its value to zero. This method is based on the “occlusion
sensitivity“117 and has been adapted for climate studies. The contribution
map is designed to know which input variable has a larger contribution to
the output bymodulating the input variables.Wefirst applied zeroing to the
input value of the variable that we want to remove its anomalous effect.
Using this method, we re-ran the two-year ensemble prediction. We then
compared theprediction results between the control experiment, performed
without anymodification, and the zeroing experiment on a certain variable.
Unlike the ocean decoupling experiment, where we set the input value to

zero continuously, herewe onlymodify it at the initial step. This allows us to
examinehow the contribution to the initial input variable changesover time.

To quantify the contribution of each variable, we calculated the RMSD
between its contribution to experiment output [Ŷrem in Eq. (3)] and the
control experiment output [Ŷ cntl in Eq. (3)]. Based on these results, we
obtained a contribution map for each output variable. The RMSD was
calculated as follows:

RMSD v; kð Þ ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1
m

Xm

j¼1

1
n

Xn

i¼1

Ŷcntl vð Þi;j � Ŷrem v; kð Þi;j
n o2

" #vuut ð3Þ

where v, k,m, andn denote the output variables, each zeroing input variable,
the noise ensemble members ðm ¼ 50), and the parameter ensemble
members ðn ¼ 10Þ, respectively. By considering each removal input vari-
able case, we obtained fifteen individual results. The higherRMSD v; kð Þ, the
more it differs from the control experiment, suggesting that the relative
weight of the input variable ðkÞ to the output variable vð Þ is greater.

Data availability
The GFDL-CM2.1 datasets for training and test are available from the
corresponding author on reasonable request. TheERSSTversion5,monthly
reanalysis data are available from https://psl.noaa.gov/data/gridded/data.
noaa.ersst.v5.html. The GODASmonthly reanalysis data are available from
https://psl.noaa.gov/data/gridded/data.godas.html. The NCEP2 monthly
reanalysis data are available from https://psl.noaa.gov/data/gridded/data.
ncep.reanalysis2.html.

Code availability
Researchers who want to conduct further studies can request access
to the codes used to produce the results, which are maintained in a
private GitHub repository at [https://github.com/jko-38/DL-ENSO-
simulator.git]. By contacting the first author, access to the repository
containing the training and test datasets, as well as the model code
used, will be provided.
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