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Abstract A machine learning method is used to identify sources of long-term ENSO predictability in the
ocean (sea surface temperature (SST) and heat content) and the atmosphere (near-surface zonal wind (U10)).
Tropical SST represents the primary source of predictability skill. While U10 does not increase the skill when
associated with SST, our analysis suggests U10 alone has apredictive skill comparable to that of SST between
11 and 21 months in advance, from late fall up to late spring. The long-lead signal originates from coupled wind-
SST interactions across the Indian Ocean (I0) and propagates across the Pacific via an atmospheric bridge
mechanism. A linear correlation analysis supports this mechanism, suggesting a precursor link between
anomalies in SST in the western and wind in the eastern 10. Our results have important implications for ENSO
predictions beyond 1 year ahead and identify the key role of U10 over the I1O.

Plain Language Summary Many extreme events, such as floods or droughts, can be attributed to the
El Nifio Southern Oscillation, a mode of large-scale ocean-atmosphere coupled variability in the tropical Pacific
Ocean occurring with a period of approximately 4 years. In this analysis, we use a machine learning
methodology to disentangle the key atmospheric and oceanic ENSO components’ relative contribution to its
predictability, particularly the role of near-surface 10-m zonal wind. We quantify the potential for improved
ENSO predictions for up to 2 years in advance and present a mechanistic understanding of the location of the
sources of predictability. While equatorial sea surface temperature represents the primary source of ENSO
predictability, the equatorial U10 plays a vital role from late spring to fall, from 1 to 2 years in advance. The
enhanced predictability skill is shown to be linked to an SST anomaly originating in the Indian Ocean. The ML
model used provides a new way to get new insights into the sources of predictability for ENSO and can be used
as a simple but powerful tool to improve the underlying mechanistic understanding.

1. Introduction

The signature pattern of El Nifio Southern Oscillation (ENSO) is a higher-than-normal sea surface temperature
(SST) anomaly in the equatorial eastern Pacific, accompanied by a weakening of the trade winds and a flattening
of the thermocline (Philander, 1990). ENSO occurs approximately every 4 years and results in various climate
impacts worldwide (e.g., Timmermann et al., 2018).

While ENSO exhibits diverse and irregular characteristics in its temporal evolution and spatial pattern (Capotondi
etal., 2015, 2020; Chen & Jin, 2022; Wang, 2018), the physical mechanisms invoked to explain its occurrence fall
essentially within two categories (Wang, 2018). One view describes ENSO as a self-sustained oscillatory mode of
variability of the coupled ocean-atmosphere system (Suarez & Schopf, 1988; Weisberg & Wang, 1997;
Wyrtki, 1975).

A second view originates from Hasselman's (1976) seminal paper which shows atmospheric weather noise to play
an essential role in modulating SST variability (Colfescu & Schneider, 2020; Penland & Sardeshmukh, 1995).
Accordingly, ENSO is interpreted as a damped mode of variability forced by stochastic atmospheric weather
noise (Fedorov & Philander, 2000; Kessler & Kleeman, 2000; Moore & Kleeman, 1997; Roulston & Nee-
lin, 2000). As a result of such stochastic patterns and the ENSO intrinsically irregular and partially nondeter-
ministic nature, predicting ENSO events 6-12 months ahead represents a challenge for statistical and dynamical
models.

Current dynamical forecast models can provide accurate predictions of ENSO events at lead times of about a year
(Jin et al., 2008; Tippett et al., 2019; Zhang et al., 2021). In particular, while ENSO forecasts tend to remain
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skillful (anomaly correlation coefficient above 0.5) during the mature phase of the cycle in boreal winter (Bal-
maseda et al., 1995), the skill decreases rapidly during the boreal spring when the amplitude of an ENSO event
generally starts to grow (L’Hereux et al., 2017; Zhang et al., 2021). This feature, known as the spring predict-
ability barrier (SPB), is characterized by a loss of autocorrelation in tropical SSTs, hindering ENSO predictability.

Improving ENSO predictions across the SPB and understanding the mechanisms behind it remain topics of
extensive research (Wang, 2018). To address these challenges, recent studies have used artificial intelligence (AI)
techniques (Dijkstra et al., 2019; Fang et al., 2022; Ham et al., 2021; Wang et al., 2023). Machine Learning (ML)
approaches such as Artificial Neural Networks or Bayesian methods (Chen et al., 2021; Ham et al., 2019) have
been employed to predict ENSO up to 2 years in advance, successfully outperforming dynamical models.

In this study, we build on the ML methodology used by Ham et al. (2019) to improve current understanding of the
sources of ENSO forecast skill and their physical mechanism. Their studies used near-global SST and oceanic
heat content (HC) as main predictors (Ham et al., 2019, 2021) and overlooked the potential role of wind
anomalies. Yet, westerly bursts, for example, are believed to be crucial in influencing ENSO variability and
timing (Fedorov et al., 2014; Hayashi & Watanabe, 2017; Tan et al., 2020).

The purpose of this study is threefold: (a) to investigate whether the long-term predictability skill can be
improved, especially across the SPB, by using near-surface wind, U10, as a predictor; (b) to assess the interplay
between atmospheric and oceanic predictors and isolate key geographical regions; and (c) to provide insights into
the underpinning physical mechanism. Compared to Ham et al. (2019), the work provides a new understanding by
examining separately the role of individual predictors, including new ones, by identifying the contribution of
different geographical regions, and by providing insights into the physical mechanism in conjunction with a lead-
lag correlation/regression analysis.

2. Data, Methods and Experiments

The convolutional neural network (CNN) model used here is described in detail in Ham et al. (2019, 2021). The
input fields consist of a combination of 3-month rolling mean de-trended anomalies of SST, oceanic heat content
(HC, defined as the vertically averaged temperature in the upper 300 m), and 10-m zonal wind (U10). Anomalies
are computed relative to a climatology computed separately for each of the training, validation, and test periods.
All input fields are regridded to a 5° X 5° lat lon grid to reduce computational costs and to allow a direct
comparison to Ham et al. (2019). We do not find significant differences in the ENSO predictive skill when using
higher-resolution (1° X 1°) input fields.

To train the CCN we used the first historical (1861-2001) ensemble member for 17 Coupled Model Intercom-
parison Project phase 5 (CMIP5, Taylor et al., 2012) models (see Table S1 in Supporting Information S1). As a
validation data set, we used six ensemble members from the CMIP5 models (different from the ones used in the
training period) for 1983-2014. The predictions (test runs) are performed for 1980-2014 using SST and HC from
the Global Ocean Data Assimilation System (GODAS) reanalysis (Behringer et al., 1998) and U10 from the 20th
Century Reanalysis v2c¢ (Compo et al., 2011).

The main tests use input fields (SST, HC, U10, and various combinations of them) over the near-global ocean-
only domain (0°-360°E, 55°S—60°N; DO hereafter) and evaluate the predictability skill compared to that found
using only SST and HC as input (as in Ham et al. (2021)). In addition, we also run several sensitivity tests with
input variables prescribed over ocean-only sub-regional domains (see Table S1 in Supporting Information S1) to
identify the contributions of various regions to the overall predictability skills and possible non-linearities. D1 is
designed to isolate the contribution of the tropical Indo-Pacific; D2 explores the role of the western tropical
Pacific where, for example, westerly wind bursts occur; D3 captures the influence of the near-equatorial Indian
Ocean (I10), particularly around the centers of action of the Indian Ocean Dipole (IOD).

The CNN output consists of an array of 1-23-lead months representing the Nifio3.4 index (3-month running mean
area-averaged SST anomalies over 5°S—5°N, 170°-120°W) up to 2 years ahead. The skill of the ENSO forecasts
is evaluated using the annual mean and the three-month-moving-average (i.e., 12 3-month seasons) correlation
skill of the Nifio3.4 index as a function of the forecast lead month (between 1 and 23).

To support the CCN-based results, an observational regression/correlation analysis of SST, U10, and HC on the
Nifio3.4 index is performed for the period 1875-2008. Data were taken from HadISST (Rayner et al., 2003), 20th
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(a) All season correlation skills for Nino3.4 (1980-2014)
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Figure 1. ENSO correlation skill in the CNN model for predictors over the near-global domain DO (0°-360°E, 55°S—60°N). (a) The all-season correlation skill of the
three-month-moving-average Nifl03.4 index as a function of the forecast lead month. The different colors are associated with a different set of predictors: SST and HC
(red), HC and U10 (light blue), SST and U10 (green), SST (orange), HC (dark blue), U10 (dark blue), U10 + HC + SST (pink). (b-h): The correlation skill of the
Nino3.4 index for each of the 3-month seasons centered on each calendar month for the same experiments as in (a). Hatching in (b)—(h) highlights the forecasts with

correlation skill exceeding 0.5.

Century Reanalysis v2c¢, and SODA v2.2.4 (Carton & Giese, 2008), respectively. The statistical significance of
the anomalies is determined by the two-tailed Student's #-test.

3. Results
3.1. ENSO Forecast Skill With the CNN Model

The CNN-based annual mean correlation skill (based on monthly values) of the Nifio3.4 index as a function of the
forecast lead month is shown in Figure 1a, with the different time series representing the skill obtained using
different sets of predictors. Figures 1b—1g display the corresponding skills for each of the 3-month running
seasonal means. The forecast using SST and HC only as predictors represents the “reference forecast.” Its all-
seasons (annual) skill is above 0.5 for a lead time of up to 14 months (similarly to Ham et al. (2019)); there
are, however, significant variations in the skill across the seasons. For example, Figure 1b shows that predictions
targeting ENSO during the late boreal spring have successful skill (above 0.5) only for lead times up to 10 months.
For ENSO during summer and fall, the lead time for successful predictions increases linearly, with relative
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uniform values up to a sharp drop at leads around 11-15 months. Forecasts targeting ENSO during winter and
early spring feature the largest skill (above 0.8) at short lead times (3—7 months), with a relatively large decrease at
longer leads. Yet, the skill remains above 0.5 for lead times up to 16 months during early winter and reaches the
maximum of 21 months for a target ENSO during MAM.

Examination of the role of different predictors and their combinations indicates that with SST alone the model can
achieve an annual mean skill comparable to that using SST and HC combined (as in Ham et al. (2019)) for up to
11 months in advance, and to improve it for longer leads with useful predictions up to 17 months ahead. This
indicates that the CNN model can learn the needed information only using SST as a predictor. This is a notable
feature since, from a computational point of view, performing simulations with one predictor can significantly
reduce resources and time. The seasonal distribution of the skill in the SST-only test closely resembles that of the
reference forecast, with a minor degradation of the skill for fall and winter ENSO up to a lead of 11 months but a
clear improvement for longer lead times, especially when targeting spring and winter ENSO (up to 0.2).
Conversely, the skill decreases substantially using HC alone, especially for ENSO during winter and spring when
predictions are unsuccessful if initialized more than 6-10 months in advance on average. The limit of useful
predictions for late summer and fall ENSO is not significantly different from the reference case when using SST
or HC (up 15 months ahead in all three tests). This again indicates that using SST alone as a predictor is enough in
those seasons.

Turning to the predictability associated with U10, Figure 1a shows the skill to be substantially lower than that for
any other predictor under 12 months in advance, and to noticeably decrease below 0.5 at month 7. However, the
skill starts to increase at 10 months, reaching values around 0.5 between 13 and 15 months, and subsequently
slowly decreases again. Remarkably, we find that U10 outperforms HC and SST + HC at leads longer than
14 months, with values close to those for SST alone. This suggests a potential source of long-lead ENSO pre-
dictability in U10. The seasonal distribution of the skill shows that the increase between 11 and 21 months is
associated mainly with ENSO from winter to early summer. The use of U10 as a predictor, in addition to SST,
appears to slightly deteriorate the predictions compared to those with SST alone, mostly at short leads
(<12 months). We also find that the individual skills average up approximately linearly, which suggests a
negligible influence of coupled processes among the chosen variables. Yet, the long-lead skill (>12 months in
advance) remains above 0.5 for most of the fall to summer for SST alone. Conversely, U10 substantially improves
the ENSO predictions based on HC alone at long leads, with valuable predictive skill at leads of 10-20 months in
winter and spring, consistently with that of U10 alone.

Overall, the above analysis shows that the most considerable skill (>0.95) is found at short lead times (up to
4 months) and is essentially present throughout the year while also independent of the combination of chosen
predictors, in agreement with other findings (Liu et al., 2022; Tang et al., 2018). At longer leads (>11 months),
both SST and U10 in combination and separately provide considerable skill. The enhanced predictive skill at lead
times between 11 and 21 months by using Ul0 warrants further investigations on its nature and origin
(Section 3.2).

3.2. Origin of the Long-Lead Predictability Skill

While the CNN model runs analyzed in Section 3.1 used variables over DO, sensitivity tests were run to identify
the region generating the long-lead predictive signal pointed out above, with the main results shown in Figure 2.
This also provides insights into the underpinning mechanism (see also Section 3.3).

The all-season correlation skill for SST in the tropical Indo-Pacific region (D1) is almost identical to that in DO,
with, for example, useful skill for up to nearly 16 months in advance as in Figure 1a. The only minor difference is
the slight skill decrease at leads 6—11 months for D1. Physically, this indicates an overall negligible contribution
of extra-tropical SST to the ENSO predictive skill, which results in more computationally efficient tests given the
smaller domain of the predictor. The seasonal distribution of the skill confirms the similarity between the near-
global and tropical-only SST tests, with the slight degradation in D1 attributable to ENSO predictions for winter
and spring. Keeping the influence of SSTs over the 10 and western Pacific only (D2) further reduces the skill by a
relatively contained amount in the all-season skill at 1-9 months leads, with a mostly uniform decrease in all
seasons. At long leads, there is a minor loss of predictability in late spring. Despite this further decrease, D2
captures the main features of the long-lead skill in DO, further highlighting the critical role of the western Pacific
for long-lead ENSO predictions.
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(a) All season correlation skills for Nino3.4 (1980-2014)
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Figure 2. ENSO correlation skill in the CNN model for predictors over target areas (see Figure S1 in Supporting Information S1). (a) The all-season correlation skill of
the three-month-moving-average Nifio3.4 index as a function of the forecast lead month. The different colors are associated with a different set of predictors and areas
namely, Global (D1 = 50°-290°E, 30°S-30°N); Tropical Indo Pacific (D2 = 65°-185°E, 50°S-40°N); Western Tropical Pacific (D3 = 50°-~130°E, 50°S-20°N): SST
D1 (orange), U10 D1 (steel blue), SST D2 (navy), U10 D2 (red), SST D3 (green), U10 D3 (light blue). (b—g): The correlation skill of the Nino3.4 index for each of the 3-
month seasons centered on each calendar month for the same experiments as in (a). Hatching in (b)—(g) highlights the forecasts with correlation skill exceeding 0.5 and
colorbar is the same as in Figure 1.

Sensitivity tests to the region of prescribed U10 display variations from the near-global simulation similar to those
identified in the corresponding SST tests. The seasonal and all-season skills for D1 are essentially identical to
those for DO, with no significant loss by restricting the domain to the tropics. The only exception is a slight
degradation at 3—10 months lead time when targeting winter and early spring ENSO, possibly due to an influence
of the extratropics. This behavior is more pronounced in D2, with a noticeable drop in the medium-term skill (5—
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-23

14 months ahead) during winter and spring. Yet, D2 still preserves significant
skill in spring between 11 and 19 months ahead. We will return to this point
later.

The weakest predictive skill—under 0.5 from lead 5 onwards—is associated

-21

with predictors in the IO (D3). Both the all-seasons and the seasonal corre-
lation skills show few values above 0.5 beyond an 8-month lead time, with
even a very poor skill in short-term predictions (up to 1 year in advance) for
late summer and fall ENSO. One possible explanation for the overall poor

-19

ENSO predictive skill when using IO SST and U10 as predictors could be
linked to the complex IOD pattern and its relationship to ENSO (Polonsky &
Torbinsky, 2021), with a possible cancellation between the two action cen-
ters. Figures S2f and S2g in Supporting Information S1 show a complete lack

2 88 s 8 28 5 B 28 3 8 &

-17
8

of predictive skill in the fall season (starting with August—October), while the
skill is resumed for more than 3 months in January—March. Conversely,
Polonsky and Torbinsky (2021) found a significant (0.55) skill when the IOD
precedes ENSO in the boreal autumn.

-15

It is worth noticing that despite no predictive long-lead (10-15 months) skill
with IO SST, the skill with U10 for March—-May and April-June ENSO ex-
ceeds 0.5 (Figure 2g). To further investigate this issue and the possible
cancellation between signals in the different IO sub-basins, two additional

-13

simulations were run by using SST and U10 over either the western or eastern
10 (IODW and IODE, respectively; Figure S2 in Supporting Information S1).
U10 in IODE displays the largest skill, even outperforming U10 in D3,
particularly for the 10-17-month lead for spring ENSO. No such skill is

-1

g 2 % 28 5 8 8% g § 2§

present in SST. Noticeable are also the areas of negative skill and the out-of-
phase relationship between the western and eastern sub-basins, possibly
hinting at their reciprocal influence. Such a link is suggested by the similarity
in the seasonal correlation skill patterns between SST in [IODW and U10 in

40E 60E 80E

=05 -0.4 -03-025-02-0.15-0.1 0.1 0.15 02 025 03 04 05

100 120 140E 160E 150 160W 140W 120W 100W BOW IODE, which leads to similar variations in the all-season skill with the lead

month (despite the lower skill in IODW SST).

Figure 3. Regressions of monthly SST (shades) onto the March-April-May 3.3. Mechanism in Observations
(MAM) Nifi03.4 index. Hatching marks regions where the correlation

between SST and the Nifio3.4 index exceeds the 95% confidence level. The One may wonder whether the long-lead signal and, in particular, the potential
red contours indicate regions where the correlation between monthly U10 of near-surface winds to be used as predictors for ENSO for 11-21 months in
and the Nifio3.4 index exceeds the 95% confidence level. Regressions/ advance finds support in observations. This is important to ascertain whether

correlations are displayed at different lead times, namely from (top)
t = —23 months to (bottom) # = —11 months ahead of the ENSO peak.

the CNN-based ENSO predictions are rooted in physically plausible pre-
cursors. We thus carry out a seasonal regression/correlation analysis of U10,
SST, and HC on the Nifio3.4 index. For brevity, only anomalies regressed on
ENSO during MAM (Figure 3) are shown, as one of the largest increases in the long-lead predictive skill in the
CNN model occurs in this season (cfr. Figures 1 and 2).

About 23 months before the ENSO peak, a cold SST anomaly is present over the western equatorial 10, with
significant values south of the equator (Figure S3a in Supporting Information S1). Weak and insignificant U10
and HC anomalies are found across the basin (Figure S3 in Supporting Information S1). Widespread cooling and
anomalous easterlies exist over the central and eastern equatorial Pacific, surrounded by weaker sub-tropical
warming (likely a residual of a previous La Nifia). In the following months, the cold surface anomaly remains
approximately constant in magnitude but extends northward across the Arabian Sea and then over the northern
Bay of Bengal (the latter cooling likely associated with enhanced wind-induced evaporation), while no significant
signal is seen in HC. This agrees with the CNN model’s failure to identify much predictive skill when the HC is
used as a predictor. Correspondingly, significant anomalous westerlies appear over the eastern equatorial 10 from
lead 21, which progressively strengthen and extend over the central and northern Indian Ocean until lead 17.

The regional wind anomalies (Figure S3b in Supporting Information S1) can be interpreted as the near-surface
branch of a regional, zonal anomalous circulation cell induced by anomalous cooling and subsidence to the
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west, with corresponding relatively warmer SST and ascent over the Eastern basin. As the westerlies over the IO
increase, anomalous easterlies, stretching from the central basin, appear over the western equatorial Pacific. As
shown in the wind patterns (Figure S3b in Supporting Information S1), this leads to low tropospheric conver-
gence, thus contributing to the anomalous ascent and convection over Indonesia. In the ocean, the strengthening
easterlies lead to significantly increased HC over the western Pacific. From lead 19, the easterly anomaly over the
western equatorial Pacific starts migrating eastward, weakening and contracting in the zonal direction, while,
simultaneously, the westerlies, previously confined to the 10, also move eastward and north-eastward across the
Maritime continent and the western Pacific. The anomalous westerlies and cold SST anomalies in the IO weaken
at lead 16, with muted signals by lead 12. In the Pacific, westerlies extend from Indonesia to the dateline at lead
14. Warm SST and HC anomalies increase and propagate north-westward and then spread equatorward by lead
12. This is followed by a rapid increase of westerly winds and SST over the eastern equatorial Pacific (via
Bjerknes feedback), leading to the strong development of an ENSO event.

4. Discussion and Conclusions

This work sought to quantify the long-term predictability skill for ENSO using ML, to identify the relative
contribution of different representative variables and geographical regions to the overall skill, and to provide
insights into the underlying mechanism, particularly the role of near-surface zonal wind anomalies.

We find that skillful ENSO predictions for up to 17 months in advance in the all-season correlation skill can be
achieved by using SST only as a predictor, with no need to include, for example, HC.

Compared to dynamical models, the predictability skill associated with SST is particularly marked for ENSO
during late spring to early winter, with notable improvements across the SPB. The SST-only skill extends to long
leads (>1.5 years) for ENSO from early winter to summer, when it approaches 23 months in advance. In contrast,
predictions based on HC alone have useful all-season skills limited to only about 12 months. The most significant
SST skill is associated with the tropical Indo-Pacific region, with either extratropical or Atlantic SST possibly
contributing to the skill for winter and early spring predictions (>7 months ahead). SST represents the primary
source of ENSO predictability. While U10 does not increase the skill when associated with SST, it can alone
provide seasonal long-lead skill comparable to that of SST when targeting seasons from late fall to late spring and
between 11 and 21 months in advance. In particular, a source of long-lead predictability skill for ENSO during
spring and early summer (when dynamical models generally have the lowest skill) is associated with U10 in the
IO. Using linear correlation/regression analysis, we suggest the skill to be mechanistically linked to preceding
SST anomalies over the western IO and subsequent eastward propagation of the signal via wind anomalies.

A long-lead skillful prediction of ENSO has also been documented in other observationally based studies. For
example, using a simple bilinear regression model with the IOD index and the equatorial Pacific warm water
volume, Izumo et al. (2010) showed the IOD to be an efficient predictor of Nifio3.4 up to 14 months before its
peak. Using a composite analysis, Wieners et al. (2019) found prior independent information on ENSO in the
western IO up to 15 months ahead, consistent with the results above. Interestingly, the ML predictive skill de-
creases markedly when using SST or winds limited to the IO or even including the western margin of the Maritime
Continent, but is high when including the western Pacific. This would point to the critical role of atmospheric
processes across Indonesia for ENSO predictions (the “atmospheric bridge”) and the strong coupling between the
Indian and Pacific oceans.

We do not find evidence for ocean dynamics in the IO (i.e., HC anomalies) to play a significant active role in the
11-21-month lead ENSO predictive skill as the oceanic signal is rather shallow and does not have longer memory
than the SST. This suggests antecedent SST anomalies to be driven by atmospheric circulation changes (e.g.,
Wieners et al., 2019).

Also, in contrast to Ham et al. (2019), we show that the predictive skill can be obtained by using a single variable
as a predictor (SST). This can be explained by recognizing that ENSO is a coupled atmospheric-ocean phe-
nomenon; since the image recognition algorithm we are using has no intrinsic knowledge of the physics, it will
“learn” similar information from either of the two coupled components—atmosphere or/and ocean. This hints at
the enormous potential of using such methodologies in climate prediction, including the reduced computational
costs compared to the coupled dynamical models, yet also highlights the need to combine such methods with a
physical and mechanistic understanding.
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This link between ENSO and antecedent (>1 year in advance) winds and SST anomalies in the IO has been
recently suggested, with some studies pointing toward a link with the IOD (e.g., Chen et al., 2021; Izumo
etal., 2010). While we do not investigate whether the remote 10 wind anomaly originates/is linked to the previous
ENSO (e.g., Zhang et al., 2021), the IOD, or their interplay, the results shown here allow us to isolate its
contribution and usefulness for long-lead ENSO predictions. While previous studies suggest the need for im-
provements in the IO's observing system, we show that better model-based simulations of the zonal wind will
benefit long-lead ENSO forecasts.

Although this study takes advantage of a large sample of data given by the CMIP5 experiments, the results will
need to be confirmed by using, for example, the more recent CMIP6 models and the Single Model Initial-
condition Large Ensembles (SMILEs, Deser et al., 2020). An interesting follow-up study would investigate
the sensitivity of the results to the choice of the number of models, including accounting for inter-model de-
pendencies (e.g., Boe’ 2018), as well as to the domain and spatial resolution of the input data.
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