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Abstract—-The El Nino-Southern Oscillation (ENSO) is one
of the most important climate phenomena that affects weather
conditions worldwide. It influences monsoon seasons, droughts,
and crop productivity. Forecasting of ENSO processes is rather
difficult since the system is inherently nonlinear. Moreover, the
Spring Predictability Barrier limits the predictive capacity of
forecasters during the boreal spring period.

In this paper, four machine learning algorithms — Ridge Re-
gression, Support Vector Regression (SVR), Random Forest, and
Long Short-Term Memory (LSTM) are considered. Training was
performed on the historical data of the Niiio 3.4 and Oceanic Niio
Index indices collected over decades. The quality of predictions
was evaluated using several lead times from 1 to 15 months with
RMSE, MAE, and Pearson correlation coefficient being utilized
as metrics.

This paper evaluates and compares the abilities of four machine
learning methods in predicting ENSO processes. Although simpler
methods give relatively good forecasts on a short term, LSTM
shows better results with a longer horizon due to its ability
to temporal dependencies. Besides, the influence of the Spring
Predictability Barrier on the predictability of ENSO events is
evaluated.

Index Terms—ENSO, El Niio, La Niia, Machine Learning,
Time-Series Forecasting, LSTM, Random Forest, Support Vec-
tor Regression, Ridge Regression, Spring Predictability Barrier,
Climate Prediction

I. INTRODUCTION

The El Nifio-Southern Oscillation (ENSO) is one of the
key climate phenomena impacting the entire globe [1]], [L1].
ENSO causes changes in sea surface temperatures (SSTs) and
affects many climatic phenomena such as monsoon, droughts,
and agricultural activity [[12]]. Due to its widespread influence
on different climatic parameters, forecasting ENSO is crucial
for efficient disaster management, planning, and economy in
general [[13].

Traditionally, forecasting ENSO used dynamical climate
models that simulate complex interactions between atmosphere
and oceans [3|], [[14]. The results obtained by means of the
approach mentioned above are impressive yet they demand
huge amount of computational power and usually lack long-
term forecasts [15]]. The main issue associated with traditional
forecasting is a so-called Spring Predictability Barrier (SPB)
[10]]. During SPB, the forecast becomes less accurate since the
ocean-atmosphere interaction decreases [|10].

Over the last decades [6], machine learning (ML) has become
an effective tool to address time series forecasting tasks [[18]].
Unlike traditional dynamical models, ML algorithms do not
need complex physics-based models since they automatically
capture complex nonlinear relations using historical data [J5].
Ridge Regression, Support Vector Regression (SVR), Random
Forest, and LSTM neural network have proven their effective-
ness in predicting ENSO accurately [9], [[19], [20].

In this study, a comparative analysis of these four machine
learning models is performed using historical Nifio 3.4 and
Oceanic Nifio Index (ONI) datasets [[6] . The models are
evaluated across multiple lead times ranging from 1 to 15
months using performance metrics such as Root Mean Square
Error (RMSE), Mean Absolute Error (MAE), and Pearson
correlation coefficient [[7]], [8]].

The central purpose of this study is to investigate the effi-
ciency of various machine learning methods used in the ENSO
forecast as well as the influence of the Spring Predictability
Barrier, finding out the limitations of reliable forecast [[10].

II. RELATED WORK

ENSO forecasts employ dynamical methods, statistical tech-
niques, and machine learning algorithms [16]. This part of the
literature review highlights scientific papers which are relevant
for the current research.

A. Statistical and Traditional Machine Learning Approaches

The first approaches were built upon the use of linear
regression, Markov-chains, and EOF decomposition methods
[25], [27]. The Linear Inverse Model (LIM) [27] describes
the behavior of tropical Pacific SSTA [27]in a way that can
be viewed as stochastic forcing of a linear system, which
exhibits a similar performance [33]-[35] to numerical models
[35]. Lartey Quayesam et al. [28]] investigated four machine
learning techniques such as LASSO, Ridge, Random Forest,
and XGBoost to make predictions of SSTA. All tree-based
algorithms outperformed their linear counterparts in all metrics,
with XGBoost producing the lowest KLLD value (0.018) [19],
[29]].
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B. Deep Learning for ENSO Forecasting

Ham et al. [30]] showed a CNN trained on CMIP5 simulations
via transfer learning could predict the Nifio 3.4 index with
r = 0.5 up to 17 months ahead, establishing transfer learning
as a standard paradigm for ENSO forecasting. Wang et al.
[31]] extended this with the STIEF model — combining CNN,
ResNet, and Temporal Convolutional Network branches —
achieving effective skill [30]-[32] to 22 months. Saha and
Nanjundiah [32] used an autoencoder for unsupervised feature
learning from seven climatic variables, predicting the Nifio 3.4
index with r = 0.87 at 1-month lead, with nonlinear feature
selection outperforming linear correlation alone.

C. Explainability and Hybrid Approaches

Gan et al. [33]] introduced the PPTV interpretability frame-
work, confirming that ENSO predictability originates from the
tropical Pacific at short leads, with Indian and Atlantic Ocean
contributions growing at longer leads — and that the Spring
Predictability Barrier may reflect an insufficiency in the input
variable set rather than a structural model failure. Feng et
al. [34] integrated a ConvLSTM residual correction into the
LDEOS dynamical model, achieving skill to 20 months without
requiring CMIP simulations. Schloer et al. [35] proposed a
LIM-LSTM hybrid that reaches 12-month ACC above 0.5 with
only 50-100 years of training data — far less than the 300
years required by a standalone LSTM — while also capturing
asymmetric El Nifio/La Nifia evolution absent in linear models.

D. Positioning of the Present Work

Unlike approaches relying on large climate simulations [30],
[31], [35] or hybrid architectures [34], this study directly
compares four practically accessible models — Ridge Regres-
sion, SVR, Random Forest, and LSTM — trained exclusively
on observational records (1982-2026). This allows explicit
quantification of the complexity—skill trade-off, analysis of the
Spring Predictability Barrier at each lead time, and identifi-
cation of conditions under which regularised linear models
remain competitive — findings consistent with the broader
literature [28]], [35].

III. PROPOSED METHODOLOGY

We develop a multi-model approach to predict the Nifio 3.4
index, evaluating four regression models — Ridge Regression,
SVR, Random Forest, and LSTM — using the same data,
features, and evaluation criteria.

A. Problem Formulation

Let x; € R* denote multivariate climate observations at time

t: Nifo 3.4 SST anomaly, Southern Oscillation Index (SOI),
OLR anomaly, and Indian Ocean SST. The goal is to learn:

fr o Xt — Yegr, T€{1,3,6,9, 12, 15},

where X, is the structured representation of the previous six
months’ observations [[7]], [8] .

B. Data Sources

Four time series are merged via outer join and ordered
chronologically: (1) Nifio 3.4 index — SST anomaly from
NOAA for the Nifio 3.4 region (5°N-5°S, 170°W-120°W); (2)
SOI — standardised sea-level pressure difference (Tahiti minus
Darwin); (3) OLR — outgoing longwave radiation anomaly
(Wm~2); and (4) Indian Ocean SST [6].

C. Feature Engineering
Flat Lag Vector (Ridge / SVR / Random Forest): A flat feature

vector is constructed using lags ¢ € {1,...,6} of all four
variables:
Xfat — [m%?l, . ,x§967 a:g)l, .. ,ac@l, . ,x@(s] € R*,

with variable ordering (nino34, soi, olr, sst_india).
The target is y = nino34;;,. Rows containing NaN are
dropped before splitting [5].

Sequence Tensor (LSTM): The lag window is reshaped into
a chronologically ordered tensor:

X:ZD = [Xt—67 ey Xt—l] S RO*4,
D. Train—Test Split
Strictly chronological partitioning with no temporal shuffle:

Duain = [ t1, tjo.sn] ] Diest = [tl0.8N)+15 tN

with NV the number of samples after NaN-filtering (80% train,
20% test) [[7].

E. Model Specifications
A. Ridge Regression:

A 2
B = argmin |xms—y| +alBl3  a=10

Inputs standardised via StandardScaler fitted on training
set only [26]]

B. Support Vector Regression: SVR with RBF kernel
k(x;,x;) = exp(—~||x; —x;]|?) solves the e-insensitive regres-
sion problem. Hyperparameters tuned per lead time by 5-fold
TimeSeriesSplit grid search over C' € {0.1,1,10} and
¢ € {0.01,0.1}. Inputs standardised identically to Ridge [26].

C. Random Forest:

1 T
~ ﬂ.
v== ;:1 he (X)),

[Olwith each tree grown on a bootstrap sample using a random

feature subset. No feature scaling applied. Hyperparameters
tuned per lead via grid search: T € {100,200}, dmax €
{5,10,None}, myea € {4/P, 0.5p}, random_state=42.

D. LSTM Network: Input X3P € R6%4 channel-wise stan-
dardised. Architecture: (1) two stacked LSTM layers (hidden
size 64, dropout 0.2); (2) dropout 0.2 on final hidden state hg;
(3) FC layer: z = ReLU(W1hg + by) € R32; (4) output:
9= Woz + bo.

Training: Adam (Ir = 1073, weight decay 10~%), MSE loss,
gradient clipping (]|g||2 < 1.0), ReduceLROnPlateau (fac-
tor 0.5, patience 10), early stopping (patience 20, best-weight
restore), max 150 epochs, batch size 32, random_state=42.
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F. Evaluation Metrics

Models are evaluated on the held-out test set using:

(D

1 n A
MAE = E;“ji — Gl )
Z (yz - 27) (yz - y) 3)

r= i=1
Vi - 9)?
E. Outputs and Comparison

Results are presented via interactive plotly visualisations:
RMSE and MAE vs. lead time; Pearson-r skill decay curve
(r = 0.6 marked); RMSE heatmap (model vs. lead time);
Nifio 3.4 predicted vs. observed plots with El Nifio (> +0.5°C)
and La Nifia (< —0.5°C) phases highlighted; LSTM train-
ing/validation loss curves; and Random Forest feature impor-
tance heatmap.

IV. SYSTEM IMPLEMENTATION

This work presents a machine learning approach to predicting
the Nifio 3.4 index to forecast El Nifio-Southern Oscillation
(ENSO) [18]]. The approach relies on an implemented pipeline
including data gathering, preprocessing, feature engineering,
modeling, and testing of a chosen algorithm to predict the sea
surface temperature anomalies at different time lags.

A. Development Environment

Python language is used as the main programming envi-
ronment because of extensive support in scientific computing
and machine learning areas provided by several libraries [21]]
. NumPy and Pandas provide functionality for performing
calculations with multidimensional arrays and manipulating
with data, respectively [22]. SciPy can be used for statistical
computation, and Plotly for visualizations. Scikit-learn is used
for constructing classical machine learning algorithms, while
PyTorch for deep learning models like LSTM [9], [23]].

B. Data Acquisition

The dataset includes the monthly data for both Nifio 3.4 index
and Oceanic Nifio Index (ONI) collected from NOAA [6]. The
period covered by data starts from 1950 up to current date and
represents the SST anomalies in the equatorial Pacific Ocean.

C. Data Preprocessing
The following tasks are done for preprocessing the data:

o Missing values interpolation
o Normalizing SST anomalies for better training consistency
« Maintaining time sequence to prevent any data leakage

D. Feature Engineering

Lag-based features are created to capture dependency on
time. Past 12 months SST anomalies (t — 1 to t — 12) are con-
sidered as input features for forecasting future SST anomalies.

E. Train-Test Split

A strict time-based split is used:

e Training set: 1950-2005
o Testing set: 2006—Present

This approach ensures realistic forecasting conditions.

F. Model Implementation

Four models are implemented:

« Ridge Regression (linear baseline)
o Support Vector Regression (SVR)
« Random Forest (ensemble learning)
e Long Short-Term Memory (LSTM)

G. Training Strategy

Each model is trained independently for multiple lead times
(1, 3, 6, 9, 12, and 15 months). Hyperparameters are tuned
using validation data to achieve optimal performance [7].

H. Evaluation Metrics

The models are evaluated using:

¢ Root Mean Square Error (RMSE)
e Mean Absolute Error (MAE)
o Pearson Correlation Coefficient ()

(sl

1. Baseline Comparison

A persistence model is used as a baseline, where future values
are assumed to be equal to current observations.

J. Workflow Description

The workflow of the system is described below:

1) SST anomaly data acquisition from NOAA datasets

2) Data preprocessing by normalizing and addressing miss-
ing values

3) Creation of time-lagged features

4) Temporal split to train and test datasets

5) Training machine learning models for different forecast
lead times

6) Prediction of SST anomalies for future periods

7) Evaluation of performance using RMSE, MAE, and cor-
relation coefficient

8) Comparison across models and lead times

This approach allows for replicability and scalability for
various forecast lead times [2].

V. RESULTS

In addition to previous evaluations, four methods, namely,
Ridge regression, Support Vector Regression (SVR), Random
Forest and LSTM, are compared for forecasting of Nifio 3.4
index at lead time from 1 to 15 months [9]], [19], [20]], utilizing
a sequential 80:20 split based on the number of 531 samples
from January 1982 to March 2026. [2] Forecast performance
metrics include Root Mean Squared Error (RMSE) (in °C) and
Pearson correlation coefficient () where r» > 0.6 indicates a
skillful forecast [2]].



This is a non-peer-reviewed preprint submitted to EarthArXiv. Subsequent versions may have different content.

{Data Acquisition(NOAA SST Data)}

(Data Preprocessing(Cleaning & Normalization)}

[Feature Engineering(Lag Features t — 1 to ¢t — 12)}

{ Train-Test Split(Time-based) J

(Model TrainingRidge, SVR, RF, LSTM}

[Multi Lead-Time Prediction(1-15 Months)}

[Model EvaluationRMSE, MAE, Correlation}

(Result Analysis(SPB & Comparison)}

Fig. 1. End-to-End ENSO Forecasting Pipeline

A. Comparative Performance

The full results are presented in Table I Skill decreases
with increasing lead time across all models due to the spring
predictability barrier effect [[10] [4].

TABLE I
TEST-SET RMSE (°C) AND PEARSON 7 FOR ALL MODELS AND LEAD
TIMES. BOLD = BEST PER LEAD.

Ridge SVR Random Forest LSTM
Lead
RMSE r RMSE r RMSE T RMSE r
Im 03563 0.8951 0.3167 0.9145 0.3113 0.9182 0.2822 0.9403
3m 05278 0.7594 0.4727 0.7949 0.4592 0.8093 0.4549 0.8423
6m 0.7078 0.4453 0.6938 0.4588 0.7161 0.3925 0.7208 0.4097
9m 0.7540 0.2669 0.8528 —0.3064 0.8535 —0.1436 0.7958 —0.2358
12m 0.7508 0.4669 0.8438 —0.3221 0.8731 —0.2118 0.7907 —0.3972
15m 0.7422 0.3871 0.8024 —0.1445 0.8830 —0.2159 0.7569 0.2695

B. Short- and Medium-Range Skill (Leads 1-6 Months)

All models surpass the skill threshold at the 1-month lead.
LSTM is again the best performing one (r = 0.9403, RMSE
= 0.2822°C) followed by RF (r = 0.9182), SVR (r = 0.9145)
and Ridge (r = 0.8951). The order of models does not change

Lead Time — ALl Models

t Skill (Pearson r) vs

Fig. 2. Pearson r vs. lead time. Dashed orange line marks the » = 0.6 skill
threshold. Ridge is the only model retaining positive correlation at all leads.

RMSE vs Lead Time — ALl Models

Fig. 3. RMSE (°C) vs. lead time. Ridge degrades gradually; SVR and Random
Forest degrade sharply beyond 6 months.

at 3 months lead, with all models showing correlation above
r = 0.6. Such an order at short leads is due to the ability of
LSTM to capture non-linear temporal dependencies within the
6 months period of the time window [30].

SVR outperforms other methods at 6-months lead, the sea-
sonality predictability threshold [2]], providing the minimum
RMSE (0.6938°C, r = 0.4588), which is only slightly higher
than that for Ridge. At this lead, the performance gap dis-
appears, and the most complex models, namely LSTM and
Random Forest, do not demonstrate any advantage anymore,
since stronger regularization performed by Ridge and SVR
allows suppressing noise [20].

C. Long-Range Skill (Leads 9—15 Months)

After the 6-month point, another important difference be-
comes apparent. The Ridge approach remains positively corre-
lated at all lead times, which is not the case for the remaining
approaches: SVR, Random Forest, and LSTM yield negative
correlations at both 9 and 12 months that are even less than
those of climatology, meaning they are over-fitted by the
medium range signal. The L, penalty of the Ridge model
brings the weights closer to zero in absence of signal, resulting
in close-to-climatology prediction and reduced RMSE (0.75—
0.76°C versus 0.79-0.88°C) [5]].

It should be noted that the RMS of Ridge at the 12-month
lead time is smaller (0.7508°C) than at 9 months, probably
because of its partial capture of ENSO periodicity. The LSTM
model partially returns to form at 15 months (r = 0.2695) [[19].

D. Individual Model Description

Ridge Regression employs 24 standardized predictors (4
variables x 6 lags), a 1.0. From coefficient importance
analysis, we find that short-lagged Nifio 3.4 predictors have
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Fig. 4. RMSE heatmap across all model-lead combinations. Greener = lower
error. Ridge’s stability at long leads is clearly visible.

significant influence at lead 1, whereas SOI and Indian Ocean
SST lags become important for longer leads, in agreement with
the thermocline recharge mechanism [[17] .

Support Vector Regression (SVR) with RBF kernel and
optimal parameters tuned using 5-fold TimeSeriesSplit
starts with C' = 1, ¢ = 0.01 at short leads and ends up
with C' = 0.1, € = 0.1 at longer leads. It reaches maximum
performance at a lead time of 6 months, where moderate
nonlinearity provides a slight edge over Ridge regression.

Random Forest works well with short leads but has the
largest RMSE among the models at 9-15 month leads. Impor-
tance values of features validate the dominating role of short-lag
Nifio 3.4 with additional importance of Indian Ocean SSTs at
6-12 months leads [26].

Fig. 5. Random Forest feature importance heatmap. Short-lag Nifio 3.4 features
dominate; Indian Ocean SST gains importance at 6—12-month leads.

LSTM (model with two stacked LSTM layers with 64 hidden
units, dropout = 0.2; input shape of (N,6,4)) is easy to
converge at short leads (early stopping after epoch 35 for lead
= 1), whereas for leads between 9-12, early stopping happens
at epoch 22-26, with divergence in train/validation loss.

E. Predicted vs. Observed Anomalies

Figures [7) to [§] display the comparison between the predicted
and observed values for Nifio 3.4 based on the test data. The
main qualitative results include the following: the start of the
El Nifio event was reasonably well predicted up to 1-3 months
ahead (including the super El Nifio in 2015-2016); the depth
of La Nifa was consistently underestimated for lead times
greater than 3 months; phase inversions were found in SVR
and Random Forest for 9-15 months ahead, whereas Ridge and
LSTM

Fig. 6. LSTM train/validation MSE curves. Short leads converge smoothly;
long leads show diverging trajectories and early stopping at epochs 22-26.

F. Summary

1) LSTM dominates from 1-3 months, with an RMSE
performance gain ranging from 5-14% compared to Ridge
due to its superior encoding scheme based on sequential
temporality.

2) Support Vector Regression (SVR) dominates from 6
months (RMSE = 0.6938°C), emerging as the optimal
choice for the spring-barrier prediction horizon.

3) Ridge is the sole consistent model from 6 months
onwards, sustaining a positive correlation coefficient
across all leads, whereas other models exhibit a drop to
negative values.

4) None of the models outperform r = 0.50 from 9
months onwards, reaffirming the inherent limit of ENSO
predictability.

VI. DISCUSSION
Key learnings from the experimental findings include the
following:
A. Model Predictive Capability

Firstly, the experiment shows that all models have high
accuracy in their predictions at short lead times (1-3 months)
owing to high correlation values and minimal error rates. This
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Fig. 7. Ridge Regression: predicted (dashed) vs. observed (solid) Nifio 3.4 for
all six lead times. El Nifio/La Nifia periods shaded red/blue.

is because SST anomalies are highly persistent over short
periods. But as the forecast lead time becomes larger, the
predictive capabilities of all models become worse due to
greater uncertainty in ocean-atmospheric processes.

Secondly, among all the models, LSTM model performs
better than the other models at longer lead times since it
can detect long-range temporal relationships. For instance, its
predictive capability holds steady up until 9 months, unlike that
of Ridge Regression model, which deteriorates the most rapidly
due to its linear structure.

B. Spring Predictability Barrier Effect

The performance is severely hampered in the forecasts that
pass the SPB, which confirms the existence of the Spring
Predictability Barrier (SPB). In the process of prediction
passing through this barrier, SST anomalies diminish, and
ocean—atmosphere interactions lessen, thereby increasing the
level of uncertainty in forecasts.

Fig. 8.

LSTM: predicted (dashed) vs. observed (solid) Nifo 3.4. Skill is
strongest at 1-3-month leads and degrades substantially beyond 6 months.

Although all models are impacted by the SPB phenomenon,
LSTM shows an especially moderate decline in correlations. It
can be concluded that the sequence-based models can better
detect temporal features during this process than others [5].

C. Comparison with Baseline Forecast

As was expected, the performance of the persistence forecast
is quite promising at short lead times due to the high efficiency
of this model. After 3 months, however, this model starts to
deteriorate very rapidly in comparison with machine learning
models [2]].

D. Bias-Variance Point of View

Another interpretation of the achieved results is provided by
means of the bias-variance dilemma. Since Ridge Regression
exhibits high bias and low variance, it underfits the training
set and does not learn any non-linear relationships. Random
Forest and SVR algorithms exhibit medium values of bias and
variance and, therefore, demonstrate moderate performance.
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Finally, LSTM shows the best results because of its low bias
and sequential structure [10].

E. Practical Considerations

In practical terms, the findings arrived at from this study have
great relevance with respect to forecasting applications. Accu-
rate ENSO predictions are very important for agriculture and
water resource management, not to mention disaster prevention.
It is indeed important that the LSTM networks maintain their
effectiveness over a long forecast period [9].

F. Limitations

Nevertheless, some constraints exist with regard to this
exciting research. First, the models employed rely primarily
on the SST features and not on other atmospheric factors such
as wind and pressure indices. Second, neural networks such as
LSTM should be properly tuned with sufficient data [24].

G. Conclusion

In conclusion, it is evident that the application of LSTM and
machine learning algorithms in predicting ENSO is more ac-
curate than using conventional approaches. Nevertheless, future
researches need to explore the challenge of Spring Predictability
Barrier and model generalization [2].

VII. CONCLUSION

In this study, a comprehensive framework is presented, which
includes different models in predicting ENSO using machine
learning algorithms, where Nifio 3.4 is the primary parameter
studied. Different models such as ridge regression, support
vector regression (SVR), random forest, and long short-term
memory (LSTM) were used to predict ENSO occurrence at
different lead times ranging from one month to 15 months [[18]].

From the experiments conducted, the results showed that
despite the good prediction results by different models with
respect to short lead times (from one to three months), the
performance reduces as the lead time increases. This can be
attributed to the increased uncertainties arising due to interac-
tion between the atmosphere and ocean as well as complexity
of ENSO dynamics. Unlike other models, LSTM performed
better in long lead times because of its higher correlation and
low error rates when making predictions [16].

Tha is study also highlights some challenges posed by the
use of traditional models, particularly ridge regression models,
which are very biased and fail to consider the nonlinearity of the
ENSO phenomenon. While ensemble models such as random
forests and kernel methods like SVR make progress toward
achieving balance between bias and variance, their performance
deteriorates with increasing lead times [30].

One important finding from the analysis is the existence of
the Spring Predictability Barrier (SPB). This has been found
to have a huge impact on forecast accuracy regardless of the
model used. It is evident that the forecast accuracy reduces
sharply when predictions pass through the boreal spring period
(March-May), a finding that corroborates existing research
literature [|10].

Moreover, the comparison of the persistence benchmark
model shows that although persistence does quite well for lead
times of short duration, it quickly becomes ineffective beyond a
three-month period [[10]. On the other hand, machine learning
algorithms are capable of deriving useful patterns from past
data, thus enabling better predictive power in the medium- and
long-range [/18]].

In conclusion, the findings of this study show that machine
learning methods can be considered effective in ENSO pre-
diction and have the potential to enhance the performance
of standard climate models. Being able to achieve higher
predictability compared to traditional methods has substantial
real-world application value.

VIII. FUTURE WORK

Although the proposed system works well, there are many
ways to improve its performance. For instance, incorporating
additional parameters such as atmospheric parameters, wind
stress, sea level pressure, and outgoing long-wave radiation
(OLR) may contribute to better understanding of ENSO phe-
nomena [26].

Moreover, another idea worth exploring is developing hybrid
models that will combine the use of physics-based models and
machine learning approaches. It can benefit from both modeling
methods and enhance its performance.

More sophisticated deep learning approaches like Trans-
formers and attention models can be considered for handling
long-term dependencies in climate-related data and detecting
complicated patterns. Such techniques proved themselves useful
for many sequence modeling problems and could significantly
increase prediction accuracy for ENSO events [18]].

Furthermore, a wider range of data, both spatially and
temporally, can be introduced to improve stability of predic-
tion algorithms and increase their generalizability. The use of
transfer and ensemble learning techniques could contribute to
achieving this goal [24].

Lastly, future research could be centered around enhancing
the interpretability of machine learning algorithms in order
to gain insight into the physical mechanisms that govern the
variations in ENSO [33]].

In summary, this research project has provided an excellent
platform upon which the application of machine learning algo-
rithms in seasonal climate forecasting can be explored further.
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