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ABSTRACT

El Nifio Southern Oscillation (ENSO) events have a significant impact on the global
climate, leading to various consequences such as droughts. These events are closely intertwined
with multiple aspects of health, agriculture, and economics. Therefore, accurate forecasting of
ENSO events is crucial in mitigating their impacts. In recent literature, multiple predictor systems
(MPS) methods, including Dynamic Ensemble Selection (DES), have gained prominence due to
their ability to enhance overall forecasting accuracy. However, despite being a promising alternative,
there is a lack of studies focusing on ENSO-related time series forecasting using DES methods.
Hence, this research aims to analyze the performance of a DES method in one-step ahead forecasting
of the Oceanic Nifio Index (ONI) time series. Based on the presented results, the DES method
demonstrated superior performance compared to the alternative methods implemented in this study
across the established performance measures.
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RESUMO
A ocorréncia do El Nifio Oscilagdo Sul (ENSO) tem um impacto significativo no clima
global, resultando em diversas consequéncias, como secas. Esses eventos estdo intimamente relaci-
onados a multiplos aspectos da sadde, agricultura e economia. Portanto, a previsdo precisa desses
¢ crucial para mitigar seus impactos. Na literatura recente, sistemas de multiplos preditores (MPS),
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incluindo os métodos classficados como Dynamic Ensemble Selection (DES), ganharam destaque
devido a sua capacidade de aprimorar a precisdo geral das previsdes. No entanto, apesar de ser
uma alternativa promissora, existe uma escassez de estudos que se concentrem na previsao de séries
temporais relacionadas ao ENSO usando métodos DES. Portanto, esta pesquisa tem como obje-
tivo analisar o desempenho de um método DES na previsdo um passo a frente da série temporal
do Oceanic Nifio Index (ONI). Com base nos resultados apresentados, o método DES demonstrou
um desempenho superior em comparacdo aos métodos alternativos implementados, considerando
as medidas de desempenho estabelecidas.

PALAVRAS CHAVE. Selecao dinamica. Sistemas de miltiplos preditores. Diststancia Eucli-
diana. ENSO.
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1. Introduction

El Nifo Southern Oscillation (ENSO) arises from an intense mutual interaction between
the ocean and atmosphere in tropical region of the Pacific Ocean and tends to occur every three
to five years [Philander, 1989; Wang et al., 2021]. Specifically, a ENSO event occurs when the
3-month running mean of sea surface temperature (SST) anomalies in the Nifio 3.4 region, known
as Oceanic Nifio Index (ONI), is above (below) the threshold of +0.5°C (-0.5°C) for at least 5
consecutive months [Huang et al., 2017; Mu et al., 2019; NOAA, 2023]. A warm ENSO period is
commonly known as El Nifio, while a cold period is known as La Nifia.

ENSO events can have a significant impact on climate around the world, ranging from
droughts [Vicente-Serrano et al., 2011, 2017] to floods [Yan et al., 2020; Saghafian et al., 2017].
Besides, there are studies that assess the impact of ENSO on health [Kovats et al., 2003; Pramanik
et al., 2020], agriculture [Li et al., 2020], and economics [Generoso et al., 2020; Atems e Sardar,
2021]. Hence, as described by Wang et al. [2021], accurate prediction of ENSO events can aid in
reducing their impacts.

There are four commonly employed ENSO forecast strategies: dynamical models, clas-
sical statistical methods, hybrid dynamical-statistical models, and machine learning (ML) methods
[Wang et al., 2021]. Dynamical models are constructed by formulating mathematical equations ba-
sed on the laws of physics to effectively represent the interaction between the ocean and atmosphere
[Stockdale et al., 2011]. In contrast, statistical models employ datasets of ENSO-related indixes,
such as ONI, to develop predictive models. In this case, the time series resulting from these models
can help in understanding the future behavior of ENSO [Alexander et al., 2008]. In turn, the hybrid
dynamical-statistical models combine both previously mentioned strategies [Zhang et al., 2017].

Lastly, ML methods have emerged as prominent approaches in recent years. In these ca-
ses, ENSO-related time series can be modeled in order to predict sequential future values [Wang
et al., 2021; Lins et al., 2013; Mattos Neto et al., 2022]. The most common ML approach involves
a single method (e.g., such as support vector regressor - SVR [Lins et al., 2013], artificial neural
networks - ANN [Dijkstra et al., 2019]) to predict a specific time series. Otherwise, multiple pre-
dictor systems (MPS) methods have gained prominence in the literature once improve the overall
forecasting accuracy [Wang et al., 2021; Mattos Neto et al., 2022; Mu et al., 2019].

Furthermore, Dynamic Ensemble Selection (DES) approaches can be considered as a spe-
cific instance MPS, where each individual model specializes in capturing a specific pattern within
the time series data [Silva et al., 2021]. Thus, instead of combining all trained models, DES methods
dynamically select the n models that specialize in a given test pattern to be predicted [Yao et al.,
2019]. This forecasting alternative is useful for forecasting real-world time series once adapts the
ensemble by selecting the most suitable models to each test pattern. However, despite being a pro-
mising alternative, no studies have been identified involving the forecasting of time series associated
with ENSO using DES methods.

Given the aforementioned context, this paper aims to analyze the performance of a DES
method in forecasting (one-step ahead) the time series of the ONI index. The paper is structured as
follows: Section 2 presents a literature review. Subsequently, Section 3 describes the experimental
protocol conducted in this study. Section 4 presents the results and discussion of each implemented
model and compares them with the DES approach. Finally, Section 5 concludes with the final
remarks of this paper.

2. Literature review
Initially, this session presents the classical and ML models used to forecasting time series.
Following, the DES methods are also discussed.
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2.1. Classical models

The Autoregressive Integrated Moving Average (ARIMA) model predicts the value of a
time series as a linear combination of its past values and previous model residuals. The ARIMA
(p,d, q) is a combination of the Autoregressive (AR), Moving Averages (MA) models, and a stati-
onarity step, in which p denotes the numbers of autoregressive terms, d is the number of times that
the series must be differentiated until becoming nearly stationary, and g implies the number of mo-
ving average terms [Cryer e Chan, 2008]. Given a time series {Z; : 1 < ¢ < n}, mathematically
the ARIMA (p, d, q) model is written as:

¢(B)(1 — B)'z = 6(B)e, (1)

in which ¢ represents the time index, z; is the value of the time series observation at time ¢, B is
the backshift operator, such that Bz; = 2;_1, and &, is a series of random shocks. In equation 1,
¢(B) is the autoregressive operator, represented as a polynomial in the backshift operator B, which
is defined as:

¢(B)=1—¢B = --- = ¢B° 2)

and 6(B) is the moving-average operator, represented as a polynomial in the backshift operator B,
which is defined as:

§(B)=1— 6B — --- — ,B9 3)

In turn, the Exponential Smoothing (ETS) formalism assigns exponentially decreasing
weights to the previous time series values as the observation becomes old, i.e. recent observations
might receive relatively greater weight in the forecast than older ones [Gardner Jr, 2006]. Smoothing
models are based on assumptions that time series are constructed from unobserved components such
as level, trend, and seasonal effects. These components must be adjusted over time to follow the
demand pattern [Wu et al., 2016]. The acronym ETS refers to both Exponential Smoothing and
the components of Error (E), Trend (T), and Seasonality (S), which define a model within the ETS
family.

The state space model is a more sophisticated stochastic concept than the exponential
smoothing method. Every exponential smoothing method corresponds to two possible state space
models, one with additive errors and the other with multiplicative errors. Since there are 15 expo-
nential smoothing methods, 30 state space models are deduced accordingly. Then a linear innovati-
ons state space model can be written as

yr = w'mi_1 + & 4

in which
xy = Fay_1 + gey (5)

where ¢; is a white noise series and F', g, and w are coefficients. Equation 4 is known as the
measurement (or observation) equation; it describes the relationship between the unobserved states
x¢—1 and the observation y;. Equation 5 is known as the transition (or state) equation; it describes
the evolution of the states over time.
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2.2. ML models

In time series forecasting problems, SVR and ANN are prominent and commonly used
methods. Specifically, the Multilayer Perceptron (MLP) [Haykin e Network, 2004], Extreme Lear-
ning Machines (ELM) [Huang et al., 2006], and Long Short-Term Memory (LSTM) [Greff et al.,
2016] networks are renowned ANN architectures. Within this class of models, it is necessary to
perform a preprocessing step to transform the time series into a dataset that can be read and mode-
led. Common preprocessing steps include: (i) splitting the data into training, validation, and testing
sets; (ii) normalizing or standardizing the data; and (iii) applying time windowing to the time series
[Silva et al., 2021].

2.3. Dynamic selection approaches

In the context of time series, MPS has caught the attention of researchers due to the
promising results that have been presented in recent years [Mattos Neto et al., 2022]. Commonly,
the implementation of a MPS considers three main stages: Generation, Selection, and Integration
(also known as Combination) [Yao et al., 2019; Silva et al., 2021]. Initially, in the Generation phase,
a pool of models is trained based on a the training dataset. The pool is defined as homogeneous if
only models of the same formalism are used. On the other hand, if different formalisms are used,
the pool is classified as heterogeneous. It is known that diverse and accurate pools built with models
that capture different patterns tend to positively affect the quality of MPS forecasts.

Secondly, in the Selection phase, one or more models are selected based on a specific
criterion. The selection can occur during model training (offline), meaning that some strategy is
used to select the best models at the moment they are being trained. It is important to note that the
selection strategy adopted is closely associated with the computational cost of the MPS [Silva et al.,
2020]. Finally, in the Integration phase, the predictions are made based on the previously selected
models and using some method of combination.

In this scenario, instead of using the same model for making predictions, dynamic selec-
tion approaches aim to select the best models for each new test pattern [Yao et al., 2019; Yankov
et al., 2006; Widodo e Budi, 2011]. Nonetheless, the dynamic selection of the best models is a
complex task once there is no well-established criterion on how to execute it [Widodo e Budi, 2011;
Silva et al., 2021].

The DES proposed in this paper, named herein as Dynamic Ensemble Selection by Lo-
cal Accuracy (DES-LA), is based on Silva et al. [2021]. Dynamic selection approaches assumes
that the most suitable models to forecast the future value z;41, given its time window (w; =
Zty Z¢—1,2t—2," "+ , Zt—n—1) With n lags, is the models with the best performances in the neigh-
borhood of w;. Here, the performance of the models are calculated based on the Root Mean Square
Error (RMSE, Eq. 6). Thus, this neighborhood, the Region of Competence (RoC), is composed
of k time windows from the validation set most similar to w;. The use of the Euclidean distance
as similarity measure to create the RoC is a well-known strategy [Silva et al., 2020]. Finally, the
best m models are combined based on combination method (e.g. average, median or mode). The
parameters k, m and combination method can be selected based on a search strategy.

3. Experimental protocol

Initially, the ONI time series was obtained from the National Oceanic Atmospheric Ad-
ministration website [NOAA, 2023]. It has 879 monthly observations ranging from March 1950 to
May 2023. Next, in the preprocessing phase, the data was divided into training, validation, and test
sets considering the proportions of 50%, 25%, and 25%, respectively [Silva et al., 2021]. Subse-
quently, the sets were normalized to the interval [0.1; 0.9] based on the minimum and maximum
values from the training and validation sets [Mattos Neto et al., 2022]. Furthermore, the sliding
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window algorithm [Suresh et al., 2020] was applied to convert the data from the time series format
to a table, enabling the training of the ML models. In this case, the lag size was estimated based on
the partial autocorrelation function (PACF) [Mattos Neto et al., 2022].

Following, regarding the training phase of the single models, the classical forecasting ap-
proaches, ARIMA and ETS, were trained without a validation phase (the parameters were estimated
based on the concatenation of the training and validation sets). In these cases, the Forecast R
package [Hyndman et al., 2020] was applied. In turn, the parameters of the ML models (SVR, ELM,
MLP, and LSTM) were estimated through the execution of the grid search algorithm [Alsharef et al.,
2022]. The grid parameters used to train SVR, MLP, and LSTM models are based on Oliveira et al.
[2021], and the R packages are, respectively, e1 071 [Meyer et al., 2023], and tensorflow [Fal-
bel et al., 2022]. In the case of the ELM model, the parameters used were based on Castillo-Botén
et al. [2020] and the R package was e ImNNRcpp [Mouselimis et al., 2022].

In order to increase the number of single models to be combined, it was decided to ge-
nerate 160 ELM models from different parameters combinations. Therefore, there is a pool cons-
tructed by considering different models (heterogeneous pool). This alternative was developed with
the aim of increasing the number of patterns to be identified by the single models. As a result, the
combined models tend to exhibit better performance.

Regarding the ensemble methods applied in the pool, first, two ‘non-parametric’ appro-
aches were developed: ensemble based on simple average (eSA) and ensemble based on median
(eSM). Thus, the DES-LA was applied. Its parameters were selected based a grid search (k, n,
ensemble method).

Tabela 1: Grid search parameters by model for studying ENSO time series.

Model Parameters Values
Kernel Radial, Sigmoid
Gamma 1, 0.1, 0.001, 0.001
SVR [Oliveira et al., 2021] Cost 0.1, 1, 10, 100, 1000, 10000
Epsilon 0.1, 0.01, 0.001
Tolerance 0.001
Activation function ReLU, Sigmoid, Radial
ELM [Castillo—Botén et al., 2020] Units in hidden layer 50. 75
Activation function Sigmoid
MLP [Oliveira et al., 2021] Units in hidden layer 2,5, 10, 15, 20
Algorithm Adam
Units in hidden layer 2,5,10,15,20
LSTM [Oliveira et al., 2021] Algorithm Adam
k 20, 30, 40
m 1,5, 10, 15, 20, 25
DES-LA Combination method Median, Mean, Mode
Distance Euclidean

Four well-know performance measures were used to evaluate single and ensemble models:
Root Mean Square Error (RMSE), Mean Absolute Error (MAE), Mean Absolute Percentage Error,
and Theil’s U (Equations 6, 7, 8, and 9). In which, z; is the value of the time series at ¢, Z; is the
respective forecast, and [V is the number of samples taken into account.
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These performance measures make easier to evaluate the models across multiple aspects.
RMSE and MAE provide error measures in the same unit as the time series, thus aiding in their
interpretability. In turn, Theil’s U compares the models with a naive model. If Theil’s U < 1
(Theil’s U > 1), the models is better (worse) than naive predictor.

Lastly, the Diebold-Mariano (DM) statistical test was conducted on the residuals of the
models to determine whether there are significant statistical differences between the performance
of DES and alternative approaches. The null hypothesis of the DM test states that both models
have similar prediction performances. Conversely, the alternative hypothesis suggests that there is
a difference in the forecasting performance between the models. A significance level of 5% was
employed.

All experiments were conducted considering one-step ahead forecasts.

4. Results and discussion
Table 2 presents the selected parameters, taking into account the training phase for the

classical models (ARIMA and ETS), and the training/validation phase for the ML models (ELM,
SVR, MLP, and LSTM). It can be observed that the classical models were not able to predict se-
asonality. In the case of ARIMA, the model only takes into account the last three observations to
make its forecasts. In the case of ETS, only additive error and trend are considered. Further, ML
models also did not capture seasonality. In these cases, the lag parameter was estimated based on
the PACEF, and its value was determined to be 5. In the case of DES-LA, the selected parameters
indicate that the method considers a region of competence built with the 30 most similar instances
to the test pattern, and the forecast will be based on the median combination of the 15 best models.

)

Tabela 2: Selected parameters taking into account the training phase (ARIMA and ETS) or training and
validation (ELM, SVR, MLP, and LSTM) for forecasting ENSO time series. Lag parameter was selected

based on the PACF.
Model Selected parameters
ARIMA ARIMA(3,0,0)
ETS ETS(A,AN)
ELM Lag=5, Activation function=Sig, Units in hidden layer=75
SVR Lag=5, Kernel=Radial, Gamma=0.001, Cost=1000, Epsilon=0.001, Tolerance=0.001
MLP Lag=5, Activation function=Sigmoid, Units in hidden layer=2, Algorithm=Adam
LSTM Lag=5, Units in hidden layer=5, Algorithm=Adam
DES-LA k=30, n=15, Combination method=Median
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Tabela 3: Performance measures for single and ensemble models when forecasting ENSO time series.
Highlighted values indicate better performance.

Model RMSE MAE MAPE Theil’'sU
ARIMA 0.1200 0.0983 26.66 0.3431
ETS 0.1348 0.1082  28.23 0.4325
ELM 0.1235 0.1005 27.28 0.3624
SVR 0.1221 0.0996 27.21 0.3544
MLP 0.1228 0.0985 25.89 0.3594
LSTM  0.1223 0.1011 27.67 0.3554
eSA 0.1108 0.0903 25.40 0.2920
eSM 0.1126  0.0921 25.96 0.3014
DES-LA 0.1086 0.0874 24.65 0.2805

Table 3 presents the RMSE, MAE, MAPE, and Theils’ U values to single and ensemble
methods. The ARIMA model was the best among the single alternatives regarding RMSE, MAE,
and Theil’s U. On the other hand, the MLP model was the best among the single ones regarding
MAPE. The ETS model had the worst performance across all analyzed measures. Furthermore,
across all alternatives, the DES-LA method consistently achieved superior results in all the per-
formance measures used. However, it should be noted that the other ensemble models (eSA and
eSM) outperformed the single alternatives. This result highlights the fact that the strategy adopted
for constructing a heterogeneous pool contributed to the successful performance of the combined
models.

Figure 1 shows the last 30 observations of the ONI time series (test set) and the forecasts
from the best model (DES-LA, indicated in blue), the second-best model (cSA, indicated in red)
and pool of models (indicated in gray). Two relevant points should be highlighted: the first is that
the red line (cSA model) tends to underestimate the original series, as it tends to have values below
the blue line (DES-LA model). This behavior occurs not only in the last 30 observations shown in
the Figure but throughout the entire test set. Secondly, the pool of models (in gray) exhibits low
variability. Although the combined methods tend to perform well, this could be further improved if
the created pool were more diverse.

Table 4 presents the statistical comparison between DES-LLA and other models according
to Diebold-Mariano test. At a significance level of 5%, the null hypothesis is rejected, confirming
that the performance of DES-LA was superior to that of the alternative approaches. The cSA method
was the most competitive; however, the DES-LA method still achieved superior performance (p =

4.5%).

Tabela 4: P-values for the Diebold-Mariano test between the DES-LA and other models when forecasting
ENSO time series.

ARIMA  ETS ELM SVR MLP LSTM eSA eSM
<0.001 <0.001 <0.001 <0.001 <0.001 <0.001 0.045 0.004
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Figura 1: ONI time series (last 30 observation of test set) and the forecasts from the best model (DES-LA,
indicated in blue), the second-best model (cSA, indicated in red) and pool of models (indicated in gray).

S. Conclusion

This paper has presented an application of DES-LA method, a dynamic selection sys-
tem, for forecasting the time series of the ONI index using a heterogeneous pool. The DES-LA
method exhibited superior results in comparison to the implemented alternatives for all calcula-
ted performance measures. In addition, DES-LA performed better at a statistical level regarding
Diebold-Mariano test for a significance level of 5%. Future research involves: 1) the use of other
similarity measures to build the region of competence; 2) development of strategies to increase pool
diversity; 3) selection of the best methods based on statistical information from the time series; and
4) perform medium and long-term forecasts.
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