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This study presents an early warning system based on observational data to forecast mete-
orological drought conditions in the Central Amazon Basin (CAB) at seasonal lead times. Our
approach leverages machine learning algorithms to capture teleconnection patterns between re-
gional precipitation deficit and dominant modes of sea surface temperature (SST) variability.

The proposed methodology frames the problem as a supervised learning task for time series
forecasting in which, given a temporal domain T , we define a target series (in this case, a drought
index for the CAB) {Yt}t∈T and a set of candidate predictor series represented by {Xt}t∈T .

Using gridded precipitation data from the Global Precipitation Climate Center [5], we computed
the 12-month Standardized Precipitation Index (SPI-12) for each grid point within the CAB area
(11.25°S to 1.25°N, 71.25°W to 53.75°W) for each month from October 1953 to December 2020.
Based on these SPI-12 values, we derived a monthly time series representing the proportion of grid
points experiencing severe drought (SPI-12 < -1.5) in the CAB as a proxy for the drought affected
area, following the methodology proposed by [4]. This series, referred to as the Drought Index,
serves as the observed target variable {yt}t∈T and can be verified in the right panel of Figure 1.

Figure 1: Spatial pattern (rotated EOF, left panel) and temporal signal (principal component, right
panel) of the first SST mode of variability along with the observed DI series. Source: Authors.

To obtain candidate regressor variables, we applied rotated Empirical Orthogonal Function
(EOF) analysis to the global SST data from the NOAA ERSST V5 project [3]. In this approach,
Principal Component Analysis is employed to extract the dominant modes of SST variability. The
obtained eigenvectors (EOFs)—representing spatial patterns of SST anomaly variability—are then
rotated using the VARIMAX criterion to enhance interpretability. Subsequently, the original SST
anomaly matrix is projected onto each rotated EOF, yielding corresponding time series (principal
components) that quantify the temporal evolution of each mode [2]. These modes can be associ-
ated with known climate variability patterns, such as the El Niño-Southern Oscillation (ENSO),
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based on their spatiotemporal characteristics. This association enables the analysis of the rela-
tionships between drought indices and the oscillations of these phenomena. Figure 1 displays the
ENSO-related spatial pattern and temporal evolution of the mode that best explains SST anomaly
variability. The derived principal components of these modes serve as candidate predictor series
for our model, corresponding to the observed matrix {xt}t∈T in our supervised learning task.

Finally, by selecting lags from the DI series and the 30 most explanatory SST modes, a CatBoost
model [1] was fitted to forecast DI values 6 months ahead, using 60% of the data for training and
40% for testing. The selection criterion was based on Pearson’s correlation and Granger Causality
relative to the DI values 6 months ahead. The forecast results of the final model, along with
its performance in both the training and test sets evaluated by the RMSE and MAE metrics, are
shown in Figure 2. This proof of concept for our proposed methodology yielded promising results in
forecasting the DI of the CAB 6 months in advance, demonstrating that observational data-driven
approaches can contribute to the anticipation of extreme events in this critical climatic hotspot.

Figure 2: Results obtained from the fitted CatBoost model. The curves represent the observed
and predicted DI values 6 months ahead of the reference date on the abscissa. Source: Authors
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