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Abstract. Effective epidemic management requires proactive measures, making
the accurate prediction of weekly dengue cases in specific regions essential for
prevention and control strategies. In this study, we evaluated the effectiveness of
classical statistical techniques and machine learning methods in forecasting the
number of weekly dengue cases across 27 Brazilian federative units. For each
unit, we explored a multivariate one-step prediction strategy, applying wavelet
filtering to the features to enhance signal decomposition and improve predictive
performance. We investigated the univariate LightGBM model trained on data
from 26 cities (cross-learning) and validated it individually in each federative
unit using the univariate leave-one-out (LOO) technique with one-step predic-
tions. Additionally, we demonstrated the model’s generalizability by training
LightGBM on data from all Brazilian federative units and validating it in a dif-
ferent geographic location, San Juan. The LightGBM LOO model exhibited su-
perior generalization compared to other shallow, deep, and foundation models,
including TimeGPT-1 and MOIRAI.

1. Introduction
Dengue cases in the Americas have risen sharply over the past four decades, from 1.5
million in the 1980s to 17.5 million between 2010 and 2019. Prior to 2023, the highest
annual total was in 2019, with over 3.18 million cases, 28,208 severe cases, and 1,823
deaths—a fatality rate of 0.06% [World Health Organization 2023]. In Brazil, 7,866,769
cases were reported in the first 23 weeks of 2024, marking a 230% increase compared to
the same period in 2023 [OPAS & OMS 2024]. The cumulative incidence reached 3,676
cases per 100,000 inhabitants, with 5,210 severe cases (0.07%) and 3,643 deaths. Al-
though a vaccine is now available [Anumanthan et al. 2025], efficient allocation of public
health resources remains essential. Therefore, anticipating dengue case trends through
time series analysis is key to improving planning and response strategies.

Time series forecasting has benefited from deep learning models based
on encoder-decoder architectures with self-attention mechanisms, such as Trans-
formers [Vaswani et al. 2023]. These models fall within the universal forecast-
ing paradigm and are considered foundation models [Moor et al. 2023], as they are
pre-trained on large databases from various domains, including health, economics,
and sales, to predict generic time series. In this context, pre-trained models like



TimeGPT-1 [Garza et al. 2023] and the Masked Encoder-based Universal Time Se-
ries Forecasting Transformer (MOIRAI) [Woo et al. 2024] leverage zero-shot learn-
ing [Rezaei & Shahidi 2020] to make predictions without requiring task-specific fine-
tuning. Given the complex interaction between the number of dengue cases—represented
as a time series—and environmental and socioeconomic covariates, including its
higher incidence in low-income areas with inadequate sanitation and infrastructure
[Bavia et al. 2020], these models emerge as promising alternatives for forecasting the
weekly incidence of dengue.

Nonetheless, foundation models lack hyperparameter tuning and disregard the
influence of other features of the dataset a priori, concentrating all their strengths
on predicting only future values with based on past values of the same time se-
ries. Studies about time series forecasting [Makridakis et al. 2020, Elsayed et al. 2021,
Makridakis et al. 2022] have shown that deep learning models are often not the best op-
tion, with models like LightGBM and XGBoost being superior. However, there is a lack
of evaluation comparing these methods against deep learning models (without being pre-
trained), and foundation models in the prediction of weekly dengue cases in Brazil.

Cross-learning refers to leveraging knowledge from different but related datasets
or tasks to improve a model’s forecasting performance [Semenoglou et al. 2021]. In time
series forecasting, this often involves training a model on multiple related time series to
capture shared patterns and improve generalization, making it akin to a transfer learn-
ing approach. In contrast, cross-validation is a statistical technique for evaluating model
performance by splitting the data into training and validation sets. However, traditional
cross-validation is not directly applicable to time series due to the sequential nature of the
data, so a leave-one-out cross-validation scheme using Federative Units can be employed
instead. The key distinction is that cross-learning enhances generalization by training
across multiple datasets or tasks, while cross-validation systematically tests a model’s
predictive ability on unseen portions of the same dataset.

Thus, we propose and evaluate an ML regression pipeline to forecast weekly
dengue cases across the 27 Brazilian federative units (FUs). We compare the predic-
tive efficiency of various models, including classical statistical techniques, shallow re-
gressors, and deep learning methods. Among the statistical models evaluated are Ran-
dom Walk (RW), Holt’s linear model (SEH), Simple Exponential Smoothing (SES),
Holt-Winters (HW), ARIMA, and SARIMA. We also examine deep learning architec-
tures such as CNNs, LSTMs, and their combinations, along with foundation models
(TimeGPT-1 and MOIRAI) and shallow regressors, including Linear Regression (LR),
LASSO, Ridge, SVR, Random Forest (RFR), Gradient Boosting (GBR), LightGBM, and
XGBoost. The goal is to assess each model’s performance in forecasting weekly dengue
cases across Brazilian federative units. Additionally, we evaluate dataset reformatting
strategies [Benidis et al. 2022] and several training-validation approaches, such as uni-
variate time series combinations [Petropoulos & Svetunkov 2020], time-dependent cross-
validation [Bergmeir et al. 2018], and cross-learning [Semenoglou et al. 2021].

Our main findings include:

• Demonstrating the effectiveness of cross-learning in forecasting weekly dengue
cases across different localities, both within Brazil (covering all 27 federative
units) and beyond (San Juan, Puerto Rico);



• We show that LightGBM has better performance compared to deep learning ar-
chitectures and pre-trained foundation models like TimeGPT and MOIRAI for
predicting weekly dengue cases in Brazilian federative units; and

• Our proposed ML pipeline achieves comparable performance to the multi-
variate forecasting model trained specifically for San Juan, as presented in
[Zanardo et al. 2024], suggesting that our methodology with the univariate Light-
GBM generalizes better.

2. Related Work
The task of forecasting dengue cases has progressed notably, with various methods pro-
posed to enhance predictive accuracy. Shaikh et al. [Shaikh et al. 2023] developed an
early warning system for San Juan and Iquitos that not only forecasts dengue incidence
but also suggests preventive actions. Their approach involved outlier removal, handling
of missing data, and feature selection via the Neighbour Count-based Dragonfly Elec-
tric Fish Optimization (NC-DEFO) algorithm. The selected features trained an ensemble
of ANN, CNN, and SVM models—collectively called the Optimized Ensemble Classi-
fier (OEC)—which outperformed individual models across multiple metrics, including
RMSE, MAE, SMAPE, and MASE.

Similarly, Panja et al. [Panja et al. 2023] proposed XEWNet, an ensemble of au-
toregressive neural networks using the Haar wavelet transform for preprocessing. Their
model incorporated precipitation, identified via Granger causality as a key external fac-
tor, and tested different time windows for one-step forecasts using data from San Juan,
Iquitos, and Ahmedabad. The best results for San Juan were achieved with a 26-week
window, yielding RMSE and MAE of 7.69 and 5.66, respectively, highlighting the value
of climatic variables in improving forecast performance.

More recently, Sebastianelli et al. [Sebastianelli et al. 2024] proposed a hybrid
model combining CatBoost, SVR, and LSTM, with CNN-derived spatial features and
Partial Least Squares (PLS) for dimensionality reduction, achieving strong generaliza-
tion to Peruvian regions. In contrast, Chen & Moraga [Chen & Moraga 2025] developed
a purely LSTM-based model using SHAP-selected lagged climate variables and spatial
dependencies, applying a 7-year moving window to forecast dengue cases in Brazil, out-
performing simpler LSTM variants and a Bayesian baseline.

While these studies have advanced the field of dengue forecasting, they differ from
our proposed approach in key aspects. Unlike Shaikh et al. [Shaikh et al. 2023], who fo-
cused on classifier ensembles with heuristic feature selection, we adopt a regression-based
pipeline tailored for time series forecasting. Additionally, our study differs from Panja et
al. [Panja et al. 2023] by not incorporating external climatic variables like precipitation
but instead exploring cross-learning strategies across different localities. In contrast to Se-
bastianelli et al. [Sebastianelli et al. 2024] and Chen & Moraga [Chen & Moraga 2025],
who employed a deep learning approach incorporating spatial information, we emphasize
the efficiency of shallow regressors over deep learning models in univariate forecasting.

3. Materials and Methods
3.1. Database
For the development of this work, two datasets were used: the San Juan
dataset [US National Oceanic and Atmospheric Administration 2017] and the Info-



Dengue dataset [Codeco et al. 2018]. The main contents of each dataset used in our anal-
yses include the number of weekly dengue cases, meteorological data, and demographic
data.

InfoDengue is a Brazilian arbovirus alert system, using hybrid data generated by
the integrated analysis of data extracted from social networks, along with climate and
epidemiological data. All cities in Brazil are eligible to participate. The system currently
includes 5,570 registered cities, covering all 27 Brazilian federative units. Data collection
began in the first week of 2010. In our experiments, we used InfoDengue data from Jan-
uary 3, 2010, to May 19, 2024, focusing on the following features: data iniSE (epidemi-
ological week), casos (number of dengue cases), tempmin, tempmed, tempmax (average
of daily minimum, mean, and maximum temperatures over the week, respectively), and
umidmin, umidmed, umidmax (average of daily minimum, mean, and maximum relative
humidity over the week, respectively).

The San Juan dataset comprises the number of dengue cases reported weekly in
the city of San Juan (Puerto Rico) from 1990 to 2010. The dataset is in tabular format,
consisting of 936 instances and 24 attributes, most of which represent time series.

3.2. Time Series Data Transformation Strategies

Shallow and deep machine learning models require dataset reformatting for supervised
learning. The literature highlights two main strategies: one-step and multi-step prediction
[Benidis et al. 2022]. In this work, we focus on predicting the weekly dengue cases.
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Figure 1. Illustration of one-step and multi-step processes.

As shown in Figure 1, column (a), the one-step process works as follows. Each
row of the label matrix (highlighted in blue) contains T timesteps, corresponding to the
chosen window size, which represents a temporal window of size T used to predict the
next step. Each timestep Xj is a c-tuple, where c represents the number of selected fea-
tures. The target column (highlighted in yellow) contains the predicted values, each as-
sociated with a corresponding row of the label matrix. The one-unit shift in each window
explains the term one-step. If c = 1, then we have a univariate one-step approach. If
c > 1, then we have a multivariate one-step approach.

For the multi-step process, illustrated in Figure 2, column (b), the model is first
trained in a one-step manner using the designated training dataset. The prediction process
then starts with the first window of the test set. The first predicted value, P0, shifts the
window one step left, replacing the last element X0 with P0. This updated window is used



to generate the next prediction, P1. The process repeats iteratively until the prediction
horizon, defined as N , is reached.

3.3. Wavelet Filtering

To analyze long-term trends in the time series while filtering out short-term fluctuations,
we applied a low-pass filter. This approach ensures that rapid transitions in the data,
which are captured by high-frequency components, do not interfere with the extraction of
general patterns.

To implement the low-pass filter, we used wavelet decomposition, which divides
the signal into high-frequency (detail) and low-frequency (approximation) components
[Strang & Nguyen 1996]. The decomposition level is a hyperparameter that determines
how many times the approximation component is further split into new approximation
and detail components.

In our experiments, we tested all discrete wavelets available in the PyWavelets
library [Lee et al. 2019], maintaining the decomposition level at one. We then recon-
structed the signal using only the approximation coefficients, replacing the detail coeffi-
cients with zero values. This process ensures that the reconstructed time series maintains
the same number of timesteps as the original but excludes high-frequency variations.

3.4. Randomized Cross-Learning and Leave-One-Out
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Figure 2. Illustration of randomized cross-learning and leave-one-out.

Randomized cross-learning operates as follows. The process is inherently random
because the training and validation sets differ in each round. It involves cross-learning, as
the data comes from multiple datasets. Initially, we applied the one-step reformatting to
all 27 datasets. Then, we concatenated the label matrices X (highlighted in blue) and the
target columns Y (highlighted in yellow) to maintain the original relationship between
each window and its corresponding target value. The resulting concatenated dataset has
nX rows.

Next, we split the dataset into K folds, each containing nf instances. In every
round r, we randomly select K − 1 folds for training, leaving the remaining fold for
validation. At the end of each round, we compute and store the performance metrics.
Finally, each metric is reported as the average across all R rounds. This process is well
illustrated in Figure 2, specifically in column (a).



For the leave-one-out approach, as shown in Figure 2, specifically in column (b),
each dataset from the Brazilian FUs is reformatted using the one-step scheme. For each
FU, the 26 datasets from the other FUs are used to train the model, while the dataset
of the specific FU is reserved for validation. This strategy ensures that each model is
tested in isolation with data not used during training, providing a robust evaluation of its
performance across different regional contexts.

3.5. Model Evaluation

In the field of time series forecasting, the quality of a forecast model should not
depend on the chosen metric, since robust methods generally perform well across
a variety of metrics. Hence, when a method effectively models the data, the
choice of a specific metric depends on the aspect the researcher wishes to highlight
[Diamantis Koutsandreas & Assimakopoulos 2022]. To evaluate our models, we em-
ployed five metrics:
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BIAS =
1

n
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(ŷi − yi) (5),

where MAE stands for Mean Absolute Error, RMSE for Root Mean Squared Error, MASE
for Mean Absolute Scaled Error, RMSSE for Root Mean Squared Scaled Error, and BIAS.
In the definitions above, yi represents the ground-truth values of the time series, ŷi the
predicted values, n the total number of observations, and h the forecast horizon. MAE
and RMSE are common choices for evaluating forecast models.

However, because they are not scale-free, their interpretability can be compro-
mised when comparing performance across multiple datasets with differently scaled time
series. To address this issue, we include RMSSE [Makridakis et al. 2022] and MASE
[Hyndman & Koehler 2006] in our analysis.

4. Preprocessing
For each Brazilian federative unit in the InfoDengue database, we filter characteristics
using wavelets exclusively in the individual analysis of each dataset; conversely, for
cross-learning approaches (using datasets from all capitals), we employ solely the weekly
dengue case counts for training and validation.

In the individual analysis of each dataset, we use the multivariate one-step method,
employing all relevant characteristics available in the dataset, as detailed previously. We



then partition the data into training and validation sets, reserving the last 100 instances
exclusively for validation. Finally, we perform a comparative analysis of the models and
the results obtained.

For the randomized cross-learning approach shown in column (a) of Figure 2, we
train and validate the model using only the number of weekly dengue cases (univariate
data). First, we reformatted all 27 datasets for supervised learning and concatenated the
labels and targets into the matrices X and Y , respectively. Next, the number nf = ⌊nX/K⌋
of elements in each fold was defined by taking the floor of the quotient between the
number nX of rows in matrix X and the number K of pre-defined folds.

After dividing into K folds, K − 1 folds were randomly selected to form the
training set, and the remaining fold was used for validation. This process is termed a
round. The number of rounds, R, is a hyperparameter. The final results for each metric
are the average of the individual metrics calculated in each round.

The performance of the cross-learning approach was also analyzed through the
use of leave-one-out (LOO). That is, for each federative unit, of the 27 datasets reformat-
ted for supervised learning, we used 26 for model training and the dataset of the federative
unit in question for validation, as shown in column (b) of Figure 2. For this strategy, we
experimented with both one-step and multi-step schemes.

Finally, we applied the same cross-learning strategy using LOO, training the
model with the InfoDengue database and validating it with the San Juan database, aiming
to evaluate the model generalization potential.

5. Experimentation and Results

First, we performed a grid search using the K-fold strategy in LightGBM regressor to
identify the optimal set of hyperparameters. Table 1 presents the hyperparameter space
explored during the search. The best hyperparameters for the LightGBM K-fold and
LightGBM LOO (one-step and multi-step) models were learning rate: 0.01; number of
leaves: 127; maximum depth: 10; L1 regularization: 9; L2 regularization: 7; T : 30.

Table 1. Hyperparameter grids for experimented models.
Model Hyperparameter grid

LightGBM

learning rate: [0.005, 0.01, 0.02, 0.05, 0.1]
number of leaves: [31, 63, 127, 255]
maximum depth: [5, 7, 10, 12, 15]
L1 regularization: [0, 1, 3, 5, 7, 9, 11]
L2 regularization: [0, 1, 3, 5, 7, 9]
window sizes T : [5, 10, 15, 17, 22, 30]

For cross-learning K-fold validation, from the windows tested, the best result for
the randomized approach was T = 30. Larger window sizes (i.e., T > 30) did not
improve prediction performance and, in some cases, even led to worse results. In general,
R = 50 was used for the number of rounds, and K = 15 folds. The number nf of elements
per fold varies according to the number of rows nX in the label matrix X , which in turn
depends on the window size T adopted in the experiment. For the best case presented in
column (a) of Table 2, we have T = 30 and nf = ⌊17710/15⌋ = 1180.



For the LightGBM LOO strategy, we trained the model using the best set of hyper-
parameters obtained by training on the 27 FUs of the InfoDengue database and validating
it on the San Juan dataset. Figures 3(a)–3(b) illustrate the distributions of RMSE and
RMSSE metrics across all 27 federative units, highlighting the overall superiority of the
LightGBM LOO (one-step) model. Regarding the training and evaluation of the meth-
ods presented in these figures, the data processed by classical statistical models and the
LightGBM LOO (one-step and multi-step) models were not filtered using wavelets.

Classical statistical models do not require dataset reformatting. In contrast, the
shallow and deep machine learning models employed a multivariate one-step strategy,
using the features described in the InfoDengue database section. Of the two pretrained
models, MOIRAI is the only one that allows a windowing strategy, and this feature was
explored. At the end of each table relating to a federative unit, the performance of Light-
GBM using leave-one-out (LOO) for both one-step and multi-step prediction is presented.

It is important to note that multivariate strategies and pre-trained models were
trained separately for each of the 27 FUs. The LightGBM LOO models (one-step and
multi-step) were trained on data from 26 FUs and validated on the remaining one, as
explained in previous sections.

It is noted that the validation of the classical statistical models, and the shallow and
deep machine learning models were done with the last hundred instances of the dataset.
However, the validation of the LightGBM LOO (one-step and multi-step) was done with
all instances of the dataset from the respective city (over 700 instances). The dataset from
the city of Teresina (PI) contained only the total weekly cases column, so the approach in
this case was exclusively univariate for both shallow and deep learning models.

Analyzing Table 2, (a) presents the best result of the LightGBM one-step model
using the randomized cross-learning approach shown in Figure 2(a); (b) shows the re-
sults obtained by training the LightGBM LOO (one-step) model on the 27 datasets from
the Brazilian federative units using the best hyperparameter set found in the randomized
cross-learning approach, and validating it on the full set of 936 instances from the San
Juan dataset; (c) shows the results for the same LightGBM LOO (one-step) configuration
as in (b), with the difference that validation was performed on the last 187 instances of the
San Juan dataset. The RMSSE approaching zero indicates that LightGBM outperforms
the random walk, demonstrating strong generalization.

Table 2. Performance of the LightGBM model is evaluated under three distinct
scenarios. The optimal hyperparameter configuration identified in (a) was sub-
sequently applied in scenarios (b) and (c) for comparative analysis.

(a) Cross-Learning (K-fold) (b) LOO one-step (all San Juan dataset) (c) LOO one-step (last 187 instances)
Metric Train Validation Train Validation Validation
MASE 0.64 0.75 0.67 0.16 0.12
RMSSE 0.67 0.52 0.68 0.06 0.04
MAE 27.95 31.87 28.73 6.80 4.98
RMSE 141.66 104.97 140.78 11.49 7.55
BIAS -0.21 0.90 -0.24 1.89 2.24
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Figure 3. Numerical distributions of the RMSE (a) and RMSSE (b) performance
metrics across all evaluated models.

6. Discussion

6.1. Infodengue database

Table 2 shows that the LightGBM cross-learning model with K-fold validation outper-
forms the random walk in terms of MASE and RMSSE. The higher MAE in testing com-
pared to training is expected due to the larger training set (16,530 vs. 1,180 instances).
The RMSE suggests robustness to outliers, while the BIAS metric indicates no significant
tendency to underpredict or overpredict. Since the folds are randomly selected over 50
rounds, the model’s performance remains stable despite variations in window order. This
robustness motivated us to test LightGBM LOO across Brazilian federative units.

The LightGBM LOO (one-step) achieved the best RMSE across all Brazilian city
datasets. Notably, it was validated on the full dataset, while other models used only the
last 100 instances. Despite the larger validation set, it made fewer errors and showed
greater robustness. The violin plot in Figure 3(a) confirms its superiority, with RMSE



values concentrated below 100 in each city.

The LightGBM LOO (multi-step), unlike the excellent performance of the Light-
GBM (one-step), was one of the worst models, which can be explained by the accumula-
tion of previous errors generated at each prediction step. Therefore, due to the consecutive
accumulation of errors, the model tends to perform worse across all metrics.

Classical statistical models made excessive errors, particularly SEH. This can be
explained by the attempt to fit a linear model (SEH) to data with a non-linear nature.
SES performed better than SEH and HW, showing performance similar to ARIMA and
SARIMA. Note that, despite its simplicity, RW has metric values with distributions con-
centrated around lower values compared to machine learning models, with its distribution
centered near the null value.

Shallow models yield similar results, with SVR performing the worst. Deep mod-
els also show similar performance but exhibit higher BIAS, suggesting poor generaliza-
tion. CNN-ATT (CNN with an attention layer) stands out with the second smallest RMSE
distribution and the best overall metrics among deep models. Notably, shallow models
perform as well as or better than deep models without pre-training while requiring less
computational effort. This raises questions about the necessity of deep learning for time
series forecasting [Elsayed et al. 2021].

6.2. San Juan database
Finally, to assess the generalization potential of the best individual model across Brazilian
federal units, we validated the LightGBM LOO (one-step) on the entire San Juan database
and on the last 187 instances, with the goal of comparing it to models specifically trained
on the San Juan database. The model outperformed all univariate models presented in the
work [Zanardo et al. 2024].

However, the LightGBM LOO (one-step) was unable to surpass the models in-
troduced in this work, such as LR (sym20) and CNN-LSTM-LR (sym20). This is pos-
sibly due to the specific characteristics of the San Juan dataset, on which these models
were trained, as they are multivariate, whereas these characteristics are absent in the In-
foDengue database.

7. Conclusions
This study investigates efficient methodologies for predicting weekly dengue cases in 27
Brazilian federative units, testing classical and machine learning models (shallow, deep,
and ensemble), dataset reformatting strategies (one-step and multi-step), and preprocess-
ing techniques like wavelets. The univariate LightGBM model with leave-one-out and
one-step prediction outperformed deep models and foundational models like TimeGPT-1
and MOIRAI.

TimeGPT-1 lacked robustness, as shown by its RMSE distribution (Figure 3(a)).
In contrast, MOIRAI performed better due to its one-step predictions and flexible window
size, though its metrics worsened as the window increased (Figures 3(a) – 3(b)). Founda-
tional models struggled due to training on diverse datasets, lack of hyperparameter tuning,
and inadequate preprocessing in zero-shot settings. Studies like [Zeng et al. 2023] show
that simple linear predictors often surpass pre-trained Transformers in forecasting, as time
series data present domain-specific challenges that hinder zero-shot learning.



MASE and RMSSE were introduced because differences in dataset scales can
skew performance evaluations when relying on RMSE and MAE. Interestingly, the Light-
GBM LOO (one-step) obtained the lowest values compared to other models, even though
it was trained on a larger number of datasets. This highlights that, even when evaluating
shallow, deep, and foundational models on a single dataset, these models, in general, did
not surpass the performance of the RW.

Column (b) in Table 2 shows that the model does not suffer from overfitting,
demonstrating good generalization capability. Therefore, although the LightGBM LOO
one-step is not the best model in the specific context of San Juan, it demonstrates potential
applicability beyond San Juan database, showing that the cross-learning strategy with a
shallow model like LightGBM proved efficient in its univariate form, even without the
use of specific wavelet filtering.

Despite its strong generalization capacity, the approach presents limitations, in-
cluding the small validation set for San Juan, limited hyperparameter tuning in the Info-
Dengue dataset, and potential challenges related to high feature dimensionality. Future
research may investigate PCA and alternative filtering methods (e.g., FFT, Kalman filters),
incorporate seasonality, and refine multi-step forecasting strategies. Additional directions
include the application of SHAP or residual analysis in univariate models, systematic
comparisons between univariate and multivariate approaches, statistical significance test-
ing, visualization of cumulative multi-step errors, and the integration of external variables
such as climate and mobility data.
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