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Vector borne disease like dengue continues to pose a significant climate-sensitive
public health challenge in tropical regions such as Brazil, Peru, and India. This
study examines the feasibility of predicting dengue outbreaks using weekly mul-
tivariate time-series data from San Juan (SJ), Puerto Rico and Iquitos (IQ), Peru.
Dengue incidence was analyzed alongside meteorological, environmental, and
vegetation-based variables to capture key climatic influences. Several machine
learning and deep learning approaches were evaluated, including LightGBM.
Model performance was assessed using root mean square error (RMSE) and
mean absolute error (MAE). The results show that LightGBM achieved the low-
est RMSE/MAE, indicating strong short-term predictive accuracy and excellent
interpretability. Feature importance analysis and principal component analy-
sis (PCA) identified precipitation, dew point temperature, and humidity as the
most influential predictors of dengue incidence. The study demonstrates that ad-

vanced machine learning models can serve as reliable early warning systems for
vector-borne diseases. While this research focuses on dengue, the methodology
is adaptable to other vector-bone datasets and diseases, offering a flexible tool
for public health authorities to predict and mitigate outbreaks in diverse urban
contexts.
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1. INTRODUCTION

Dengue fever continues to pose a significant and growing public health threat in tropical and subtropi-
cal regions worldwide. Transmitted primarily by Aedes aegypti and Aedes albopictus mosquitoes, dengue now
places nearly half of the global population at risk of infection. In 2024, the World Health Organization (WHO)
reported over 14.4 million dengue cases and more than 11,200 deaths across all six WHO regions, marking one
of the highest annual global burdens on record [1]. In India, national surveillance data indicate a substantial
increase in dengue incidence, with over 233,000 reported cases and nearly 300 associated deaths in 2024, con-
tinuing a trend of high disease burden in recent years [1]]. These figures reflect the expanding geographic spread
and climate-sensitive dynamics of dengue transmission, underscoring its persistent public health impact.
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The four dengue serotypes (DENV1-4) cause illness ranging from mild fever to life-threatening hem-
orrhagic complications [2]. Urbanization and climate change have expanded mosquito habitats. These vectors
also transmit malaria, Zika, chikungunya, and yellow fever. Environmental factors like temperature, rainfall,
and humidity affect mosquito breeding and virus replication [3]-[3]. Higher temperatures accelerate virus de-
velopment, rainfall creates breeding sites [6]], [7]], and vegetation density provides ideal mosquito habitats [8]].

Despite advances in surveillance, predicting dengue outbreaks remains difficult [9]-[11]. Existing
methods struggle to capture interactions between climate, human behavior, and mosquito dynamics [12], lim-
iting timely public health responses [13]]-[15].

This study evaluates multivariate time series forecasting for dengue prediction using data from San
Juan (SJ) and Iquitos (IQ). Most previous work focuses on univariate statistical/deep learning methods, or
often with limited predictors [9], [16]], [L7]. In this study, six multivariate models —SARIMAX, LightGBM,
Seq2Seq, RNN, CNN-BiLSTM, and Stacked LSTM— comparing statistical, machine learning, and deep learn-
ing approaches under identical conditions [[L1], [18]]-[26].

For each model, principal component analysis (PCA) identifies key climate drivers of dengue inci-
dence, addressing the interpretability gap in ensemble methods [27], [28]. Weekly forecasts align with opera-
tional surveillance needs, unlike annual or long-term studies [18]], [29].

This work contributes:
An integrated framework combining climate and epidemiological variables.
- Systematic cross-paradigm model evaluation comparing classical statistical methods (SARIMAX), machine
learning approaches (LightGBM), and deep learning architectures (Seq2Seq, RNN, CNN-BiLSTM, Stacked
LSTM) under identical experimental conditions to identify the most effective forecasting approach
Identification of influential predictors/variables that contribute most to dengue incidence.
Comparison of weekly forecast ability for practical disease surveillance.

The results show that LightGBM outperforms other approaches, with precipitation, dew point tem-
perature, and humidity identified as the most influential predictors. While demonstrated using dengue, the
framework is broadly applicable to other vector-borne diseases in urban settings.

2. MATERIALS AND METHODS
2.1. Dataset

The dataset used for this study focuses on vector-borne disease predictions, such as dengue, and
includes detailed climate and environmental data for two cities: SJ and IQ [30] (Figure|[T).

It spans several years on a weekly timescale, capturing the corelation between prevailing climate
variables and dengue outbreaks. Key features include dengue case counts alongside various climate metrics
such as temperature, precipitation, and humidity, all of which are known to influence the transmission of vector-
borne diseases.

2.2. Data preprocessing

Effective data preprocessing is crucial for improving the accuracy of models predicting vector-borne
disease outbreaks. In this study, multiple steps were taken to clean and prepare the dataset before applying
forecasting models.

- Data formatting: The date column was converted into a standard DateTime format. Abnormal or erroneous
dates (e.g., 1994-02-31) were corrected by replacing them with corresponding dates from the previous year
to maintain temporal consistency.

- Handling missing and incorrect values: Incorrect or false values, including null values, were systematically
identified and removed from the dataset to prevent distortion in model predictions.

- Outlier detection and replacement: Outliers were detected based on statistical thresholds and replaced with
NaN values to prevent skewed data points from influencing the analysis.

- Interpolation missing values, including those introduced by outlier replacement, were filled using interpola-
tion methods, ensuring a continuous dataset without introducing bias.

- Data scaling: To standardize the dataset and avoid any bias due to differing value ranges across features, data
scaling was applied, ensuring uniformity across all variables for model training.

These preprocessing steps were essential for refining the dataset, enabling accurate and reliable dengue
outbreak predictions using various forecasting models. The dataset incorporates weather station data from
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NOAA, such as maximum, minimum, and average temperatures, total precipitation, and diurnal temperature
range. Additionally, reanalysis data includes relative and specific humidity, air temperature, dew point temper-
ature, and precipitation, providing a comprehensive understanding of climatic factors. Satellite-based precipi-
tation (PERSIANN) and vegetation indices (NDVI) offer further insights into environmental conditions. These
features enable a multivariate analysis of how factors like temperature, rainfall, and humidity impact dengue
transmission dynamics in urban areas.
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Figure 1. Study locations: San Juan (Puerto Rico) and Iquitos (Peru)

2.3. Available parameters for predicting dengue cases

The dataset comprises 24 environmental and climatic features alongside the target variable (total
dengue cases), providing a comprehensive multivariate framework for outbreak prediction. Before analyz-
ing the impact of individual climate parameters, it is important to understand how each variable contributes to
dengue transmission. The following sections detail the main climate and environmental features considered in
this study, starting with temperature, which plays a crucial role in mosquito development and virus replication.

2.3.1. Temperature

- station_max_temp-c, station_min_temp_c, station_avg_temp_c: Weather station data capturing daily tempera-
ture fluctuations, critical because Aedes mosquitoes thrive within certain temperature ranges. Higher temper-
atures speed up mosquito life cycles and virus replication.

- reanalysis_max_air_temp_k, reanalysis_min_air_temp_k, reanalysis_avg_temp_k: Reanalysis data provides
broader scale temperature insights, important for capturing regional climate patterns that affect mosquito
habitats.

- reanalysis_tdtr_k, station_diur_temp_rng_c: Diurnal temperature range indicates the difference between day
and night temperatures. This range affects mosquito activity, biting behavior, and survival, directly influenc-
ing dengue transmission rates.

2.3.2. Precipitation

- station_precip-mm, precipitation_.amt_-mm, reanalysis_precip-amt_kg_per_m2, reanalysis_sat_precip-
amt_mm: Precipitation creates breeding grounds for Aedes mosquitoes, particularly in stagnant water. The
amount of rainfall influences mosquito population density, while heavy rains may disrupt breeding cycles by
washing away larvae. Monitoring precipitation is essential for understanding vector proliferation and disease
risk.
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2.3.3. Humidity

- reanalysis_relative_humidity_percent, reanalysis_specific_humidity_g_per_kg: Humidity plays a pivotal role
in mosquito survival and longevity. Higher humidity increases the lifespan of mosquitoes, allowing them
to bite multiple humans and thus spread the disease, while relative humidity measures the percentage of
saturation.

- reanalysis_dew_point_temp_k: Dew point temperature reflects moisture levels in the atmosphere. Higher dew
points create favorable conditions for mosquito survival and virus transmission.

2.3.4. Diurnal temperature range

- station_diur_temp_rng_c: A smaller diurnal temperature range indicates stable temperatures, which favor
consistent mosquito activity. Wider ranges may disrupt mosquito activity but can also shorten the virus
incubation period within the vector.

2.3.5. Vegetation index (NDVI)

- ndvi_se, ndvi_sw, ndvi_ne, ndvi_-nw: NDVI measures vegetation density around the city. Dense vegetation
provides ideal breeding and resting places for mosquitoes. Higher NDVI values generally correspond to
higher mosquito populations, increasing the risk of vector-borne disease transmission in those areas. Moni-
toring vegetation helps identify hotspots for vector activity.

Each of these parameters offers unique insights into the environmental and climatic conditions con-
ductive to dengue transmission. Their combined analysis enables more accurate predictions of vector-borne
disease outbreaks.

2.4. Principal component analysis

Since the environmental, epidemiological, and meteorological features are highly correlated, PCA was
conducted to reduce dimensionality, thereby improving model stability and prediction performance [8]], [12]],
[21]. The dataset initially contained 24 climatic, environmental, and epidemiological features. PCA was con-
ducted to reduce dimensionality and identify the most informative predictors. As shown in Figure 2] through
multiple trials and experiments, four key features were finalized: precipitation amount (precipitation_amt_mm),
dew point temperature (reanalysis_dew_point_temp_k) specific humidity (reanalysis_specific_humidity_g_per_kg)
and historical total cases (total_cases). These features consistently demonstrated the strongest contribution to
explaining variance in dengue incidence patterns. The usa of these four features across different models is
shown in Figure 2.

Precipitation Mean dew point Average temperature Mean specific
temperature humidity

Figure 2. PCA analysis showing feature importance across all models

2.5. Hyperparameter tuning

Hyperparameter tuning methods like Bayesian [13]] and grid search [29] are popular methods for hy-
perparameter optimization. All models were fine-tuned using Optuna [[13]]. For each model, a predefined search
space was explored over multiple trials, where model performance was evaluated using validation loss. The
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tuning process was carried out in a consistent manner across models to identify stable parameter settings. The
best-performing hyperparameter configurations were then selected and used for the final training and evaluation
of each model. Details of the optimized hyperparameters for each model are provided in Appendix A.

3.  RESULTS AND DISCUSSION

In this study, multiple machine learning and deep learning models were evaluated to forecast dengue
outbreaks using multivariate time series data from San Juan (sj) and Iquitos (iq). Six models were tested, in-
cluding LightGBM, Stacked LSTM, CNN-BiLSTM, Seq2Seq, RNN, SARIMAX as shown in Table 1. The
performance was assessed using root mean squared error (RMSE) and mean absolute error (MAE) metrics.
RMSE was selected as the primary metric because it heavily penalizes large prediction errors, which is critical
for dengue forecasting where missing outbreak spikes has serious public health consequences. MAE comple-
ments RMSE by providing the average typical error magnitude, and together these metrics enable assessment
of both worst-case scenarios and consistent performance—essential for epidemiological forecasting where out-
break timing and magnitude are paramount. R was excluded as it can be misleadingly high in time series with
strong seasonal patterns and does not adequately penalize temporal lag or phase shifts in outbreak predictions.
Based on comprehensive evaluation, LightGBM achieved the best performance with an RMSE of 16.94 and
MAE of 11.42. This section presents an in-depth analysis of this model, while detailed results of all other
models are provided in Appendix B for reference.

Table 1. Performance comparison of all models
Model RMSE MAE
LightGBM 1694 11.42
Stacked LSTM 18.75 18.01
CNN-BiLSTM ~ 22.13  19.38
Seq2Seq 2223 1344
RNN 25.27 13.98
SARIMAX 34.90 18.37

3.1. LightGBM-best model

The LightGBM model achieved the best performance with an RMSE of 16.94 and MAE of 11.42,
demonstrating the effectiveness of gradient boosting for dengue forecasting. The model showed strong predic-
tive capability and excellent interpretability (see Figure [3).
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Figure 3. Actual vs predicted v for LightGBM model

3.1.1. Predictive performance analysis

The LightGBM model’s predictions demonstrate strong alignment with actual outbreak patterns using
a multivariate approach that integrates four key features: precipitation amount, dew point temperature, total
cases, and specific humidity. The model excels at capturing overall outbreak trends with minimal noise in
predictions and successfully predicts the magnitude of outbreak peaks, though occasionally underestimates
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extreme events. The gradient boosting framework with 245 estimators effectively learns complex interactions
between climate and epidemiological variables.

3.1.2. Feature importance analysis

The LightGBM model was trained using four key features selected through feature selection and PCA:
precipitation amount (precipitation_amt_-mm), specific humidity (reanalysis_specific_humidity_g_per_kg), dew
point temperature (reanalysis_dew_point_temp_k), and historical total cases (total_cases). The model’s feature
importance analysis revealed that precipitation emerged as the dominant predictor among these variables, indi-
cating that rainfall patterns create favorable breeding conditions for mosquito vectors. Dew point temperature
and specific humidity, both moisture-related variables, significantly influenced predictions by affecting vec-
tor survival and reproduction rates. The tree-based structure of LightGBM provides excellent interpretability,
allowing the model to capture non-linear interactions between these climate and epidemiological variables.

3.2. Comparative analysis

LightGBM, with an RMSE of 16.94 and MAE of 11.42, provides excellent interpretability and cap-
tures complex non-linear relationships effectively. LightGBM is suited for model interpretability and under-
standing of feature interactions, making it ideal for public health applications where transparency in decision-
making is crucial.

3.3. Principal component analysis and feature selection across models

PCA was conducted to identify the most influential climate and environmental features for dengue pre-
diction. The analysis revealed that three moisture-related variables precipitation (precipitation_amt_mm), dew
point temperature (reanalysis_dew_point_temp_k) and specific humidity (reanalysis_specific_humidity_g_per_kg)
collectively accounted for the majority of variance in dengue incidence, confirming their critical role in disease
transmission dynamics.

Precipitation emerged as the most frequently selected feature, appearing in four of six models (Light-
GBM, RNN, Seq2Seq, and SARIMAX), confirming its fundamental role in dengue prediction. The best-
performing models utilized comprehensive moisture-related variables-LightGBM (RMSE 16.94) incorporated
precipitation, dew point temperature, and specific humidity alongside historical case data. While multivariate
models generally outperformed univariate approaches, Stacked LSTM (RMSE 18.75) demonstrated compet-
itive performance using only historical case patterns, indicating that temporal autocorrelation in disease in-
cidence contains substantial predictive information. The PCA-guided feature selection strategy successfully
identified influential predictors while reducing model complexity, providing strong evidence for climate-driven
dengue transmission patterns.

3.4. Simplicity vs complexity trade-off

The deep learning models, including Seq2Seq, RNN, CNN-BiLSTM, and Stacked LSTM, provided
moderate to good performance, with Stacked LSTM performing the best among them. However, the LightGBM
model, which is relatively simpler in architecture, outperformed the deep learning models. This outcome chal-
lenges the assumption that deeper, more complex architectures necessarily yield better results in multivariate
time series forecasting tasks. The superior performance of traditional machine learning approaches suggests
that for the given dataset size and feature space, model complexity does not always translate to improved
prediction accuracy.

3.5. LightGBM’s superior performance

interpretability through its tree-based structure and gradient boosting framework. Its ability to provide clear
feature importance rankings and capture non-linear interactions between climate variables makes it valuable
for understanding the drivers of dengue outbreaks. Its transparent decision-making process is crucial for public
health applications where understanding model predictions is as important as accuracy. The model’s com-
putational efficiency and strong predictive capability make it ideal for operational forecasting and strategic
planning.

3.6. Deep learning limitations
The moderate performance of deep learning models (Stacked LSTM, CNN-BiLSTM, Seq2Seq, and
RNN) compared to LightGBM highlights potential limitations when applied to this type of dengue dataset.
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While these architectures excel at capturing long-term dependencies and complex temporal patterns, the char-
acteristics of dengue outbreak data—including irregular periodicity, sparse extreme events, and climate-disease
interaction complexities—may pose challenges that traditional machine learning approaches handle more ef-
ficiently. The computational cost and relatively higher RMSE suggest that deep learning models need further
refinement or additional training data to compete with traditional approaches in this forecasting context.

3.7. Classical model constraints

The SARIMAX model’s poor performance underscores the limitations of classical time series models
when applied to multivariate forecasting tasks. SARIMAX’’s statistical framework, while effective for univari-
ate analysis, struggles to adequately model the complex interactions between multiple climate variables that
influence dengue outbreaks. This limitation emphasizes the need for machine learning approaches that can
capture non-linear relationships and feature interactions in epidemiological forecasting.

The findings have practical implications for dengue surveillance systems. The models provide a criti-
cal timeframe for implementing preventive interventions and resource allocation. Feature importance analysis
consistently identified precipitation, dew point temperature, and humidity as key predictors, which can guide
targeted mosquito control efforts during high-risk climatic conditions. LightGBM is ideal for both real-time
forecasting and strategic planning decisions due to its balance of accuracy and interpretability.

Current limitations include the dataset being restricted to San Juan (SJ) and Iquitos (Iq), focus on
climate variables without socioeconomic factors, and weekly resolution that may miss finer temporal dynamics.
Future research should explore ensemble approaches combining model strengths, integration of additional data
sources such as satellite imagery and mobility data, development of city-specific models, and investigation of
climate change scenarios for long-term outbreak predictions.

Note: Detailed results for all other evaluated models (Seq2Seq, RNN, CNN-BiLSTM, Stacked LSTM,
and SARIMAX) are provided in Appendix B, including performance metrics, visualizations, and model-specific
analyses.

4. CONCLUSION

This research demonstrates the effectiveness of using multivariate analysis and time series forecasting
techniques for predicting outbreaks of vector-borne diseases, with a specific focus on dengue as a demonstra-
tion case. The models explored in this study, including Seq2Seq, RNN, CNN-BiLSTM, Stacked LSTM, and
LightGBM. Provides a diverse set of approaches for capturing the complex interactions between environmental
factors and disease transmission. The results highlight the potential of advanced deep learning models, such
as Stacked LSTM and CNN-BiLSTM, and machine learning models like LightGBM SARIMAX, which strug-
gled to handle the dataset’s complexity. These findings align with recent comparative studies demonstrating
the superiority of machine learning approaches for dengue forecasting. These deep learning models were able
to model the intricate temporal and seasonal patterns that are critical in disease forecasting, thus offering more
accurate predictions. The study reinforces that using a range of models—spanning from deep learning to sta-
tistical approaches—offers a comprehensive method for forecasting vector-borne disease outbreaks, enabling
public health authorities to deploy proactive measures to control the spread of disease in urban areas.

5. FUTURE WORK

The future work of this research aims to enhance the model’s capabilities by exploring more ad-
vanced models and comparing their performance in predicting vector-borne diseases. Additionally, expanding
the dataset to include diverse geographical regions and other diseases like malaria, chikungunya, and Zika will
allow the model to generalize better. Future research may also suggest new, improved models while incorporat-
ing additional variables, such as socio-economic and environmental factors. Furthermore, integrating real-time
data streams could improve prediction accuracy and assist in the development of early warning systems for
outbreak mitigation. Large language models may also be explored for enhanced forecasting capabilities.
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APPENDICES
APPENDIX A. Model hyperparameters

This subsection summarizes the main hyperparameters and settings for each model as used in this
study.

A.1. LightGBM

Input features: [precipitation_amt_mm, reanalysis_dew _point_temp_k, total_cases, reanalysis_specific_
humidity_g_per_kg] (Multivariate). Learning rate: 0.00475, L1 reg: 0.0981, L2 reg: 0.0141, Num leaves: 245,
Num estimators: 245, Feature fraction: 0.8150, Max depth: 8, Min data in leaf: 74, RMSE: 16.94.

A.2. Stacked LSTM

Input features: [total_cases] (Univariate), Kernel initializer: He normal, Number of layers: 1, Neurons:
69, Dropout rate: 0.105, Epochs: 97, Batch size: 16, Optimizer: Adam, Activation function: ReLU, Early
stopping patience: 16, RMSE: 18.75.

A.3. CNN-BiLSTM

Input features: [total_cases] (Univariate), Number of convolutional filters: 39, Kernel size: 3, BILSTM
neurons: 127, Epochs: 19, Batch : 16, Optimizer: SGD, Activation: ELU, Early stopping patience: 11, RMSE:
22.13.

A 4. Seq2Seq

Input features: [precipitation_amt_mm, reanalysis_specific_humidity_g_per_kg, total cases] (Multivari-
ate), Window length: 8, Neurons: 47, Dropout rate: 0.174, Epochs: 61, Batch size: 5, Optimizer: Nadam, Early
stopping patience: 17, RMSE: 22.23.

A.5. RNN

Input features: [precipitation_amt_mm, reanalysis_dew_point_temp_k, total_cases, reanalysis_specific_
humidity_ g_per_kg] (Multivariate). Kernel init: Glorot uniform, Window length: 5, Num layers: 1, Neurons:
48, Dropout: 0.111, Epochs: 47, Batch size: 10, Optimizer: RMSprop, Activation: ReLU, Early stopping
patience: 14, RMSE: 25.27.
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A.6. SARIMAX
Input (exogenous) features: [precipitation_amt_mm, reanalysis_avg_temp._k], Target variable:
total_cases, Type: Multivariate, Forecasting horizon: 4 steps ahead, RMSE: 34.90.

APPENDIX B. Detailed results of other models

This subsection provides comprehensive results for the remaining five models evaluated in the study:
Seq2Seq, RNN, CNN-BiLSTM, Stacked LSTM, and SARIMAX.

B.1. Seq2Seq model

The Seq2Seq multi output model achieved an RMSE of 22.23. This model’s moderate performance
indicates its capability to capture sequential dependencies, though it did not perform optimally compared to the
best models. See Figure [4] the Seq2Seq model shows general alignment with observed outbreaks but exhibits
significant fluctuations during sharp changes.
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Figure 4. Actual vs predicted graph of Seq2Seq model

B.2. RNN model

The RNN multioutput model produced an RMSE of 25.27. The shallow structure with 1 layer and 48
neurons limited its ability to fully capture the nuances of the multivariate data. See Figure [5the RNN model
shows significant deviation from actual data during periods of rapid change, failing to predict higher peaks
accurately.
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Figure 5. Actual vs predicted graph of RNN model

B.3. CNN-BiLSTM model

The CNN-BiLSTM model achieved an RMSE of 22.13, combining convolutional layers for spatial
feature extraction with bidirectional LSTMs for temporal dependencies. See Figure[6|the CNN-BiLSTM shows
reasonable alignment with actual data though struggles with certain peaks.
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Figure 6. Actual vs predicted graph of CNN-BiLSTM model

B.4. Stacked LSTM model

The Stacked LSTM model achieved an RMSE of 18.75, ranking as the best among deep learning
models. Its multiple LSTM layers enable learning of both short and long-term temporal dependencies. See
Figure[7] the Stacked LSTM demonstrates good ability to model overall trends with close alignment for most

periods.
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Figure 7. Actual vs predicted graph of stacked LSTM model

B.5. SARIMAX model

The SARIMAX model produced the highest RMSE of 34.90, highlighting limitations of classical
time series models for multivariate forecasting with complex temporal and spatial interactions. See Figure [§]
the SARIMAX model shows the largest discrepancy between predicted and actual cases, struggling to track

volatility in the dataset.
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Figure 8. Actual vs predicted graph of SARIMAX model
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