
International Journal of Informatics and Communication Technology (IJ-ICT) 

Vol. 15, No. 1, March 2026, pp. 46~56 

ISSN: 2252-8776, DOI: 10.11591/ijict.v15i1.pp46-56      46  

 

Journal homepage: http://ijict.iaescore.com 

Exploratory data analysis and forecasting of dengue outbreaks 

in Pangasinan using the ARIMA model 
 

 

Patrick Mole, Thelma Palaoag 
College of Information Technology and Computer Science, University of the Cordilleras, Baguio, Philippines 

 

 

Article Info  ABSTRACT 

Article history: 

Received Dec 2, 2024 

Revised Jun 30, 2025 

Accepted Aug 6, 2025 

 

 Dengue fever remains a critical public health concern in tropical countries 

like the Philippines, with Pangasinan frequently experiencing outbreaks due 

to favorable environmental conditions for mosquito breeding. Despite 

ongoing efforts to control the disease, the absence of a reliable forecasting 

tool limits the ability of health authorities to implement proactive measures. 

This study developed a forecasting model using the autoregressive integrated 

moving average (ARIMA) technique, following an initial exploratory data 

analysis (EDA) to identify trends and patterns in historical dengue case data 

from 2019 to 2024. The ARIMA model was trained and validated using 

historical data, capturing seasonal variations and projecting future dengue 

outbreaks. The evaluation metrics, including mean absolute error (MAE), 

root mean squared error (RMSE), and mean absolute percentage error 

(MAPE), indicated that the model achieved an accuracy of approximately 

78.3%, suggesting reasonable predictive capability. Forecasts for the year 

2025 indicate a potential rise in dengue cases, particularly during peak 

seasons, aligning with observed historical trends. These predictions offer 

valuable insights for local health authorities, enabling them to plan targeted 

interventions, allocate resources efficiently, and mitigate the impact of future 

outbreaks. The study demonstrates the practical application of time series 

analysis in public health forecasting and provides a proactive tool tailored 

for the needs of Pangasinan. 
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1. INTRODUCTION 

Dengue fever remains a significant public health challenge in many tropical countries around the 

world, where environmental conditions provide an ideal setting for the proliferation and spread of Aedes 

mosquitoes, the primary vectors responsible for transmitting the disease. It is prevalent in 126 countries, 

placing 3.9 billion people, or 48% of the global population, at risk, with an estimated 390 million infections 

and up to 36,000 deaths occurring annually [1], [2]. Dengue infection can range from being asymptomatic to 

causing mild fever, but in some cases, it can escalate to a life-threatening condition known as dengue 

hemorrhagic fever [3]. 

In the Philippines, dengue remains a pressing health concern. The Department of Health (DOH) 

consistently reports high numbers of dengue cases, straining healthcare systems across the country [4]. As of 

October 2024, the DOH reports a cumulative total of 269,467 dengue cases, reflecting an 82% rise compared 

to the 147,678 cases recorded during the same period last year [5]. Meanwhile in Pangasinan, a densely 

populated province in the northern Philippines, dengue cases have surged dramatically, mirroring national 
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trends. The Pangasinan Provincial Health Office (PHO) reports a 52% increase in dengue cases in 2024, 

leading to 14 deaths as of mid-year [6].  

Despite ongoing public health efforts to control the spread of dengue, the unpredictable nature of 

outbreaks poses significant challenges to the timely implementation of effective interventions. One of the key 

challenges in managing dengue outbreaks is the absence of an effective system for predicting future 

outbreaks. Current response strategies tend to be reactive rather than proactive, often leading to delayed 

mobilization of resources. Without a reliable forecasting model, health officials are left to rely on intuition on 

historical data, which limits the ability to implement preventive measures in high-risk areas before an 

outbreak occurs. This reactive approach not only results in higher infection rates but also increases the 

burden on healthcare systems and communities. 

Recognizing the critical need for early intervention and addressing existing challenges in dengue 

outbreak control, this study seeks to develop and validate a forecasting model based on historical dengue case 

data to accurately predict future outbreaks in Pangasinan, thereby providing a proactive tool for public health 

planning and intervention. Specifically, this study aims to address the lack of predictive systems by 

developing autoregressive integrated moving average (ARIMA) model, exploring to what extent it can be 

effectively applied to historical dengue case data of Pangasinan. 

The ARIMA model, a widely used statistical method for time series analysis [7], is particularly 

suited to modeling dengue incidence trends based on historical case data [8]. In recent years, numerous 

studies have employed the ARIMA model to forecast other range of infectious diseases globally, including 

influenza [9], and COVID-19 [10], highlighting its effectiveness in capturing seasonal patterns and predicting 

future outbreaks with reasonable accuracy. However, while the ARIMA model has been applied successfully 

in predicting infectious diseases globally, there is a gap in its localized application for specific regions like 

Pangasinan. Many existing studies have focused on national or broader regional forecasts, overlooking the 

importance of localized prediction models that consider region-specific trends. Addressing this gap can help 

tailor public health responses to the specific needs of local communities. 

The significance of this study lies in its potential to enhance the capacity of public health authorities 

to respond to dengue outbreaks proactively. By forecasting possible dengue surges, local officials can 

allocate resources more efficiently, target high-risk areas for preventive interventions, and ultimately reduce 

the spread of the disease. This study shall not only contribute to the growing body of research on dengue 

forecasting but also offer a practical solution tailored to the needs of Pangasinan, where dengue continues to 

threaten public health. 

 

 

2. RESEARCH METHOD 

This research study on forecasting dengue outbreaks using a predictive model followed a structured 

methodology. In the model selection phase, the researchers conducted an extensive review of recent related 

literature to identify the most suitable model for predicting dengue outbreaks. Relevant studies on time series 

forecasting methods were gathered and analyzed, focusing on models previously applied in the context of 

infectious disease prediction. Alternative models, such as seasonal autoregressive integrated moving average 

(SARIMA) and other machine learning approaches like long short-term memory (LSTM) networks, were 

considered. However, ARIMA was selected due to its interpretability, simplicity, and reliability, particularly 

for short-term dengue case predictions [11]. The decision to use ARIMA was guided by its ability to 

effectively model non-stationary time series data while capturing trends and seasonal variations. While 

SARIMA offers enhancements for explicitly handling seasonality, the seasonal component in dengue data for 

Pangasinan was adequately addressed using preprocessing and ARIMA parameters. Furthermore, machine 

learning models like LSTM, though powerful, require extensive computational resources, larger datasets, and 

are often less interpretable for non-technical stakeholders [12]. To effectively apply the selected ARIMA 

model, the following methodologies were employed to systematically develop, assess, and validate its 

predictive capabilities.  

 

2.1.  Data collection and preprocessing 

The historical dengue case data used in this study were obtained from the Provincial Epidemiology 

and Surveillance Unit (PESU) of Pangasinan, covering the period from 2019 to 2024. The dataset includes 

monthly dengue case counts from various municipalities in Pangasinan. The dataset was subjected to 

thorough preprocessing to ensure data quality and consistency. Missing values were examined and handled 

using the mean-fill technique, as recommended by Kamalov [13], to maintain temporal continuity and 

minimize bias in the dataset. Duplicate records were identified and removed to prevent data repetition. To 

ensure uniformity in data representation, municipality names were standardized by correcting typographical 

errors and ensuring consistent spelling. Redundant columns, such as administrative notes or metadata not 

relevant to the analysis, were eliminated to streamline the dataset and improve computational efficiency. 
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Additionally, the dataset was reformatted into a structured time-series format, with dengue case counts 

indexed by month and year to facilitate accurate temporal analysis. This restructuring ensured that each 

observation followed a consistent chronological order, enabling precise trend detection and forecasting. 

 

2.2.  ARIMA model training and evaluation 

The dataset was divided into 70% training data and 30% testing data to train and evaluate the model. 

This division adheres to established best practices in time-series forecasting, ensuring that a substantial 

portion of the data is used for model training while retaining a sufficient testing set for accurate evaluation 

and validation [14], [15]. Using at least two-thirds of the data for training ensures the model learns stable 

temporal patterns, while the remaining data allows for effective performance evaluation. The ARIMA model 

then was trained using the training dataset, enabling it to learn historical dengue case patterns. The model 

was implemented in R language using the forecast and tseries packages, which provide robust tools for time-

series analysis. The forecast package was used for ARIMA model estimation and prediction, while the tseries 

package facilitated statistical testing and preprocessing. 

To determine stationarity, the augmented dickey-fuller (ADF) test was performed, ensuring the data 

met ARIMA’s assumptions. The model parameters were identified using autocorrelation function (ACF) and 

partial autocorrelation function (PACF) plots, while the akaike information criterion (AIC) was utilized to 

optimize the selection of parameters that minimized forecasting error. 

 

2.2.1. ADF test for stationarity 

To determine whether the time series data were stationary, the ADF test was performed. The ADF 

test follows the (1):  

 

𝛥𝑌𝑡 = 𝛼 + 𝛽𝑡 + 𝛾𝑌𝑡−1 + ∑ 𝛿𝑖
𝑝
𝑖=1 𝛥𝑌𝑡−𝑖 + 𝜖𝑡 (1) 

 

Where Yt is the time series, ΔYt is the first-differenced value, t is time, α is a constant, β is the coefficient for 

trend, γYt−1 represents the lagged value, δi represents the lagged differenced terms, and ϵt is the white noise 

error term. The decision criteria for stationarity were based on the test statistic and p-value: If the test statistic 

is more negative than the critical value, the series is stationary. Thus, if the p-value is less than 0.05, the null 

hypothesis (presence of a unit root) is rejected, confirming stationarity.  

 

2.2.2. Model selection using AIC 

To identify the best-fitting ARIMA model, different model configurations were tested, and their 

AIC values were compared. AIC is calculated as (2): 

 

𝐴𝐼𝐶 = 2𝑘 − 2𝑙𝑛(𝐿) (2) 

 

Where: 𝑘 is the number of estimated parameters, and 𝐿 is the likelihood function. A lower AIC value 

indicates a better model fit. 

Moreover, the model’s performance was assessed using multiple statistical metrics, including mean 

absolute error (MAE) to measure the average magnitude of errors in forecasts, root mean squared error 

(RMSE) to capture large errors by penalizing higher deviations, and mean absolute percentage error (MAPE) 

to evaluate the model’s accuracy by comparing predicted and actual values. Additionally, mean absolute 

scaled error (MASE) was used to assess relative accuracy compared to a naïve forecasting model, while the 

ACF was analyzed to check for patterns in prediction errors. 

 

2.3.  Utilization of the ARIMA model 

In the final phase, the trained and validated ARIMA model was utilized to generate forecasts of 

dengue cases in Pangasinan. Diagnostic checks were conducted to ensure the reliability of the forecast, 

including residual analysis to confirm the absence of autocorrelation in errors, which ensures that the model’s 

predictions are independent and accurate. These forecasting methods provide a structured approach to 

anticipating dengue outbreaks and serve as a foundation for proactive public health planning. By assessing 

the residuals and validating the model’s assumptions, the model’s performance was further confirmed, 

ensuring its suitability for making accurate predictions. The model was then applied to predict which 

municipalities are likely to experience dengue outbreaks and to identify the specific months when the 

province of Pangasinan may be at higher risk for the year 2025. The forecasts were visualized through time 

series plots, highlighting potential peak periods and enabling a clearer understanding of the anticipated trends 

in dengue incidence. 
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3. RESULTS AND DISCUSSION 

The dataset used in this analysis consists of monthly dengue case records from various 

municipalities in Pangasinan, including four main variables: Month, Year, Municipality, and Dengue Cases. 

These variables provide a time-based breakdown of dengue cases, allowing for both temporal and spatial 

analysis of outbreak patterns. The results of this study are presented in two parts: (1) exploratory data 

analysis (EDA) of dengue data in Pangasinan, which examines historical trends and patterns in the dataset 

before proceeding to model development, and (2) Implementation of the ARIMA model, which focuses on 

the development, evaluation, and forecasting of dengue outbreaks using time-series modeling. 

 

3.1.  Exploratory data analysis of dengue data in Pangasinan 

As part of this analysis, a box plot was generated to compare the yearly distribution of dengue cases 

across municipalities in Pangasinan. Figure 1 presents this visualization, illustrating variations in dengue 

incidence from 2019 to 2024. This plot highlights the spread of cases each year, identifies potential outliers, 

and provides insights into the effectiveness of dengue control measures over time. By examining these 

distributions, the analysis offers a clearer understanding of annual trends and the extent of dengue outbreaks 

within the province. 

 

 

 
 

Figure 1. Comparison of annual dengue cases in Pangasinan from 2019 to 2024 

 

 

The box plot in Figure 1 provides an overview of the yearly dengue case distribution in Pangasinan 

from 2019 to 2024, showcasing the variations in case counts across different years. The results indicate that 

2019 experienced the highest median number of dengue cases, with a wider interquartile range and a greater 

spread, suggesting that dengue outbreaks were more severe and varied significantly during that year. In 

contrast, the median number of cases declined steadily from 2020 to 2023, reflecting a potential improvement 

in dengue control measures. The narrower interquartile ranges in 2021, 2022, and 2023 suggest more 

consistent and lower case number. However, in 2024, there is a noticeable increase in the median number of 

cases, along with a wider spread, indicating a possible resurgence of dengue outbreaks. The presence of 

outliers, represented by red dots, suggests sporadic surges in dengue cases during certain years, potentially 

indicating localized outbreaks. Notably, 2021 and 2022 have fewer extreme values, indicating more uniform 

case distribution. The sharp decline in cases from 2019 to 2023 suggests that control efforts may have been 

effective; however, the increase observed in 2024 underscores the need for continued vigilance and 

intervention. These findings emphasize the fluctuating nature of dengue outbreaks and the importance of 

sustained public health measures. However, while Figure 1 effectively captures overall trends at the 

provincial level, it does not provide insights into which municipalities contributed the most to these outbreaks 

or when peak dengue transmission occurred. 

To address these gaps, Figure 2 presents a heatmap illustrating the spatial and temporal distribution 

of dengue cases across municipalities in Pangasinan. This figure allows for a more detailed analysis by 

identifying high-burden areas and seasonal patterns. 
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Figure 2. Heatmap of spatial distribution of dengue cases in Pangasinan from 2019 to 2024 

 

 

The heatmap in Figure 2 provides a detailed visualization of the temporal and spatial distribution of 

dengue cases across various municipalities in Pangasinan from 2019 to 2024. The intensity of the color 

gradient represents the severity of dengue outbreaks, with brightest red color indicating higher case 

concentrations. A clear seasonal trend emerges, with dengue cases peaking predominantly between July and 

October each year. This pattern strongly aligns with the well-documented peak dengue season in the 

Philippines, which coincides with the country’s rainy season from June to October [16]. During this period, 

the increased rainfall contributes to the accumulation of stagnant water in various environments, such as 

containers, drains, and waterlogged areas, providing optimal breeding grounds for Aedes aegypti, the primary 

mosquito vectors responsible for dengue transmission. Moreover, the heatmap reveals that dengue outbreaks 

are not uniformly distributed across municipalities, with certain areas experiencing persistently high case 

counts throughout the study period. These municipalities may have environmental conditions, population 

density, or sanitation challenges that contribute to sustained dengue transmission. The recurring peak in cases 

during the rainy season suggests that dengue outbreaks in Pangasinan follow a predictable annual cycle, 

emphasizing the critical need for proactive control measures before the onset of the rainy season. 

While the EDA provides valuable insights into the historical trends and variations of dengue 

outbreaks in Pangasinan, it is clear that relying on these trends alone is insufficient for proactive public health 

management. The seasonal peaks, along with the spatial distribution of cases across municipalities, highlight 

the need for a forecasting tool that can anticipate future outbreaks and guide timely interventions. The 

observed fluctuations in the data, underscore the importance of developing a model that can predict these 

cyclical events with a degree of accuracy. Therefore, the ARIMA model was developed and applied to 

forecast future dengue outbreaks in Pangasinan. The following sections present the ARIMA model 

implementation, covering its training, evaluation, and use in forecasting future outbreaks. 

 

3.2.  Implementation of ARIMA model in dengue data of Pangasinan 

Time series models such as ARIMA, SARIMA, and machine learning techniques have been widely 

used to predict infectious diseases; however, their application to localized dengue forecasting, especially for 

specific regions like Pangasinan, has been limited. Most previous studies have focused on national or broader 

regional predictions, often overlooking the distinct patterns that may exist at the municipal level. To address 

this gap, the ARIMA model was chosen and employs due to its ability to capture seasonal patterns and 

temporal dependencies, offering a more tailored and localized forecast for Pangasinan’s unique 

epidemiological context. 

 

3.2.1. ARIMA model training and testing 

To build a predictive model, the dataset was divided into two segments: a training set and a testing 

set. Following the standard approach, the 70% of the data was allocated for training, and 30% for testing.  

The training set was used to develop and fit the ARIMA model, allowing it to learn historical trends and 

seasonal patterns. The remaining 30% served as the testing set, enabling the evaluation of the model’s 
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performance and forecast accuracy. Consequently, after training the ARIMA model, it was necessary to 

ensure that the time series data were stationary, as stationarity is a fundamental assumption for ARIMA 

modeling. To verify this, the ADF test was conducted on the dengue case data. The ADF test assesses 

whether a time series contains a unit root, indicating non-stationarity. The null hypothesis (H₀) states that the 

series is non-stationary, while the alternative hypothesis (H₁) suggests that the series is stationary. The results 

of the ADF test for the dengue case dataset are presented in Table 1. 

Since the test statistic (-3.21) is more negative than the critical value (-2.89) and the p-value (0.021) 

is below the significance level (0.05), the null hypothesis was rejected. This confirms that the dengue case 

dataset is stationary, meaning it does not require additional differencing before model training. Once 

stationarity was confirmed, the next step involved selecting the best ARIMA model by evaluating multiple 

configurations using the AIC. To identify the optimal ARIMA model, different parameter combinations were 

tested, and their corresponding AIC values were recorded. The results are presented in Table 2. 

 

 

Table 1. ADF test results 
Variable Value 

Test Statistics -3.21 

Critical Value (5%) -2.89 

p-value 0.021 
Decision Stationary 

 

 

Table 2. AIC values for different ARIMA models 
Model AIC value Selected? 

ARIMA (1,1,0) 320.5 No 

ARIMA (2,1,1) 310.2 Yes 

ARIMA (3,1,2) 315.7 No 

 

 

Among the models tested, ARIMA (2,1,1) achieved the lowest AIC value (310.2), making it the 

optimal model for forecasting dengue cases in Pangasinan. This model was preferred as it effectively 

captured the temporal patterns in the dataset while avoiding unnecessary complexity. The selected model was 

then applied to generate forecasts, which are discussed in the following sections. 

After finalizing the ARIMA (2,1,1) model, the next step was to evaluate its performance by testing it 

on the reserved dataset. The following plot compares the actual dengue cases with the forecasted values 

based on this train-test setup. This comparison provides a clear indication of the model’s ability to predict 

future cases, demonstrating its effectiveness in forecasting dengue trends in Pangasinan. 

Figure 3 presents the comparison between the forecasted and actual dengue cases in Pangasinan, 

illustrating the testing phase of the ARIMA model. As previously discussed in Tables 1 and 2, the model’s 

training phase was numerically validated. To visualize the performance of the ARIMA (2,1,1) model, Figure 3 

plots the historical and forecasted dengue case data. For model testing, 30% of the dataset, starting from mid-

2022 through the remainder of 2024, was used, as indicated by the orange line in the figure. The forecasted 

dengue cases, generated using the trained ARIMA model, are shaded in dark blue. This forecast was derived by 

applying the model to the test dataset (30%), and the resulting predictions closely align with the historical data, 

demonstrating the ARIMA model’s effectiveness in accurately predicting future dengue cases. 

Although the model captures the overall trend, its predictive accuracy is limited, as it fails to 

precisely match the actual dengue case numbers. Despite these limitations, the model successfully identifies 

and projects the general seasonal pattern of dengue cases. A notable deviation occurs in 2024, where a sharp 

increase (orange line) in predicted cases stands out. This shift can be partially attributed to the reduced case 

numbers observed from 2019 to 2023. During the COVID-19 pandemic, people were less likely to seek 

hospital care for dengue symptoms [17], either due to fear of virus exposure [18] or restrictions on hospital 

admissions [19]. This led to an underreporting of dengue cases during this period, causing the data to reflect 

unusually low counts [20]. As a result, the model, which relies heavily on historical trends, may project a 

surge in cases post-pandemic due to the data discrepancies. This spike emphasizes the challenges of using 

historical data from irregular periods for accurate predictions. Additionally, environmental and climatic 

factors, such as rainfall and temperature, were not incorporated into the model. Integrating these variables in 

future studies may improve prediction precision [21]. Lastly, the model is more effective for short-term 

forecasting but may require recalibration if applied beyond a few years due to evolving disease transmission 

dynamics. Nevertheless, the model offers valuable insight into potential case trends, highlighting the need for 

cautious interpretation when analyzing pandemic-era data for future forecasting. 
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Figure 3. Comparison of actual and forecasted dengue cases in Pangasinan using ARIMA (2,1,1) 

 

 

3.2.2. ARIMA model evaluation 

To evaluate the accuracy of the ARIMA (2,1,1) model, the following statistical metrics were 

utilized: mean error (ME), RMSE, MAE, mean percentage error (MPE), MAPE, MASE, and the ACF. These 

metrics are widely accepted for assessing forecast performance, particularly for ARIMA models, as they 

measure prediction accuracy and offer insights into error characteristics [22], [23]. Table 3 presents the 

model’s accuracy results based on these metrics. 

 

 

Table 3. ARIMA model accuracy results and evaluation metrics 
ME RMSE MAE MPE MAPE MASE ACF1 

-0. 0584633 1.142621 0.7401241 8.621976 21.69555 0.2733227 0.1425339 

 

 

With a ME of -0.058 and a low MAE of 0.740, the model shows minimal bias and keeps average 

errors relatively small, suggesting reliable predictive performance. The RMSE of 1.143 indicates slightly 

larger errors are present but still within an acceptable range. A MAPE of 21.70% suggests moderate 

accuracy, with forecasted values deviating by an average of 21.70% from actual observations, which is 

generally acceptable in forecasting but could be improved. The MASE of 0.273 indicates that the model is 

significantly more accurate than a naive approach, while the low autocorrelation (ACF1 = 0.143) shows that 

residuals are mostly pattern-free, implying a good fit to the data’s underlying structure. 

To further evaluate the developed model, the MAPE is utilized as a key metric in calculating the 

accuracy percentage of the forecasted results. The percentage accuracy can then be derived as (3): 

 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 (%) = 100 − 𝑀𝐴𝑃𝐸  

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 (%) = 100 − 21.69555 (3) 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 (%) = 78.30445%  

 

So, based on the MAPE of 21.70%, the computed accuracy suggests that, on average, the model’s 

forecasts are accurate in capturing about 78.30% of the actual variation in dengue cases. This level of 

accuracy is generally acceptable, though the acceptable threshold often depends on the field and the 

criticality of predictions. Machine learning is subjective, and having a predictive accuracy above 70% is 

already considered a great model [24]. Kästner [25] claims that a model’s accuracy depends entirely on the 

problem, and an accuracy range of 70%-90% is not only realistic but also considered useful and insightful. 

While the MAPE of 21.70% reflects some degree of error, it indicates that the model is still valuable for 

forecasting trends and providing actionable insights for public health decision-making. The findings of this 

study also align with previous research demonstrating the effectiveness of ARIMA in infectious disease 

forecasting. For instance, Othman et al. [8] applied ARIMA to dengue incidence in Surabaya and achieved 
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similar seasonal forecasting accuracy, confirming ARIMA’s robustness in capturing periodic trends. 

Likewise, several studies [26], [27] found that ARIMA performed comparably to LSTM for short-term 

infectious disease prediction, further validating the model’s suitability for dengue forecasting in resource-

limited settings. However, unlike national-scale models that generalize trends, this study focused on 

municipal-level predictions, allowing for targeted interventions at a granular level.  

 

3.2.3. Forecasting dengue outbreaks in Pangasinan using ARIMA model 

While the ARIMA model may not be flawless, it offers valuable insights into the general trends and 

patterns of dengue outbreaks in Pangasinan from 2019 to 2024. The close alignment between the observed 

and predicted cases in the testing period (as seen in Figure 3) highlights the model’s effectiveness in 

capturing key temporal patterns. The model provides useful forecasts for future dengue cases, though it may 

not always capture sudden spikes or anomalies.  

To further evaluate its utility, the ARIMA model was applied to forecast dengue cases in Pangasinan 

for the year 2025. This forecast builds on the historical trends observed in the previous years, offering 

projections that align with seasonal fluctuations in dengue incidence. Figure 4 presents the model’s predicted 

dengue cases for 2025, highlighting the expected seasonal peaks and variations in case counts. 

 

 

 
 

Figure 4. Forecasted dengue cases in Pangasinan for the year 2025 

 

 

The ARIMA model’s forecast for dengue cases in Pangasinan in 2025 reveals a clear anticipated 

rise, consistent with the seasonal patterns observed in previous years. As seen in the Figure 4, the forecasted 

dengue cases show a gradual upward trend beginning in the middle of the year and reaching a notable peak in 

the latter half of the year 2025. This pattern mirrors historical data, where dengue cases tend to surge during 

the rainy season when environmental conditions favor mosquito breeding. The forecasted trend highlights the 

model’s ability to capture these recurring seasonal fluctuations, projecting an increase in cases as favorable 

conditions accumulate over time. 

To further explore the model’s performance in a more detailed time context, the researchers applied 

the ARIMA model to forecast monthly dengue cases for 2025. Building upon the forecasted rise in dengue 

cases for the latter half of 2025 (as shown in Figure 4), Figure 5 provides a more granular view by presenting 

the predicted monthly dengue cases in Pangasinan highlighting the exact periods that may experience the 

highest case counts. This detailed breakdown allows to pinpoint the specific months when the peak in dengue 

cases is expected to occur, offering a clearer picture of the anticipated seasonal fluctuations. 

In Figure 5, the graph shows a substantial rise in dengue cases during the latter part of 2025, with a 

steady increase beginning in August and reaching a peak in October. The developed ARIMA model appears 

effective in capturing the seasonality and cyclical nature of dengue cases by projecting a peak period that 

aligns with observed historical trends. This suggests that the model accurately incorporates past seasonal 

fluctuations to anticipate future outbreaks. By accurately predicting the high-risk months, the model 

demonstrates its utility in guiding public health responses, allowing for targeted interventions in anticipation 

of peak dengue periods. 
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Furthermore, to assist local health units in their preparedness efforts, the ARIMA model was applied 

to forecast dengue cases at the municipal level. Figure 6 presents these forecasts, ranking municipalities 

based on projected dengue cases for 2025, from the highest to the lowest. This detailed breakdown not only 

reinforces the seasonal trends observed in the overall provincial forecast but also provides a more granular 

view, identifying which municipalities are most likely to experience the highest dengue outbreaks. 

 
 

 
 

Figure 5. Forecasted monthly dengue cases for 2025 (Total for all municipalities) 
 

 

 
 

Figure 6. Forecasted dengue cases per municipality in 2025 (Highest to Lowest) 
 

 

The ARIMA model appears to perform well in forecasting dengue cases, as its predictions for 2025 

closely align with historical patterns observed from 2019 to 2024. The municipalities projected to have high 

dengue cases in 2025—such as Bayambang, Lingayen, San Carlos City, Malasiqui, and Bugallon—are 

consistent when compared with the areas that historically recorded higher cases, especially during peak 

months. Municipalities like Urdaneta City, Santa Barbara, and Alaminos City are in the moderate-risk 

category, while areas such as Agno, Burgos, and Infanta show low predicted case counts, reflecting 

historically lower incidence levels. This alignment suggests that the model effectively captures the 

underlying seasonal and geographical trends in dengue incidence, reinforcing its reliability for identifying 

high-risk municipalities. 



Int J Inf & Commun Technol  ISSN: 2252-8776  

 

Exploratory data analysis and forecasting of dengue outbreaks in Pangasinan … (Patrick Mole) 

55 

4. CONCLUSION 

This study successfully developed and validated an ARIMA model for forecasting dengue outbreaks 

in Pangasinan, utilizing historical data from 2019 to 2024. The model demonstrated reasonable predictive 

accuracy, achieving an average forecast accuracy of 78.3%, and effectively capturing the seasonal trends of 

dengue incidence in the region. The results highlighted potential increases in dengue cases for the year 2025, 

particularly during peak rainy months, aligning with observed historical patterns. Additionally, the forecasts 

identified high-risk municipalities, offering actionable insights for targeted public health interventions. These 

findings imply that the ARIMA model is a valuable tool for anticipating dengue outbreaks, providing a 

reliable basis for proactive planning and resource allocation. By enabling timely identification of high-risk 

periods and locations, this model can enhance public health responses, reduce the burden of dengue 

outbreaks, and contribute to more effective disease prevention strategies in Pangasinan. 
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