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ABSTRACT 

Accurately forecasting the transmission of infectious diseases, such as Dengue Haemorrhagic Fever (DHF), is 

essential for robust public health planning. This study assesses the performance of three time-series forecasting 

models—Exponential Smoothing, Autoregressive Integrated Moving Average (ARIMA), and Seasonal 

ARIMA (SARIMA)—in predicting annual DHF cases in Malaysia from 2011 to 2021. Model accuracy was 

evaluated using the Mean Absolute Percentage Error (MAPE). Results indicate that ARIMA and SARIMA 

yielded the lowest error rates (73.34%), whereas Exponential Smoothing performed less effectively (76.79%). 

ARIMA was preferred due to its simplicity and comparable predictive power. Although these error rates 

exceed the standard 10–20% threshold for reliable forecasting, the study demonstrates that these models have 

significant potential when integrated with more granular data and external covariates. Furthermore, a three-

segment piecewise nonlinear regression was employed to identify structural changes in DHF trends. This 

combined analytical approach provides deeper insights into disease progression and strengthens the evidence 

base for effective public health interventions. 
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INTRODUCTION 

Dengue Haemorrhagic Fever (DHF) is a severe, potentially fatal condition caused by the dengue virus, which 

is primarily transmitted by Aedes aegypti and Aedes albopictus mosquitoes (Guzman et al., 2025). Tropical 

nations, including Malaysia, frequently face significant dengue outbreaks driven by a complex interplay of 

environmental and socioeconomic factors (Shepard et al., 2013). Consequently, accurate forecasting of dengue 

incidence is vital for optimizing public health planning and resource allocation. 

Time-series forecasting methods, such as Exponential Smoothing, Autoregressive Integrated Moving Average 

(ARIMA), and Seasonal Autoregressive Integrated Moving Average (SARIMA), are widely utilized in 

epidemiological research (Hasan et al., 2024). These models are particularly effective at capturing temporal 

patterns and seasonal variations in disease incidence (Box et al., 2015). Exponential Smoothing models, which 

prioritize recent observations, are well-suited for short-term predictions (Hyndman & Athanasopoulos, 2018). 

In contrast, ARIMA and SARIMA integrate autoregressive, differencing, and moving average components; 

notably, SARIMA extends this framework by explicitly accounting for seasonal components within the data 

(Makridakis et al., 2020). 

These forecasting models have proven their applicability in various epidemiological contexts. For instance, 

ARIMA and SARIMA models have provided predictive insights into dengue transmission in Bangladesh 
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(Hasan et al., 2024). Furthermore, researchers have employed SARIMA and its climate-augmented variant 

(SARIMAX) to develop dengue prediction models tailored to Tawau, Malaysia (Jayaraj et al., 2019). Building 

upon this body of work, this study aims to develop a reliable predictive model for DHF by applying these time-

series techniques to historical dengue data in Malaysia. 

LITERATURE REVIEW 

Dengue Haemorrhagic Fever (DHF) remains a significant public health challenge in Malaysia. The country’s 

tropical climate facilitates the proliferation of Aedes aegypti and Aedes albopictus mosquitoes, which serve as 

the primary vectors for the virus. The incidence of dengue in Malaysia has increased substantially over the past 

few decades, with official statistics indicating a rise from 44.3 cases per 100,000 population in 1999 to 181 

cases in 2008 (MoH, 2015). Consequently, accurate forecasting of DHF cases is essential for proactive early 

intervention and optimized resource allocation. Exponential Smoothing (ES) represents one of the foundational 

time-series techniques for short-term forecasting. Valued for its computational simplicity and efficiency in 

capturing immediate patterns, it is effective at smoothing noisy data and adapting quickly to recent trends 

(Kumar et al., 2024; Cantarella et al., 2025). However, its limited capability to explicitly model seasonality 

restricts its utility for diseases like dengue, which typically exhibit strong seasonal cycles. The Autoregressive 

Integrated Moving Average (ARIMA) model, introduced by Box and Jenkins, is widely utilized in time-series 

forecasting for its capacity to model linear trends in stationary data. It has been applied successfully across 

numerous epidemiological studies, proving effective for short-term projections (ArunKumar et al., 2022; 

Siddique et al., 2025). Nevertheless, its performance diminishes when applied to datasets characterized by 

strong seasonality. 

To address the limitations of ES and ARIMA, the Seasonal ARIMA (SARIMA) model was selected for this 

study. SARIMA is particularly effective for analysing time-series data with periodic behaviour, a feature 

widely recognized in healthcare, logistics, and energy forecasting (Li et al., 2025; Feng et al., 2025). In 

addition to these time-series models, this study employs nonlinear regression via piecewise curve fitting to 

detect structural changes in the data. By segmenting the data into distinct intervals with varying slopes, this 

method can identify critical turning points in disease trends that often correspond to major outbreaks or shifts 

in public health intervention efforts (Elshaar et al., 2025). Model performance is evaluated using the Mean 

Absolute Percentage Error (MAPE). While MAPE is a popular and intuitive metric in time-series analysis, it 

can be biased in the presence of small actual values (McKenzie et al., 2011). Despite these limitations, it 

remains a standard choice for benchmarking accuracy in disease forecasting. Ultimately, the combined 

application of ES, ARIMA, SARIMA, and piecewise curve fitting enables a comprehensive approach to DHF 

trend analysis, providing a comparative evaluation to inform the selection of effective tools for public health 

planning and response in Malaysia. 

METHODOLOGY 

The flowchart outlines a sequential research methodology for evaluating and selecting an optimal forecasting 

model or analytical technique based on accuracy. 

 

Figure 1. Research flow of Methodology 

http://www.rsisinternational.org/


INTERNATIONAL JOURNAL OF RESEARCH AND INNOVATION IN SOCIAL SCIENCE (IJRISS) 

ISSN No. 2454-6186 | DOI: 10.47772/IJRISS | Volume X Issue VIII August 2026 

 

www.rsisinternational.org 

Page 2749 

 
 

 

Model and Data 

This study forecasts annual Dengue Hemorrhagic Fever (DHF) cases in Malaysia using three time series 

models: Double Exponential Smoothing, Autoregressive Integrated Moving Average (ARIMA), and Seasonal 

ARIMA (SARIMA). Annual DHF case data for the period 2011–2021 was obtained from the official Malaysia 

Open Data Portal (archive.data.gov.my) on order to ensuring data reliability. 

Model Calibration 

The Double Exponential Smoothing method was implemented in Microsoft Excel. By using a smoothing 

constant α=0.8. That is selected based on trial performance. The ARIMA and SARIMA models were 

developed in RStudio using the forecast and fable packages. 

For ARIMA, the data was first tested for stationarity using the Augmented Dickey-Fuller test. Differencing 

was applied where necessary. The (p, d, q) parameters were selected using Autocorrelation Function (ACF) 

and Partial Autocorrelation Function (PACF) plots. 

For SARIMA, the dataset was converted into a time-aware tribble structure with both non-seasonal (p, d, q) 

and seasonal (P, D, Q, s) parameters were determined automatically by the fitting procedure. That is with 

manual validation against residual diagnostics. 

Equation 

The general equation for Exponential Smoothing is: 

𝐹𝑡+𝑚 = 𝛼𝑦𝑡 + (1 − 𝛼)𝐹𝑡   , 0 < 𝑎 ≤ 1,   𝑡 > 0   

Where,  𝑦𝑡 is actual value at time t. α is smoothing constant. 𝐹𝑡 is forecast demand for time t.  𝐹𝑡+𝑚 is forecast 

demand for time t plus period m. 

The ARIMA model is expressed: 

𝑦𝑡 = 𝑐 + ∅1𝑦𝑡+1 + ⋯ + ∅𝑝𝑦𝑡−𝑝 + 𝜃1𝑦𝑡−1 + ⋯ + 𝜃𝑞𝜀𝑡−𝑞 + 𝜀𝑡  

Where, 𝑦𝑡 is actual value at time t. c is constant or intercept. ∅𝑝 is an autoregressive (AR) coefficient. 𝜃𝑞 is 

moving average (MA) coefficients. 𝜀𝑡 is random error (white noise) at time t. p is order of the autoregressive 

(AR) terms. d is degree of differencing to make the series stationary. q is the order of the moving average 

(MA) terms. 

The SARIMA model extend ARIMA as:  

(1 − ∅1𝐵)(1 − 𝐵)𝑑(1 − Ф1𝐵𝑚)(1 − 𝐵𝑚)𝐷𝑦𝑡 = (1 + 𝜃1𝐵)(1 + 𝛩1𝐵𝑚)𝜀𝑡  

Where, 𝑦𝑡 is actual value at time t. m represent seasonal period. B is a backshift operator. (1 − ∅1𝐵) is a non-

seasonal autoregressive (AR). (1 − Ф1𝐵𝑚) is seasonal autoregressive (AR).  (1 − 𝐵)𝑑 is non-seasonal 

difference. (1 − 𝐵𝑚)𝐷 is seasonal difference. (1 + 𝜃1𝐵) is non-seasonal moving average (MA). (1 + 𝛩1𝐵𝑚) 

is seasonal moving average (MA). 𝜀𝑡 is random error (white noise) at time t. p is order of the autoregressive 

(AR) terms  (1 − ∅1𝐵). d is degree of differencing to make the series stationary. q is the order of the moving 

average (MA) terms. P is seasonal autoregressive (AR). D is seasonal differencing and Q seasonal moving 

average (MA) terms. 

Model Evaluation 

The Mean Absolute Percentage Error (MAPE) was used to compare forecasting across models: 
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where 𝑌𝑖 and 𝑌̂ represent actual and forecasted values. The model with the lowest MAPE was selected for final 

prediction. 

Additionally, nonlinear regression via piecewise curve fitting (three-, four-, and five-segment) was conducted 

using Sigma Plot to detect structural changes in DHF trends. The best-fitting model was selected based on 𝑅2 

and error statistics. 

RESULTS AND DISCUSSION 

Exponential Smoothing 

Table 1 presents the actual and forecasted annual DHF cases obtained using the Exponential Smoothing 

method. Whereas Figure 2 illustrates the comparison between observed and predicted values. 

Table 1. Result of Exponential Smoothing 

Year (X) Total Cases (Y) Forecast 

2011 1418 1418.00 

2012 719 1418.00 

2013 774 858.80 

2014 1101 790.96 

2015 1040 1038.99 

2016 635 1039.80 

2017 406 715.96 

2018 406 467.99 

2019 523 418.40 

2020 344 502.08 

2021 64 375.62 
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Figure 2. Result of Exponential Smoothing 

Figure 2 illustrates the comparative performance between actual recorded cases and the predicted values 

generated using Single Exponential Smoothing over an 11-year period (2011–2021). Overall, both actual cases 

and forecasted values demonstrate a significant downward trajectory, declining from approximately 1,420 

cases in 2011 to fewer than 400 cases by 2021. 

Arima 

The table below displays the actual data together with the forecasted data from the Autoregressive Integrated 

Moving Average (ARIMA). While the figure below the table displayed the chart graph of Autoregressive 

Integrated Moving Average (ARIMA). 

Table 2. Result of ARIMA 

Year (X) Total Cases (Y) Forecast 

2011 1418 913.24 

2012 719 998.31 

2013 774 516.02 

2014 1101 945.89 

2015 1040 860.07 

2016 635 851.10 

2017 406 497.76 

2018 406 606.19 

2019 523 515.82 

2020 344 693.91 

2021 64 357.50 
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Figure 3. Result of ARIMA 

Figure 3 illustrates the forecasting performance of the ARIMA model compared against actual recorded cases 

over an 11-year period (2011–2021). The model captures the overall downward trend alongside key directional 

shifts, such as synchronously forecasting the 2014 peak (~950 predicted vs. ~1,100 actual) and intersecting 

accurately at the 2019 data point (~520 cases). However, ARIMA exhibits significant forecast error during 

sudden extreme fluctuations, most notably underpredicting the 2011 baseline (~910 predicted vs. ~1,420 

actual) and overpredicting the sharp final drop in 2021 (~360 predicted vs. ~65 actual). 

Sarima 

The table below displayed the actual data together with the forecasted data from the Seasonal Autoregressive 

Integrated Moving Average (SARIMA). While the diagram below the table displays the chart graph of 

Seasonal Autoregressive Integrated Moving Average (SARIMA). 

Table 3. Result of SARIMA 

Year (X) Total Cases (Y) Forecast 

2011 1418 913.24 

2012 719 998.31 

2013 774 516.02 

2014 1101 945.89 

2015 1040 860.07 

2016 635 851.10 

2017 406 497.76 
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2018 406 606.19 

2019 523 515.82 

2020 344 693.91 

2021 64 357.50 

 

Figure 4. Result of SARIMA 

Figure 4 illustrates the empirical and predicted case values generated by the Seasonal Autoregressive 

Integrated Moving Average (SARIMA) model from 2011 to 2021. Overall, SARIMA captures the downward 

trajectory of the series while correctly signalling directional inflections, such as the peak observed in 2014 and 

the convergence point in 2019. 

However, because the dataset consists of annual observations without multi-period seasonal dynamics within 

each year, the seasonal parameters provide minimal distinct adjustments over standard ARIMA modelling. 

Consequently, the model encounters substantial tracking error at the boundaries, severely underestimating the 

initial 2011 peak (~910 predicted vs. ~1,420 actual) and overestimating the trailing edge in 2021 (~360 

predicted vs. ~65 actual). 

Error Analysis 

The graph bellow represents the actual data, Exponential Smoothing, Seasonal Autoregressive Integrated 

Moving Average (SARIMA) and Autoregressive Integrated Moving Average (SARIMA). In order to visualize 

which method is the closes to achieve the best fit. 

0

200

400

600

800

1000

1200

1400

1600

2010 2012 2014 2016 2018 2020 2022

SARIMA

TOTAL CASES FORECAST

http://www.rsisinternational.org/


INTERNATIONAL JOURNAL OF RESEARCH AND INNOVATION IN SOCIAL SCIENCE (IJRISS) 

ISSN No. 2454-6186 | DOI: 10.47772/IJRISS | Volume X Issue VIII August 2026 

 

www.rsisinternational.org 

Page 2754 

 
 

 

 

Figure 5. Error Analysis 

The table below present Mean Absolute Percentage Error (MAPE) of each method. To evaluate which 

methods has the least amount of error. 

Table 4. Error Analysis 

Methods MAPE 

Exponential Smoothing 76.79% 

ARIMA 73.34% 

SARIMA 73.34% 

Exponential Smoothing produced the highest error among the evaluated models, yielding a Mean Absolute 

Percentage Error (MAPE) of 76.79%. In contrast, both ARIMA and SARIMA demonstrated superior 

predictive performance with an identical MAPE of 73.34%, exhibiting lower deviation from the actual 

recorded cases compared to Exponential Smoothing. Given their identical accuracy metrics, ARIMA is 

preferred for operational deployment due to its lower computational complexity and structural simplicity. 

Overall, the empirical findings confirm that ARIMA and SARIMA outperform Exponential Smoothing in 

predicting Dengue Haemorrhagic Fever (DHF) cases. Although SARIMA incorporates seasonal parameters, it 

failed to provide an accuracy advantage over standard ARIMA for this dataset. This lack of improvement is 

primarily attributable to the absence of strong, multi-period seasonal dynamics in annual case counts. 

Despite outperforming Exponential Smoothing, both ARIMA and SARIMA exhibited exceptionally high 

MAPE values exceeding 70%, indicating limited overall predictive precision. This substantial forecast error is 

likely driven by unmodeled exogenous drivers, such as climatic variables, vector control interventions, and 

population mobility. Future research could enhance predictive accuracy by integrating these external 

covariates or using higher-frequency data (e.g., weekly or monthly case counts) to capture underlying temporal 

dynamics more effectively. 

CONCLUSION 

The empirical evaluation of the forecasting models based on Mean Absolute Percentage Error (MAPE) 

revealed that both ARIMA and SARIMA achieved the lowest overall error rate of 73.34%. In contrast, the 

Exponential Smoothing method recorded the highest error at 76.79%. These outcomes demonstrate that 
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ARIMA and SARIMA yield predictions that align more closely with actual Dengue Haemorrhagic Fever 

(DHF) case data than Exponential Smoothing. 

Although SARIMA extends standard ARIMA modelling to capture seasonal dynamics, the identical error rates 

between the two models indicate that seasonal variations are weak or negligible within this dataset. 

Conversely, Exponential Smoothing—which lacks the structural capacity to account for temporal 

autocorrelation—exhibited the lowest overall accuracy among all evaluated methods. 

Consequently, the core objectives of this study were successfully achieved through the implementation and 

comparative assessment of Exponential Smoothing, ARIMA, and SARIMA models for forecasting DHF 

incidence in Malaysia. Balancing predictive precision with structural simplicity, ARIMA emerged as the 

optimal forecasting approach. Utilizing the ARIMA framework, the projected number of DHF cases for 2022 

is estimated at 423. These findings underscore ARIMA's utility as a robust tool for short-term epidemiological 

trend forecasting in contexts where seasonal effects are minimal. 
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