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Abstract 

Dengue Hemorrhagic Fever (DHF) outbreaks was one of the lethal health problems in 

Thailand. Aedes aegypti was the main mosquito vector that transmitted the dengue virus from 

person to person. There was no available treatment other than supportive care. Responsibly 

forecasting where DHF outbreaks occur before dengue occurrence season could help public 

health officials prioritize public health activities to prevent and control this disease. To develop 

a forecasting model in anticipating the number of DHF cases in Thailand using time series 

analysis. We developed autoregressive integrated moving average (ARIMA) models on the 

data collected between January 2004–August 2019. The models were validated over the testing 

period (September–December 2019) and forecasted DHF cases from January–June 2020. The 

results revealed that the regressive forecast curves were consistent with the pattern of actual 

values. The ARIMA (1,1,1)(1,1,1)12 model fitting was adequate for the data with the Q-statistic 

(Q=22.14, p-value =0.076). The observed and predicted DHF cases from January 2004–August 

2019 matched reasonably well. Time-series forecasting of DHF cases in Thailand may offer 

the potential for improving planning, control and prevention by public health intervention.   
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Introduction 

People at risk for dengue disease inhabit tropical and subtropical regions around the 

world with an estimated 40% of the global population at risk for dengue infection and 390 

million cases annually (WHO, 2017). Dengue Hemorrhagic Fever (DHF) outbreaks was one 

of the lethal health problems in Thailand. It was caused by the dengue virus, belonging to the 

genus Flavivirus, family Flaviviridae. DHF can occur when someone was bitten by a mosquito 

or exposed to blood infected with the dengue virus. Infected mosquitoes were the most common 

causes. Aedes aegypti was the main mosquito vector that transmitted the dengue virus from 

person to person in South-East Asia, including Thailand. (Halstead, 1990; Barbazan et al, 

2002). Researchers are working on a vaccine to prevent dengue fever. However, it is currently 

unavailable. The best way to prevent dengue fever is to protect yourself from being bitten by 

mosquitos. There was no available treatment other than supportive care so that responsibly 

forecasting where DHF outbreaks occur before dengue occurrence season could help public 

health officials prioritize public health activities to prevent and control this disease (Gubler, 

1998; Phun-Urai et al., 1995; Severson et al., 2004; Lauer et al., 2017). The objective of this 

study was to develop a forecasting model in anticipating the number of DHF cases in Thailand 

using time series analysis. 
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Materials and methods 

We developed autoregressive integrated moving average (ARIMA) models on the data 

collected between January 2004–August 2019. The models were validated over the testing 

period (September–December 2019) and forecasted DHF cases from January–June 2020. This 

monthly DHF data were obtained from the Bureau of Epidemiology, Ministry of Public Health, 

Thailand. 

 

Study Area 

Thailand is located at 99° 58' E, 5° 37' N and 101° 8' E, in the middle of mainland 

Southeast Asia. It has a total size of 513,120 km2 (198,120 sq mi) which is the 50th largest in 

the world. The land border is 4,863 km (3,022 mi) long with Myanmar, Cambodia, Laos and 

Malaysia.  

Statistical analysis 

Autoregressive integrated moving average ( ARIMA)  models have been used for 

analyzing time series data containing seasonal trends to develop a forecasting model by Box 

and Jenkins (Wei, 1989). This method consisted of identification, estimation, diagnostic 

checking and forecasting. ARIMA model may include autoregressive ( p)  terms, differencing 

(d) terms and moving average (q) operations and is represented by ARIMA (p, d, q) (Box and 

Jenkins, 1976). Seasonal ARIMA (SARIMA) is an extension of the ARIMA method to a series 

which a pattern repeats seasonally over time. It usually causes the series to be nonstationary 

whose statistical properties such as mean and variance are not constant over time. The Seasonal 

autoregressive (P), seasonal differencing (D), and seasonal moving average parameters (Q) and 

s defines the number of time periods until the pattern repeats again for a monthly data was 

represented as SARIMA (p, d, q) (P, D, Q)s. SPSS for Windows version 24.0 was used to 

analysis and determine the fitting model. 

First, a check for stationary was made with the aid of a control chart, which was a useful 

graphical device for detecting the lag of stationary in a time-series analysis. With 188 monthly 

values used for model synthesis, only correlations at the first 188/4 ≈ 47 lags needed to be 

examined. (Lim and McAleer, 2002). The basic idea was to superimpose reference lines, called 

control limits, on a time-series plot. A proposed definition of the limits used the mean (𝑥̅ ) and 

the standard deviation (S.D.) of the time series and regarded the lower control limit as LCL = 

-3S.D. and the upper control limit as UCL = +3S.D.  

After verifying that the series was stationary, an ARIMA model was developed. An effort 

was made to express each observation as a linear function of the previous value of the series 

(autoregressive parameter) and of the past error effect (moving average parameter). The 

adequacy of the above model was checked by comparing the observed data (i.e. September–

December 2019) with the forecasted results (i.e. January–December 2020). The requirements 

were confirmed by inspecting the graphs of the Autocorrelation Function (ACF) and Partial 

Autocorrelation Function (PACF). A set of lengthy time-series data was required for univariate 

time-series forecasting. It was usually recommended that at least 50 observations should be 

available (Hammon, 1960). Therefore, 188 observations were used in this study.  
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As a first step to model identification, the monthly DHF cases time series Yt for 15 years 

and 8 months or 188 months were used for constructing the Univariate Box-Jenkins model, 

while data for the remaining 4 months were reserved for model evaluation. Using the general 

term of it was given: (Chang et al., 2012) 

 

where, {wt} is the nonstationary time series, {wt} is the usual Gaussian white noise process. s 

is the period of the time series. The ordinary autoregressive and moving average components 

are represented by polynomials φ(B) and θ (B) of orders p and q. The seasonal autoregressive 

and moving average components are Φp (B
s) and ΘQ (Bs), where P and Q are their orders. ∇d 

and  ∇𝑠
𝐷 are ordinary and seasonal difference components. B is the backshift operator. The 

expressions are shown as follows: 

 

The parameters for the tentative model from the identification step were estimated using 

the ARIMA module in SPSS. The model was used to forecast for 6 consecutive future months, 

based on the last available data point Y188 as the forecasting origin. At this stage, the statistical 

adequacy of the estimated tentative models was verified. Plotting the residuals of the estimated 

model was a useful diagnostic check. The autocorrelogram or autocorrelation of the residuals 

was plotted to check the model suitability. If the statistical properties of the sampled population 

were adequately modelled using the identified ARIMA processes, the residuals (εt) should be 

statistically independent (i.e. the residuals should not be correlated with each other (Abdel-Aal 

and Mangoud, 1998). In practice, εt was taken as the residuals, i.e. the differences between 

actual observations in the time-series model and corresponding values predicted by the 

estimated model. 

The final test for an ARIMA model was its ability to forecast. We used the model from 

diagnostic checking step to forecast the number of DHF cases in Thailand. We assessed the 

adequacy of our model by checking whether (i) the model assumption was satisfied; (ii) the 

errors were normally distributed; and (iii) all residual ACF’s were equal to zero by using the 

Q-Statistic Box-Ljung test as follow. 

Q = [(n − d){(n − d) + 2}]∑
𝑟𝑗
2

[(𝑛 − 𝑑) − 𝑗]

𝑘

𝑗=1
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Results and discussion 

The reported monthly DHF cases during 2004–August 2019 exhibited a seasonal 

pattern (Figure 1).  It displayed seasonal fluctuations and therefore considered non stationary 

such as mean and variance are not constant over time. Autocorrelation function (ACF) and 

partial autocorrelation function (PACF) of the data were shown in Figure 2. Logarithm and 

first differencing were used to transform this DHF data and were expressed in Figure 3. 

.

 

Figure 1 The monthly DHF cases time series (non stationary time series) 

 

  

 

Figure 2 ACF and PACF of non stationary time series 
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Figure 3 The monthly DHF cases time series (stationary time series)  

 

The Autocorrelation function (ACF) and the partial autocorrelation function (PACF) of 

stationary time series plotted against 47-time lags were expressed in Figure 4. 

 

 

Figure 4 ACF and PACF of stationary time series 
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SARIMA (1,1,1) (1,1,1)12 was selected as the best model, with the lowest BIC of -3.018 

and p-value = 0.076. L jung-Box test > 0.05 suggested that there was no significant 

autocorrelation between residuals at different lag times (Table1). This was further confirmed 

by plotting the ACF and PACF of the residuals (Figure 5).  The result showed the stationary 

series and predicted value matched reasonably well (Figure 6). 

 

Table 1 Autocorrelation function and partial autocorrelation 

 

 

 

Figure 5 ACF and PACF of the residual of SARIMA (1,1,1) (1,1,1)12 

 

 

Figure 6 Stationary monthly DHF series and the predicted monthly series by using SARIMA 

(1,1,1) (1,1,1)12 model  
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This study provides a guideline of applying a SARIMA model to forecast DHF 

prevalence in Thailand. These models have been applied to forecast DHF incidence in several 

countries. ARIMA modeling is a useful tool for revealing surveillance data and forecast DHF 

cases to good help guide timely prevention and control measures and may providing decision 

making in designing an effective prevention and control tactics for DHF prevalence in Thailand 

and/or nearby. 
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