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Abstract 
 

Influenza can be easily spread among humans by coughs or sneezes. It 
is one of the major public health problems caused by viruses. An 
influenza epidemic occurs in Thailand every year and produces social 
burdens. Public health forecasts show societal information in advance 
and can point to the future magnitude of various public health issues. 
Therefore, this study was to perform the model in order to explain and 
predict influenza incidence using a seasonal autoregressive moving 
average model with Box-Jenkins (SARIMA).  The monthly influenza 
virus infection cases in Public Health Region 8, Udonthani, Thailand 
from January 2016 to December 2018 were used to develop the model. 
The best fit model was determined by Akaike’s Information Criteria 
(AIC), Bayesian Information Criteria (BIC) and Root Mean Square 
Error (RMSE). The results showed that SARIMA (1,0,1)(1,0,0)12 was 
the best model for forecasting influenza incidence. This model had the 
lowest AIC (59.24), BIC (67.16) and RMSE (0.4574). Based on the 
comparison of actual and forecast values, the mean absolute percentage 
error (MAPE) was 24.15%. It shows that the model could be used to 
predict and demonstrate the influenza incidence. 

 
 
1. Introduction 
 
Influenza is a respiratory disease caused by an influenza virus, and it is a serious health problem all 
around the world [1-3]. There are 4 types: types A, B, C and D [4] which can infect humans and 
other animals. Most influenza viruses that infect humans can spread easily and rapidly in crowded 
areas, and influenza epidemics occur every year in a seasonal fashion. The spread of influenza from 
person to person occurs via droplets expelled from an infected person [4-6]. People who have 
influenza infections often have some or all of the following symptoms: fever, or feverish feeling,  
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cough, sore throat, runny or stuffy nose, headache, muscle ache, fatigue, and vomiting. Some people 
who have mild symptoms can recover in a few days, but others with severe symptoms may develop 
complications such as pneumonia. Moreover, influenza can cause death in people in high risk groups 
such as the elderly and children [4]. An influenza epidemic can emerge and spread worldwide each 
year. An endemic outbreak usually occurs every 1-3 years, and pandemic outbreaks occur every 10-
40 years [2].  

Influenza epidemics occur following seasonal patterns and display rapid transmission [4, 
6]. The incidence of influenza generally increases in winter and decreases in summer [7]. However, 
influenza outbreaks may occur irregularly in tropical regions [4]. Influenza epidemics occur 
annually and affect the world’s population [8]. For worldwide record, there was about 1 billion 
people infected by influenza, and 3-5 million of them were severe cases and 290,000-650,000 of 
them were deaths [1-3]. The highest mortality rate from influenza was found in Sub-Saharan Africa 
(2.8-16.5 per 100,000 individuals) and Southeast Asia (3.5-9.2 per 100,000 individuals) [9]. In 
Thailand, the incidence of influenza showed an increasing trend in every region over the period 
2014 to 2017. The incidences of influenza were 114.13 per 100,000 population in 2014, 119.66 per 
100,000 population in 2015, 258.86 per 100,000 population in 2016, and 304.09 per 100,000 
population in 2017 [10-13]. However, the influenza incidence decreased to 277.42 per 100,000 
population in 2018. The highest incidence was found in the central part of Thailand, followed by 
the North, North-East, and South. However, the highest mortality rate was found in North-East [14] 
Public Health Regions 8. The Ministry of Public Health takes responsibility for people’s health in 8 
provinces in the North-East of Thailand: Loei, Nongkhai, Nongbualamphu, Udonthani, Bueng Kan, 
Nakhonphanom, Mukdahan, and Sakon Nakhon. The incidence of influenza in this region also 
fluctuated during 2016 to 2018. The incidence rate was 72.04 per 100,000 population in 2016 and 
increased to 166.03 per 100,000 population in 2017. The incidence rate decreased to 90.22 per 
100,000 population in 2018 [15].  According to influenza situation in Public Health Region 8, 
forecasting may be necessary and useful for managing and controlling influenza in this area.  

Nowadays, mathematical model approaches are being applied to study and explain disease 
epidemic. They can be used as tools to provide early warning of health problems. Many types of 
models have been used to explain disease situations and predict future situations. For example, the 
SIR model was established to explain the dynamics of influenza by considering the numbers of 
susceptible individuals, infected individuals and recovered individuals [16, 17]. The regression 
model has been used to describe the incidence of influenza and examine the association between 
dependent variables and independent variables [18-21]. Time series analysis is a statistical technique 
for a series of data points indexed in a time period, with the data related to trend, seasonality, and 
cycle. Other methods that have been used for time series prediction are the ARIMA, SARIMA and 
Neural Networks models, and these have also been applied in the area of influenza forecasting [22-
25]. However, time series analysis was notably used and applied to sequences of data indexed in 
time order. Many time series models in time series analysis were used to explain the phenomena of 
influenza, and examples include the autoregressive moving average model (ARIMA), the Holt-
Winters Exponential Smoothing model (HWES), and the Seasonal Autoregressive Moving Average 
(SARIMA) [22, 23, 26-29]. However, the SARIMA model was the most famous one used to predict 
seasonal data [24, 26, 29, 30]. Since the model depends on the characteristics of a historical series 
of data, the SARIMA model can be formed in different patterns for the different places. He et al. 
[24] reported that the SARIMA (1,0,0)(0,1,1)12 and the SARIMA (0,0,1)(1,0,1)12 models were 
effective in forecasting the positive rates of influenza virus B (Yamagata) and A (H3N2) among 
children in Wuhan, respectively.  Zhang et al. [26] also showed that SARIMA with Google Trend 
and temperature data could be used to predict the performance of influenza outbreak. The study in 
China by Song et al. [29] presented SARIMA models for forecasting influenza incidence in 7 
provinces. SARIMA(0,1,1)(0,1,1)12 was the model of best fit for influenza incidence in Hebei 
Province, Guizhou Province, Henan Province, and Shandong Province while SARIMA 

https://www.clinicalkey.com/#!/search/He%20Zhirui/%7B%22type%22:%22author%22%7D
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(1,0,0)(0,1,1)12,  SARIMA (3,1,1)(0,1,1)12 and SARIMA (0,1,1)(0,0,1)12  were models to 
predict influenza incidence in Gansu Province, Tianjin City, and Hunan Province, respectively. 
According to previous studies conducted in Thailand, SARIMA models were used to predict 
influenza cases. For instance, SARIMA (0,1,0)(1,1,1)12  was the best model for forecasting 
influenza cases in Bangkok [30]. SARIMA (1,0,1)(0,1,1)12 was the suitable model for predicting 
influenza cases in people aged under 25 years in Phitsanulok [31]. 

Therefore, the aim of this study was to perform the model for forecasting the incidence of 
influenza in Public Health Regions 8, Ministry of Public Health, Thailand.  SARIMA model with 
monthly period of time was used in this study to forecast the incidence of influenza in 2019-2020. 
The best fit model was selected on the basis of the lowest Akaike’s Information Criteria (AIC), 
Bayesian Information Criteria (BIC) and Root Mean Square Error (RMSE). The strength of 
evidence in favor of one model over other models was assessed by Akaike weights (wi). A 
comparison of the predicted incidence and the real incidence in 2019-2020 was presented, and the 
prediction accuracy of forecasting was determined by the mean absolute percentage error (MAPE).  
 
 
2. Materials and Methods 
 
This study was conducted after receiving the ethics approval from the Ethics Review Committee of 
Human Research (Protocol No.14/2563).  The monthly influenza incidence from January 2016 to 
December 2018 of Public Health Region 8 were used in the analysis, and used to generate the 
SARIMA model. They were collected from the National Disease Surveillance (Report 506), Bureau 
of Epidemiology, Department of Disease Control, Ministry of Public Health, Thailand.  The 
augmented Dickey-Fuller test was used to test whether the time series was stationary. The Unit Root 
test by the Augmented Dickey-Fuller test, took the form:   
 

∆Yt = α1 + βt + δYt−1 + ∑ ∅i∆Yt−i
p
i=1 + et  (1)   

 
The seasonal trend decomposition was also plotted to identify trend cycles and seasonal 

patterns. 
 

The SARIMA(p, d, q)(P, D, Q)s model equation is given below: 
 

yt =
φQ(Ls)θq(L)εt

βP(Ls)∅p(L)(1 − L)d(1 − Ls)D (2)   

 
Where yt  is evidence monthly influenza incidence, φQ(Ls)  is coefficient of seasonal 

moving average (SMA) at Q order and S seasonal period, θq(L) is coefficient of moving average 
(MA) at q order, βP(Ls) is coefficient of seasonal autoregressive (SAR) at P order and S seasonal 
period, ∅p(L) is coefficient of autoregressive (AR) at p order, d is order of different monthly period, 
D is order of seasonal different monthly period, εt is white noise or error term of model, and t is 
monthly period time.  

To identify the possible SARIMA(p,d,q)(P,D,Q)s, Autocorrelation Functions (ACF) and 
Partial Autocorrelation Functions (PACF) were used to identify the possible p, d, q , P, D, Q. The 
model with the lowest Akaike Information Criterion (AIC), the lowest Bayesian Information Criteria 
(BIC) and the lowest Root Mean Square Error (RMSE) was considered as the best forecasting 
model. Moreover, the Akaike weights (wi) were used to assess the strength of evidence in favor of 
one model over other models [32]. The model accuracy was determined by comparison of real data 
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and prediction during January 2019 to December 2020. The mean absolute percentage error (MAPE) 
was also calculated by: 

 
MAPE = �1

n
∑ |Actual−Forecast|

|Actual|
� × 100       (3)   

 
The models were estimated and identified using R software [33]. 
 
 
3. Results and Discussion 
 
The monthly influenza data from January 2016 to December 2018 was plotted in Figure 1. It shows 
that there were four outbreaks at the beginning of 2016, and at the end of years 2016, 2017 and 
2018. The augmented Dickey-Fuller test shows that the incidence of influenza was stationary data 
(p-value = 0.034).  Moreover, the seasonal trend decomposition in Figure 2 shows that the incidence 
of influenza followed seasonal and trend patterns. Therefore, it is possible to use the SARIMA 
model to estimate the incidence of influenza in 2019-2020 [29, 31, 34-36]. 

According to the Autocorrelation Functions (ACF) and Partial Autocorrelation Functions 
(PACF) in Figure 3, the p order was random from 0 to 2. The q order was random from 0 to 1. The 
d order was 0. The P order was random from 0 to 2. The Q order was 0 and the D order was 0.  The 
possible of SARIMA(p,d,q)(P,D,Q)12 models were generated and a list of potential models for 
forecasting influenza incidence was given in Table 1. Parameters of the potential models and the 
Ljung-Box statistic were presented in Table 2 and Table 3, respectively. The Ljung-Box test showed 
that the models did not exhibit lack of fit.  

The best model was SARIMA (1,0,1)(1,0,0)12 which had the lowest AIC (59.24), BIC 
(67.16), and RMSE (0.4574). The parameters of this model were significant (p-value < 0.05) and 
were 1st AR (0.4225, S.E. = 0.1724, p-value = 0.01423), 1st MA (0.7188, S.E.= 0.1263, p-value < 
0.0001) and 1st seasonal AR (0.3875, S.E.= 0.1809, p-value = 0.03218).  Moreover, the Akaike 
weight also showed that SARIMA (1,0,1)(1,0,0)12 was the best model of the potential models. 

The forecasting influenza incidence in 2019-2020 and their 95%CI were presented in Table 
4. The actual influenza incidence data in 2016-2018 and forecasting data from the SARIMA 
(1,0,1)(1,0,0)12 were visualized in Figure 4. The Mean Absolute Percentage Error (MAPE) was 
24.15%. Therefore, SARIMA (1,0,1)(1,0,0)12  proved to be a reasonable forecasting model. 
Consequently, this model was suitable and beneficial for providing early warning information to 
plan for prevention and control of influenza. According to the forecasting results, the influenza 
incidence cases were seasonal. The influenza seasons ranged from February-April and August-
October. It was also observed that there were two waves of influenza circulation. This was the same 
as influenza circulation in 2010, with the first wave lasting for a few months at the beginning of 
2010 and the second occurring from August to September [37]. The same pattern of the epidemic 
was found in 2016-2018. 

However, this study was a basic model based on historical data. It did not include other 
factors affecting the incidence of influenza such as socio-demographic ones, climate, and 
vaccination, and other variables in the surveillance system.  Therefore, further study of those 
variables in order to get more accuracy in forecasting is needed. 
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Figure 1. Monthly influenza incidence (per 100,000 population) in Public Health Region 8 
Udonthani, Thailand from January 2016 to December 2018 

 

 

Figure 2. Decomposition of influenza incidence (per 100,000 population) in Public Health Region 
8 Udonthani, Thailand from January 2016 to December 2018 



 
Current Applied Science and Technology Vol. 22 No. 4 (July-August 2022) 

_______________________________________________________________________ 
 

6 
 

 

Figure 3. ACF (A) and PACF (B) of influenza incidence (per 100,000 populations) in Public 
Health Region 8 Udonthani, Thailand from January 2016 to December 2018 

 
Table 1. Log-Likelihood, Akaike’s Information Criterion (AIC), Bayesian Information Criterion 
(BIC), Akaike weights (wi), Mean Absolute Percentage Error (MAPE), and Root Mean Square Error 
(RMSE) of SARIMA model 

Model 
Log-

likelihood AIC BIC wi RMSE MAPE 

SARIMA (0,0,1)(0,0,0)12    -29.96 65.92 70.67 0.0168  0.5470 30.79 

SARIMA (1,0,0)(0,0,0)12    -32.66 71.33 76.08 0.0011  0.5942 32.28 

SARIMA (1,0,1)(0,0,0)12    -26.49 60.98 67.31 0.1990  0.4946 27.63 

SARIMA (2,0,0)(0,0,0)12    -26.50 61.00 67.33 0.1970  0.4953 29.05 

SARIMA (0,0,0)(1,0,0)12    -40.75 87.49 92.24 <0.001  0.7248 35.47 

SARIMA (0,0,1)(1,0,0)12    -27.13 62.26 68.59 0.1049  0.4889 24.88 

SARIMA (1,0,0)(1,0,0)12    -29.98 67.95 74.29 0.0061  0.5336 26.65 

SARIMA (1,0,1)(1,0,0)12    -24.62 59.24 67.16 0.4750  0.4574 24.15 
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Table 2. Parameters of potential SARIMA models 

Model Parameters Estimate SE t p-
value 

SARIMA (0,0,1)(0,0,0)12    MA(1) 0.8349 0.0748 11.164 <0.001 

SARIMA (1,0,0)(0,0,0)12    AR(1) 0.6895 0.1185 5.819 <0.001 

SARIMA (1,0,1)(0,0,0)12    AR(1) 0.4830 0.1626 2.970 0.003 

    MA(1) 0.6947 0.1219 5.698 <0.001 

SARIMA (2,0,0)(0,0,0)12    AR(1) 1.0924 0.1427 7.657 <0.001 

    AR(2) -0.5531 0.1401 -3.949 < 0.001 

SARIMA (0,0,0)(1,0,0)12    AR(1), seasonal 0.4337 0.1485 2.921 0.003 

SARIMA (0,0,1)(1,0,0)12    AR(1), seasonal 0.4338 0.1620 2.678 <0.001 

    MA(1) 0.8416 0.0735 11.444 <0.001 

SARIMA (1,0,0)(1,0,0)12    AR(1) 0.6695 0.1194 5.609 <0.001 

    AR(1), seasonal 0.4265 0.1630 2.617 0.009 

SARIMA (1,0,1)(1,0,0)12    AR(1) 0.4225 0.1724 2.451 0.014 

    AR(1), seasonal 0.3875 0.3049 2.142 0.032 

    MA(1) 0.7188 0.1263 5.691 <0.001 
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Table 3. The Ljung-Box statistics of potential SARIMA models 

Model Ljung-Box Q df p-value 

SARIMA (0,0,1)(0,0,0)12 14.219 12 0.287 

SARIMA (1,0,0)(0,0,0)12 8.089 12 0.778 

SARIMA (1,0,1)(0,0,0)12 6.791 12 0.871 

SARIMA (2,0,0)(0,0,0)12 10.583 12 0.565 

SARIMA (0,0,0)(1,0,0)12 12.852 12 0.380 

SARIMA (0,0,1)(1,0,0)12 8.604 12 0.736 

SARIMA (1,0,0)(1,0,0)12 17.416 12 0.135 

SARIMA (1,0,1)(1,0,0)12 11.700 12 0.47 

 

 
Figure 4. The influenza incidence forecasting and confidence intervals for forcasts during January 

2019 to December 2020 
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Table 4. The influenza incidence forecasting and confidence intervals for forecasts during January 
2019 to December 2020  

month 𝐘𝐘�𝐭𝐭 LCL UCL 

Jan, 2019 1.20386 0.26969 2.13803 

Feb, 2019 1.68587 0.75170 2.62004 

Mar, 2019 2.41819 1.48402 3.35236 

Apr, 2019 2.25797 1.32380 3.19214 

May, 2019 1.53601 0.60184 2.47018 

Jun, 2019 1.40739 0.47322 2.34156 

Jul, 2019 1.30323 0.36906 2.23740 

Aug, 2019 3.31899 2.38482 4.25316 

Sep, 2019 2.13731 1.20314 3.07148 

Oct, 2019 2.86538 1.93121 3.79955 

Nov, 2019 1.40521 0.47104 2.33938 

Dec, 2019 2.14343 1.20926 3.07760 

Jan, 2020 1.43872 0.50455 2.37289 

Feb, 2020 4.20613 3.27196 5.14030 

Mar, 2020 2.77100 1.83683 3.70517 

Apr, 2020 1.55130 0.61713 2.48547 

May, 2020 1.04877 0.11460 1.98294 

Jun, 2020 0.71044 -0.22373 1.64461 

Jul, 2020 1.49724 0.56307 2.43141 

Aug, 2020 1.54769 0.61352 2.48185 

Sep, 2020 1.76195 0.82778 2.69612 

Oct, 2020 1.73346 0.79929 2.66763 

Nov, 2020 1.55228 0.61811 2.48645 

Dec, 2020 1.23547 0.30130 2.16964 
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4. Conclusions 
 
In this study, SARIMA model was used to forecast influenza incidence.  Based on the secondary 
data from 2016-2018, the best fitting model with the actual data was SARIMA (1,0,1)(1,0,0)12 
which had the lowest AIC (59.24), BIC (67.16) and RMSE (0.4574). This model can be used to 
predict influenza incidence, and this information can then be used for planning to meet general needs 
outlined by the prediction, managing Thailand influenza incidence control and prevent, and readying 
surveillance and rapid response teams (SRRT). However, the study also indicated that a range of 
factors such as socio-demographic influences, climate, vaccinations, and other variables in the 
surveillance system were associated with influenza incidence. Thus, further study should include all 
related factors in the analysis model.  
 
 
5. Acknowledgments 
 
We are grateful to Bureau of Epidemiology, Department of Disease Control, Ministry of Public 
Health for supply of support secondary data of influenza used in this study. 
 
 
References 

[1] Word Health Organization Global, 2019. Influenza Strategy 2019-2030. [online] Available 
at: https://www.who.int/influenza/global_influenza_strategy_2019_2030/en/. 

[2] Bureau of Epidemiology, Department of Disease Control and Ministry of Public Health, 
2018. Influenza. [online] Available at: http://www.boe.moph.go.th/fact/Influenza.htm. 

[3] Chong, K.C., Liang, J., Jia, K.M., Kobayashi, N., Wang, M.H., Wei, L., Lau, S.Y.F. and 
Sumi, A. 2019. Latitudes mediate the association between influenza activity and 
meteorological factors: A nationwide modelling analysis in 45 Japanese prefectures from 
2000 to 2018. Science of the Total Environment, 703(134727), https://doi:10.1016/j.scito 
tenv.2019.134727. 

[4] World Health Organization, 2018. Influenza (Seasonal). [online] Available at: 
https://www.who.int/news-room/fact-sheets/detail/influenza-(seasonal). 

[5] Centers for Disease Control and Prevention, National Center for Immunization and 
Respiratory Diseases (NCIRD), 2020. Flu Symptoms & Complications. [online] Available at: 
https://www.cdc.gov/flu/symptoms/symptoms.htm. 

[6] Chong, K.C., Lee, T.C., Bialasiewicz, S., Chen, J., Smith, D.W., Choy, W.S.C., Krajden, M., 
Jalal, H., Jennings, L., Alexander, B., Lee H.K., Fraaij, P., Levy, A., Yeungc A.C.M., Tozer, 
S., Lau, S.Y.F., Jia, K.M., Tang, J.W.T., Hui, D.S.C. and Chan, P.K.S., 2020. Association 
between meteorological variations and activities of influenza A and B across different climate 
zones: a multi-region modelling analysis across the globe. Journal of Infection, 80(1), 84-98.  

[7] Chumkiew, S., Srisang, W., Jaroensutasinee, M. and Jaroensutasinee, K., 2007. Climatic 
factors affecting on Influenza cases in Nakhon Si Thammarat. World Academy of Science, 
Engineering and Technology, 36, 19-22. 

[8] World Health Organization Regional Office for Europe, 2021. Data and Statistics. [online] 
Available at: https://www.euro.who.int/en/health-topics/communicable-diseases/influenza/ 
data-and-statistics. 

[9] Young, B.E. and Chen, M., 2020. Influenza in temperate and tropical Asia: a review of 
epidemiology and vaccinology. Human Vaccine and Immunotherapeutic, 16(7), 1659-1667.  

https://www.who.int/influenza/global_influenza_strategy_2019_2030/en/
http://www.boe.moph.go.th/fact/Influenza.htm
https://doi:10.1016/j
https://www.who.int/news-room/fact-sheets/detail/influenza-(seasonal)
https://www.cdc.gov/
https://www.cdc.gov/ncird/index.html
https://www.cdc.gov/ncird/index.html
https://www.euro.who.int/en/health-topics/communicable-diseases/influenza/


 
Current Applied Science and Technology Vol. 22 No. 4 (July-August 2022) 

_______________________________________________________________________ 
 

11 
 

[10] Bureau of Epidemiology, Department of Disease Control and Ministry of Public Health, 
2014. Annual Epidemiology Surveillance Report 2014. [online] Available at: 
http://www.boe.moph.go.th/Annual/AESR2014/aesr2557/Part%201/15/influenza.pdf. 

[11] Bureau of Epidemiology, Department of Disease Control and Ministry of Public Health, 
2015. Annual Epidemiology Surveillance Report 2015. [online] Available at: 
http://www.boe.moph.go.th/Annual/AESR2015/aesr2558/Part%201/05/influenza.pdf. 

[12] Bureau of Epidemiology, Department of Disease Control and Ministry of Public Health, 
2016. Annual Epidemiology Surveillance Report 2016. [online] Available at: 
https://apps.doe.moph.go.th/boeeng/annual/AESR2016/static/documents/sum-aesr/5/influen 
za.pdf. 

[13] Bureau of Epidemiology, Department of Disease Control and Ministry of Public Health, 
2017. Annual Epidemiology Surveillance Report 2017. [online] Available at: 
https://apps.doe.moph.go.th/boeeng/download/AESR-6112-24.pdf. 

[14] Bureau of Epidemiology, Department of Disease Control and Ministry of Public Health, 
2018. Annual Epidemiology Surveillance Report 2018. [online] Available at: 
https://apps.doe.moph.go.th/boeeng/download/AW_Annual_Mix%206212_14_r1.pdf. 

[15] Division of Communicable Diseases, Department of Disease Control and Ministry of Public 
Health, 2020. Influenza Situations. [online] Available at: https://ddc.moph.go.th/uploads/ 
files/1094720200108023307.pdf. 

[16] Miranda, G.H.B., Baetens, J.M., Bossuyt, N., Bruno, O.M. and Baets, B.D., 2019. Real-time 
prediction of influenza outbreaks in Belgium. Epidemics, 28, 100341, https: / / doi. org/10. 
1016/j.epidem.2019.04.001. 

[17] Levy, N., Iv, M. and Yom-Tov, E., 2018. Modeling influenza-like illness through composite 
compartmental models. Physica A, 494, 288-293.  

[18] Gutiérrez-González, E., Cantero-Escribano, J.M., Redondo-Bravo, L., Juan-Sanz, 
I.S., Robustillo-Rodela, A., Cendejas-Bueno, E. and Influenza Working Group, 2019. Effect 
of vaccination, comorbidities and age on mortality and severe disease associated with 
influenza during the season 2016-2017 in a Spanish tertiary hospital. Journal of Infection and 
Public Health, 12(4), 486-491. 

[19] Liu, Z., Zhang, J., Zhang, Y., Lao, J., Liu, Y., Wang, H. and Jiang, B., 2019. Effects and 
interaction of meteorological factors on influenza based on the surveillance data in Shaoyang, 
China. Environmental Research, 172, 326-332.  

[20] Tekin, S., Keske, S., Alan, S., Batirel, A., Karakoc, C., Tasdelen-Fisgin, N., Simsek-Yavuz, 
S., Isler, B.,  Aydin, M., Kapmaz, M., Yilmaz-Karadag, F. and Ergonul, O. 2019. Predictors 
of fatality in influenza A virus subtype infections among inpatients in the 2015-2016 season. 
International Journal of Infectious Diseases, 81, 6-9.  

[21] Khieu, T.Q.T., Pierse, N., Telfar-Barnard, L.F., Zhang, J., Huang, Q.S. and Baker,  M.G., 
2017. Modelled seasonal influenza mortality shows marked differences in risk by age, sex, 
ethnicity and socioeconomic position in New Zealand. Journal of Infection, 75(3), 225-233.  

[22] Zhu, G., Li, L., Zheng, Y., Zhang, X. and Zou, H., 2021. Forecasting Influenza Based on 
Autoregressive Moving Average and Holt-Winters Exponential Smoothing Models. Journal 
of Advanced Computational Intelligence and Intelligent Informatics, 25(1), 138-144. 

[23] Sultana, N. and Sharma, N., 2018. Statistical models for predicting Swine flu incidences in 
India. First International Conference on Secure Cyber Computing and Communication 
(ICSCCC), Jalandhar, India, December 15-17, 2018, pp.134-138. 

[24] He, Z. and Tao, H., 2018. Epidemiology and ARIMA model of positive-rate of influenza 
viruses among children in Wuhan, China: A nine-year retrospective study. International 
Journal of Infectious Diseases, 74, 61-70.  

[25] Kandula, S. and Shaman, J., 2019. Near-term forecasts of influenza-like illness an evaluation 
of autoregressive time series approaches. Epidemics, 27, 41-51.  

http://www.boe.moph.go.th/Annual/AESR2014/aesr2557/Part%201/15/influenza
http://www.boe.moph.go.th/Annual/AESR2015/aesr2558/Part%201/05/influenza.pdf
https://apps.doe.moph.go.th/boeeng/annual/AESR2016/static/documents/sum-aesr/5/influenza.pdf
https://apps.doe.moph.go.th/boeeng/annual/AESR2016/static/documents/sum-aesr/5/influenza.pdf
https://ddc.moph.go.th/uploads/
https://doi.org/10.%201016/j.epidem.2019.04.001
https://doi.org/10.%201016/j.epidem.2019.04.001
https://www.sciencedirect.com/science/article/pii/S1876034119300036?via%3Dihub#!
https://www.clinicalkey.com/#!/search/Simsek-Yavuz%20S./%7B%22type%22:%22author%22%7D
https://www.clinicalkey.com/#!/search/Isler%20B./%7B%22type%22:%22author%22%7D
https://www.clinicalkey.com/#!/search/Aydin%20M./%7B%22type%22:%22author%22%7D
https://www.clinicalkey.com/#!/search/Kapmaz%20M./%7B%22type%22:%22author%22%7D
https://www.clinicalkey.com/#!/search/Kapmaz%20M./%7B%22type%22:%22author%22%7D
https://www.clinicalkey.com/#!/search/Kapmaz%20M./%7B%22type%22:%22author%22%7D
javascript:void(0);
javascript:void(0);
https://www.clinicalkey.com/#!/search/Telfar-Barnard%20Lucy%20Frances/%7B%22type%22:%22author%22%7D
https://www.sciencedirect.com/science/journal/17554365/27/supp/C


 
Current Applied Science and Technology Vol. 22 No. 4 (July-August 2022) 

_______________________________________________________________________ 
 

12 
 

[26] Zhang, Y., Bambrick, H., Mengersen, K., Tong, S. and Hu, W., 2018. Using Google trends 
and ambient temperature to predict seasonal influenza outbreaks. Environment International, 
117, 284-291.  

[27] Chadsuthi, S., Iamsirithaworn, S., Triampo, W. and Modchang, C., 2015. Modeling seasonal 
Influenza transmission and its association with climate factors in Thailand using time-series 
and ARIMAX analyses. Computational and Mathematical Methods in Medicine, 2015, 
https://doi.org/10.1155/2015/436495. 

[28] Nisar, N., Badar, N., Aamir, U.B., Yaqoob, A., Tripathy, J., Laxmeshwar, C., Munir, F. and 
Zaidi, S.S.Z., 2019. Seasonality of influenza and its association with meteorological 
parameters in two cities of Pakistan: A time series analysis. Plos One, 14(7), e0219376, 
https://doi.org/10.1371/journal.pone.0219376. 

[29] Song, X., Xiao, J., Deng, J., Kang, Q., Zhang, Y. and Xu, J., 2016. Time series analysis of 
influenza incidence in Chinese provinces from 2004 to 2011. Medicine, 95(26), e3929, 
https://doi.org/10.1097/MD.0000000000003929. 

[30] Sanguanrungsirikul, D., Chiewanantavanich, H. and Sangkasem, M., 2015. A comparative 
study to determine optimal models for forecasting the number of patients having 
epidemiological-surveillance diseases in Bangkok. KMUTT Research and Development 
Journal, 38(1), 35-55. (in Thai). 

[31] Maairkien, S., Areechokchai, D., Saita, S. and Silawan, T., 2020. Time series analysis and 
forecast of Influenza cases for different age groups in Phitsanulok Province, Northern 
Thailand. Current Applied Science and Technology, 20(2), 310-320. 

[32] Burnham, K.P. and Anderson, D.R., 2002. Model Selection and Multimodel Inference: A 
Practical Information-theoretic Approach. New York: Springer-Verlag. 

[33] R Core Team, 2018.  R:  A language and environment for statistical computing.  [Online] 
Available at: https://www.r-project.org/. 

[34] Manmin, M., 2006. Time Series and Forecasting. Bangkok: Foreprinting Co. (in Thai). 
[35] Simmerman, J.M., Chittaganpitch, M., Levy, J., Chantra, S., Maloney, S., Uyeki, T., Areerat, 

P., Thamthitiwat, S., Olsen, S.J., Fry, A., Ungchusak, K., Baggett, H.C. and Chunsuttiwat, 
S., 2009. Incidence, seasonality and mortality associated with Influenza pneumonia in 
Thailand: 2005-2008. Plos One, 4(11), e7776, https://doi.org/10.1371/journal.pone.0007776. 

[36] Iuliano, A.D., Roguski, K.M., Chang, H.H., Muscatello, D.J., Palekar, R., Tempia, S., Cohen, 
C., Gran, J.M., Schanzer, D., Cowling, B.J., Wu, P., Kyncl, J., Ang, L.W., Minah Park, M., 
Redlberger-Fritz, M., Yu, H., Espenhain, L., Krishnan, A., Emukule, G., Asten, L.V., Silva, 
S.P.D., Aungkulanon, S., Buchholz, U., Widdowson, M.-A. and Bresee, J.S., 2018. Estimates 
of global seasonal influenza-associated respiratory mortality:  a modelling study. Lancet, 
391(10127), 1285-1300.  

[37] Prachayangprecha, S., Vichaiwattana, P., Korkong, S., Felber J.A. and Poovorawan, Y., 
2015. Influenza activity in Thailand and occurrence in different climates. SpringerPlus, 4, 356, 
https://doi.org/10.1186/s40064-015-1149-6. 

https://www.ncbi.nlm.nih.gov/pmc/articles/PMC4937903/

	Masronee Arwaekaji, Jutatip Sillabutra*, Chukiat Viwatwongkasem and
	Pichitpong Soontornpipit
	forecasting;
	influenza;
	SARIMA model

