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Abstract

Dengue is one of the major public health problems in the tropical countries of the world. SARIMA
model is a popular method used for forecasting dengue incidence. The aim of this study was to
determine optimal model for forecasting the dengue incidence. SARIMA model with Box-Jenkins
approach was conducted to forecast dengue incidence using the previous data from 2006 to 2015.
Akaike’s Information Criteria (AIC), Bayesian Information Criteria (BIC) and Root Mean Square
Error (RMSE) were used to determine their accuracy. The results showed that SARIMA 6, 0, 3) (0,
1, 1)s, were the best model that fitted with the actual data. It had the smallest AIC and BIC (3827.60
and 3873.30, respectively)and RMSE (0.8420).
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1. Introduction

Dengue fever is a serious public health problem in the word. Billion people are now at risk with this
disease. WHO estimated that 500,000 people requiring hospitalization each year and about 2.5 % of
those died [1). Moreover, there is now no available licensed dengue vaccine. Dengue vaccine
candidates are now under phases of development [2;. To control the spread of disease, disease
surveillance and mosquito vector eradication are implemented (1. However, the dengue incidences
have dramatically increased around the world in recent decades (1;. In the South-East Asia region,
dengue is increasing with an exponential form every three to five years (3. In 2015, the morbidity
and mortality rates of Thailand are higher than those of five previous year. The incidence rate of
Thailand was 219.46 per 100,000 populations (142,925 cases). There were 328.28 per 100,000
population in central, 201.10 per 100,000 population in the Northern, 166.21 per 100,000 population
in the North-eastern and 127.52 per 100,000 population in the Southern, respectively. The death rate
was 0.22 per 100,000 populations (141 cases). Female and male were equally incidence (1.01:1). The
groups of aged 15 - 24 years old were the high incidence rate of dengue infection 4, 51.
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The mathematical or statistical models were famously used to forecast and describe the
phenomena of diseases. Forecasting is important as it is benefit for management, health risk

assessment, and planning the equipment for control and prevention. (6, 71. Moreover, the forecasting
is taken into accounted as the Early Warning system (81. The results of forecasting were not only for

understanding size of problem, susceptibility host, period of disease, area, and pattern of disease,
but also disease control (6.

Time Series Analysis was basically used to predict the incidence case in many diseases
such as influenza (9, 101, malaria (11-13j, and dengue (14-19;. The model has different degrees of
complexity based upon many factors: previous data of dengue cases, climatic variables such as
rainfall, evaporation, temperature, humidity, water budget, breeding sites, population density, virus
serotypes and microclimates [19-221, Many studies revealed that Seasonal Autoregressive Integrated
Moving Average (SARIMA) was used as the model for predicting dengue incidence 231.

SARIMA is reported as the great model for dengue forecasting due to dengue is none
stationary problem. The seasonal was taken into account in model. In 2014, Monika S Sitepu et al.

showed that SARIMA (1,0,1)(0,1,1)1» was the best model for predicting dengue in Jakarta 16
Bhatnagar etal. (61revealed that forecasting model for dengue incidence in Rajasthan was SARIMA
(0,0,1)(0,1,1)12. The previous studies in Thailand revealed that the forecasting models of dengue
incidence in Thailand were SARIMA (2,0,1)0,2,0)12(241and SARIMA (2,0,1)0,1,1)121251. According

to the previous studies, the most of forecasting models were proposed based on 12 months period
of time interval. However, some studies were proposed 52 weeks as time interval in the models 15,

261. In Thailand, only SARIMA models based on 12 months period of time interval were conducted.
There is no study using 52 weeks of time interval in SARIMA model. Therefore, this study aims to

determine optimal model for forecasting the dengue incidence in Thailand using SARIMA model
with 52 weeks of time interval period. AIC and BIC were used to select the best model, and

performance of model was measured by RMSE.

2. Materials and Methods

The SARIMA with Box-Jenkins approach was used to predict dengue incidence. The historical data
from 2006 to 2015 were used in analysis. The performance of model was measured by RMSE. The
presence of these two components determine the choice of SARIMA p,d,q)P,D,Q)s model equation:

_ (@) (@)’ el s (a)’ Q@
O Te(@)r,(@-a)’ (-a®)

where [0, is evidence weekly dengue incidence, 1 (1) is coefficient of moving
average (MA) at g order, W, ([1) is coefficient of seasonal moving average (SMA) at Q order and S

seasonal period, (1 (1)) is coefficient of autoregressive (AR)at p order, I'- (L))" is coefficient of
seasonal autoregressive (SAR)at P order and S seasonal period, d is order of different week period,

D is order of seasonal different period, (1, is white noise time or residual of time, t is weekly period
time and kis weekly ledge time
According to previous studies, SARIMA ¢,d,qP,D,Q)s were set as SARIMA p,d,q)©0,1,1)

112, 131 In this study, the 52-week (s=52) was used in model. Therefore, SARIMA p,d,q)©0,1,1)s, was
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selected as the basic structure of candidate model. Logarithmic transformation was used to adjust
data to meet the criteria of equally mean and variance in each period. Based on mean-rang plot

analysis, Autoregressive function and Partial Autocorrelation function were used to identify the
order of Autoregressive part, order of Moving Average part and difference. The order of d was

randomly from 0, 1, and 2. The order of p was randomly from 0 to 6 and the order of g was randomly
from O to 3 (Figure 2). The first criteria for selection model was smallest AIC, BIC and RMSE and
highest of Likelihood Ratio Test (LRT).

Finally, the evidence data in 2016 was used to compare with the estimation of model. The
performance of model was determined by RMSE. The statistical software R (27 was used for all
analysis.

3. Results and Discussion

The evidence dengue incidence in Thailand from 2006 - 2015 showed in Figure 1. It showed that
there were two outbreaks in early 2010 to mid-2010, and early 2013 to late 2013. Large of
Autocorrelation Function (ACF) and Partial Autocorrelation Function (PACF)were showed in Figure
2A and 2B, respectively. The sharp decrease in ACF value from lag 1 to lag 50 and the sharp increase
in PACF value from after lag 50 indicated that there was evidence of long-term trend. Therefore, the
first different term was taken into account. When considering the first different term as shown in
Figure 2B, it showed that sharp of ACF of first difference of weekly dengue incidence were
decreased after lag 1.

SARIMA (6,0,3)(0,1,1)s, was selected as the best model with the smallest AlIC (3827.60).
BIC and RMSE were 3873.30 and 0.8420, respectively. The estimated variation of dengue incidence
(62 from this models was 171.30. The model parameters were significance (p-value <0.0001) with
18'AR (-1.1042, SE.-0.4364), 2" AR (-0.2041, S.E.-0.3523), 3" AR (-0.4611, S.E.-0.3804), 4" AR (-
0.2251, S.E.-0.2725), 5" AR (-0.2474, S.E.-0.1115), 6" AR (-0.1029, S.E.-0.0723), 18t MA (1.1185,
SE-04410), 2" MA (0.4741, SE-0.1228), 3 MA (0.1891, S E.-0.4432) and seasonal MA (-0.8699,
S.E=0.0464). The best fit model was model SARIMA 6,0,3)0,1,1)s2. The comparison between actual
dengue fever data in 2016 and forecast data form SARIMA (6,0,3)(0,1,1)s, was presented in Figure
3

In this study, SARIMA (6,0,3)(0,1,1)s, was the most optimal predictive model which
showed that the smallest AIC, BIC and RMSE. Our results were difference on AR, MA and SMA,
when comparing with previous studies. SARIMA (0,0,1)(0,1,1)1, was offered with no seasonal
differences presented in Rajasthan (61. Moreover, SARIMA (1,0,1)(0,1,1)1, was the best model for
predicting DHF cases in Jakarta [161. According to time series plots analysis, AR and MA were
determined and depended on timely interval of lags. AR and MA of this study were designed based
on the dengue incidence of epidemiological weeks in one year s-52 weeks), but the previous studies
were designed based on the dengue incidence of epidemiological months in one year (s-=12).
Moreover, the model may depend on geographical area. SARIMA(0,1,1)(0,1,1)s5, SARIMA
©0,0,150,1,1)12, SARIMA (1,0,1)0,1,1);1> were the models conducted in island (6, 15, 161. The different
SARIMA models in different areas of Thailand were also found. The SARIMA models conducted
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in northern part and north-eastern part were SARIMA(2,0,1)(0,2,0)12 and SARIMA(2,0,1)(0,1,1)12,
respectively (24, 25.

Dengue incidence

W r

2006 2008 2010 2012 2014

Time

Figure 1. Weekly dengue incidence (per 100,000 populations) in Thailand from January 2006 to
December 2015
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Figure 2. A and B) ACF and PACF of logarithm dengue incidence (per 100,000 populations) in
Thailand from January 2006 to December 2015 C and D)y ACF and PACF after
differencing of logarithm dengue incidence (per 100,000 populations) in Thailand from
January 2006 to December 2015
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Figure 3. Comparative of dengue incidence rate in 2016 between actual data and forecast data from
SARIMA 6,0,3)0,1,1)s,.

4. Conclusions

Seasonal Autoregressive Moving Average (SARIMA) model was used to forecast dengue incidence.
This model was the most popular model used for prediction in many communicable diseases
including influenza, malaria, and dengue. Moreover, it was benefit to epidemiological surveillance
and policy makers to manage and prevent the outbreak.

In this study, the forecasting model of dengue incidence was developed based on the
secondary data of historical data from 2006 to 2015. The seasonal period with 52 weeks in a year

was taken into accounted. SARIMA (6,0,3)(0,1,1)s, was presented as the best fitted model with the
actual data. However, dengue is also associated with the multiple risk factors such as climate,
migration, the characteristic of virus and etc. Therefore, the further study should have taken the risk
factors in the model to describe the pattern of dengue.
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