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Objective  To construct a model of Seasonal Autoregressive Integrated Moving Average (SARIMA) for 

forecasting the epidemic of Japanese encephalitis (JE) in Xianyang, Shaanxi, China, and provide valuable 
reference information for JE control and prevention. 

Methods  Theoretically epidemiologic study was employed in the research process. Monthly incidence 
data on JE for the period from Jan 2005 to Sep 2014 were obtained from a passive surveillance system at the 
Center for Diseases Prevention and Control in Xianyang, Shaanxi province. An optimal SARIMA model was 
developed for JE incidence from 2005 to 2013 with the Box and Jenkins approach. This SARIMA model could 
predict JE incidence for the year 2014 and 2015. 

Results  SARIMA (1, 1, 1) (2, 1, 1)12 was considered to be the best model with the lowest Bayesian 
information criterion, Akaike information criterion, Mean Absolute Error values, the highest R2, and a lower 
Mean Absolute Percent Error. SARIMA (1, 1, 1) (2, 1, 1)12 was stationary and accurate for predicting JE 
incidence in Xianyang. The predicted incidence, around 0.3/100 000 from June to August in 2014 with low 
errors, was higher compared with the actual incidence. Therefore, SARIMA (1, 1, 1) (2, 1, 1)12 appeared to be 
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reliable and accurate and could be applied to incidence prediction. 
Conclusions  The proposed prediction model could provide clues to early identification of the JE 

incidence that is increased abnormally (≥0.4/100 000). According to the predicted results in 2014, the JE 
incidence in Xianyang will decline slightly and reach its peak from June to August. 

Chin Med Sci J 2017; 32(3):152-160.  DOI: 10.24920/J1001-9294.2017.036 
 
 

APANESE encephalitis (JE), a member of the genus 
flavivirus, is a mosquito-borne disease caused di-
rectly by the JE virus.1-4 JE is an acute infectious 
disease with a high mortality rate of around 25%.5 

The mortality rate of children is generally much higher. Es-
timated 67 900 cases develop each year in Asia; about half 
of the cases occur in China.3 If the virus reaches the central 
nervous system, it is likely to cause lifelong neurological de-
fects, such as deafness, hemiparesis and emotional problems. 

Since JE severely threatens people’s health, it is highly 
crucial to identify a JE outbreak early in order to better 
plan for control and intervention. The seasonality of JE in-
cidence makes it possible to use the existing data more 
efficiently and effectively. There have been many retro-
spective studies using surveillance data to predict the 
number of cases or incidence in the near future, taking tu-
berculosis and Hand, Foot, and Mouth Disease for exam-
ple.6-8 Until now, no studies have been conducted in Xian-
yang, China to forecast the incidence of JE and help under-
stand the possibility of an epidemic or provide valuable 
clues for prevention.  

There are many models available that can be used to 
forecast infectious diseases. These include general regres-
sion models, Markov chain models, Seasonal Autoregres-
sive Integrated Moving Average (SARIMA), Grey models, 
etc.9-10 Due to the strong seasonality of JE, SARIMA model 
is the most appropriate model. SARIMA model is a statis-
tical method and prediction approach that is particularly 
useful if there is time dependence in each observation. It 
is assumed that each observation in the time series corre-
lates with previous ones, which makes it possible to model 
a temporal structure and obtain a more reliable prediction, 
particularly for seasonal infections. In recent years, 
SARIMA models have been successfully employed to pre-
dict the incidence or death trends of malaria11 and pneu-
monia12 or daily patient numbers.13-14  

The principal objective of our study was to construct a 
SARIMA model by which the reported JE incidence in Xian-
yang, Shaanxi, China could be predicted. The findings of 
this study will be useful for forecasting JE epidemics and 
providing valuable reference information for JE control and 
prevention in Xianyang City and even throughout China. 

MATERIALS AND METHODS 

Study area 
Xianyang City is located in the hinterland of Guanzhong 
Plain in Shaanxi province, China, adjacent to Gansu prov-
ince, with a population of about 5.4 million. Situated at 
107°38’ to 109°10’ east longitude and 34°11’ to 35°32’ 
north latitude, Xianyang enjoys a semi-humid tropical cli-
mate with good sunshine and rainfall. The geographical 
features of Xianyang include mountains, hills, plains and 
gullies. In mountainous regions, some villages can only be 
reached by foot. 

 
JE diagnosis 
JE is a disease that is legally mandated for reporting in 
China. All reported JE cases in this study were confirmed 
according to the WHO’s criteria.5 Specifically, laboratory 
diagnosis of JE virus infection should be performed by us-
ing a JE virus-specific IgM-capture ELISA. JE virus-specific 
IgM can be measured in serum by 7 days after the onset. 
A ≥4-fold rise of JE virus-specific neutralizing antibodies in 
the serum of acute phase, compared to the convalescent 
phase, may be used to confirm recent infection. 

To ensure diagnostic reliability, confirmatory serologi-
cal testing was performed on all patients with suspected JE 
by detecting specific measles IgM antibodies with a com-
mercially available ELISA kit (Yanhui Biotechnology Com-
pany, China), according to the manufacturer’s instruction. 
Patients with a ≥4-fold rise of JE virus-specific neutralizing 
IgM of the acute phase, compared to the convalescent 
phase, may be diagnosed as JE. 

 
Data collection and management 
Monthly incidence data on JE for the period from Jan 2005 
to Sep 2014 were obtained from a passive surveillance sys-
tem at the Center for Diseases Prevention and Control in 
Xianyang, Shaanxi province. The well-established Disease 
Prevention and Control Information System could ensure 
the integrity, accuracy and reliability of the data used in this 
study. The population information was obtained from the 
Statistical Yearbook of Shaanxi Province from 2005 to 2014.  

J 
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Stability test of the incidence data 
To explore information on variance stability and check for 
seasonal effects, the plot of monthly incidence was exam-
ined and an Augmented Dickey-Fuller (ADF) test was 
used.15 

 
SARIMA model development 
An optimal SARIMA model was developed for JE incidence 
from 2005 to 2013, with the Box and Jenkins approach 
established in 1974.16 This SARIMA model can predict JE 
incidence for the year 2014 and 2015. 

SARIMA was modeled by the following four stages:17-18  
Firstly, SARIMA requires a stationary time series, so 

that they could be tested for variance stability. If the var-
iance is too large and unstable, an appropriate transfor-
mation, like logarithmic, square root or difference equa-
tions, can be used to stabilize the variance and the mean 
according to the profile of the original time series. In the 
modeling process, the seasonality and the trend are both 
highlighted by plotting the original time series. 

Secondly, the SARIMA (p, d, q) (P, D, Q) s model was 
fitted, where p is the order of auto regression (AR), d is 
the order of integration, q is the order of moving average 
(MA), P is the order of seasonal AR (SAR), D is the order 
of seasonal integration, Q is the order of seasonal MA 
(SMA), and s is the length of seasonal period. Then, the 
method with the maximum likelihood was employed to es-
timate the parameters of the SARIMA model. The equation 
of SARIMA (p, d, q) (P, D, Q) s model can be expressed as:  

d D s
s t

s

Θ(B)Θ (B)
ε

Φ(B)Φ (B)
∇ ∇ =  

In this equation, D is the order of seasonal integration; d 
is the order of difference to extract all the information of 
the trend; tε is the estimated residual at time t with zero 
mean and constant variance; s is the length of the seasonal 
period. 

2
1 2( ) 1 p

pB B B BΦ = − Φ − Φ − − Φ ; 

   2
1 2( ) 1 s s ps

s pB B B BΦ = − Φ − Φ − − Φ ; 
2

1 2( ) 1 q
qB B B BΘ = + Θ + Θ + + Θ ; 

   2
1 2( ) 1 s s Qs

s qB B B BΘ = + Θ + Θ + + Θ . 

Thirdly, the following four tools were used to choose 
the best model: (1) A plot of JE incidence, which could pro-
vide information on the need for non-seasonal and sea-
sonal differencing. (2) The autocorrelation (ACF) and par-
tial autocorrelation (PACF) functions, which contain the 
temporal dependence structure information for the time 
series. (3) The residual ACF and p-values were used for 
the Portmanteau test to diagnose and identify the model. 

(4) Some other measures or indexes, based on information 
theory, like Bayesian information criterion (BIC), Akaike 
information criterion (AIC), Mean Absolute Error (MAE), 
Mean Absolute Percent Error (MAPE), and Theil Inequality 
Coefficient (TIC) were used to achieve an optimal model 
choice by balancing an adequate prediction and a minimum, 
or maximum of number of parameters. Meanwhile, resid-
uals were analyzed by the Ljung-Box test to validate the 
final model, and residuals must be equivalent to white 
noise. Finally, the best fit model was identified. 

Fourthly, the best fit model was used for forecasting 
the incidence or the number of cases of the next period. 

 
Model construction in this study 
This study was based on time series data of JE incidence 
covering the period from Jan 2005 to Sep 2014. Before the 
model was developed, a line plot was drawn to understand 
the trend of the incidence. From this line plot, we could 
find that the incidence had a strong seasonal trend and 
certain periodicity. Consequently, we considered that a 
SARIMA was needed to be established. Based on the four 
steps of the SARIMA fitting, possible SARIMA models with 
seasonal difference, were fitted to data series from Jan 
2005 to Dec 2013. In order to compare the adequacy and 
performance of the possible SARIMA models constructed, 
residual analysis (Q-test) was conducted to determine 
whether white noise exists in the residuals or not. When 
the residuals are all centering on zero randomly in the ACF 
and PACF, the residuals are statistically independent 
(white noise) and the appropriateness of the model can be 
assured. Meanwhile, the AIC, BIC, and MAPE were calcu-
lated. When we could not judge which model was clearer 
between the PACF and ACF, forecasting models with the 
smallest AIC and BIC values could be selected as the final 
one. Graphs for impulse response and accumulated re-
sponse were plotted to detect the stability of the model. MAE 
and MAPE represent the relative scale of error due to fore-
casting, which means the smaller the error, the more accu-
rate the forecast. Then the forecasting accuracy of this cho-
sen model was also verified using the data from January 
2014 to September 2014, and 95% CI of the fitted values 
from 2014 to 2015. All statistical analyses were conducted 
with Eviews Software (IHS EViews, Irvine, CA, USA).19 

RESULTS 

The basic status of reported incidence of JE in Xian-
yang from Jan 2005 to Sep 2014 
The monthly JE incidence of Xianyang covering the period 
from Jan 2005 to Sep 2014 demonstrated periodic fluctu-
ations and there was a strong seasonal fluctuation that 
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peaked from June to August each year. On the other hand, 
the incidence data presented a long-term trend of decline. 

 
Stability of the incidence data 
The plots of monthly incidence showed a strong long-term 
trend. Test results of ACF, PACF and ADF showed that the 
original time series were not stationary (ADF=-1.5603 >1% 
level critical value -3.493747, P<0.01). To achieve a sta-
tionary time series, monthly incidences were seasonally dif-
ferentiated by replacing each observed incidence with the 
first order difference between itself and the observation of 
previous 12 months (s in the model was 12), and then ADF 
test was used again. After applying the seasonal difference, 
we achieve a stationary time series (ADF=-12.0271 <1% 
level critical value -3.493747, P>0.01). From Figure 1 we 
can see that the decline and period trend of the incidence 
were relieved partially after the seasonal first order difference. 

 
Establishment and identification of SARIMA (p, 1, 
q)(P, 1, Q)12 model 
The data set from Jan 2005 to Dec 2013 was used to 
model fitting. For determining the main parameters (p, 
d, q, P, D, and Q) of SARIMA, ACF and PACF of monthly 
JE incidence after the seasonal first order difference was 
drawn (Fig. 1).  

From ACF in Figure 1, we can see that the partial au-
tocorrelation coefficient of the incidence sequence was 
rapidly tending towards zero after k=2, so we can consider 
it as p=2 or p=1. Similarly, the autocorrelation coefficient 
from PACF was rapidly changing to zero after k=1; from 

this we can regard it as q=1. The parameters of P and Q 
were rarely more than 2, which meant that P=0, 1 or 2 and 
Q=0, 1 or 2. Accordingly, we might obtain 18 models 
(showed in Table 1). The key indexes which could be used 
to judge the power of the models are seen in Table 1. From 
Table 1, SARIMA (1, 1, 1) (2, 1, 1)12 was considered to be 
the best model (Fig. 2). 

 
Figure 1. AC and PAC function of monthly incidence of 

Japanese Encephalitis in Xianyang, after the 
seasonal first order difference.  
In figure 1, 1-24 means number of lags. 
AC: autocorrelation coefficient; PAC: partial auto-
correlation coefficient; Q-stat: value of Q-test; 
Prob: P value. 

Table 1. Key measures to judge the powers of the models 

Models R2 Adjusted R2 BIC AIC MAE MAPE White noise

SARIMA(1, 1, 1)(0, 1, 0)12 0.3593 0.3523 -1.5550 -1.6091 0.0448 42.4177 No
SARIMA(1, 1, 1)(0, 1, 1)12 0.5253 0.5149 -1.8066 -1.8878 0.0349 20.2465 Yes 

SARIMA(1, 1, 1)(0, 1, 2)12 0.7281 0.7281 -2.4714 -2.4983 0.0298 25.5302 No 

SARIMA(1, 1, 1)(1, 1, 0)12 0.3921 0.3767 -1.7403 -1.8284 0.0388 48.3811 Yes 

SARIMA(1, 1, 1)(1, 1, 1)12 0.5767 0.5604 -2.0486 -2.1660 0.0355 43.4823 Yes 

SARIMA(1, 1, 1)(1, 1, 2)12 0.5229 0.5110 -3.1737 -2.0836 0.0336 34.8344 No 

SARIMA(1, 1, 1)(2, 1, 0)12 0.6557 0.6507 -3.0530 -3.1167 0.0205 18.4136 Yes 

SARIMA(1, 1, 1)(2, 1, 1)12 0.7675 0.7569 -3.3085 -3.4370 0.0181 21.1313 Yes 

SARIMA(1, 1, 1)(2, 1, 2)12 0.7142 0.7012 -3.1024 -3.2309 0.0186 17.0829 Yes 

SARIMA(2, 1, 1)(0, 1, 0)12 0.2399 0.2315 -1.3727 -1.4271 0.0670 45.8096 No 

SARIMA(2, 1, 1)(0, 1, 1)12 0.4602 0.4482 -1.6661 -1.7478 0.0490 31.168  No 

SARIMA(2, 1, 1)(0, 1, 2)12 0.8080 0.8038 -2.7001 2.7818 0.0327 24.6900 No 

SARIMA(2, 1, 1)(1, 1, 0)12 0.3187 0.3012 -1.6125 -1.7012 0.0543 48.0692 No 

SARIMA(2, 1, 1)(1, 1, 1)12 0.5012 0.4817 -1.8700 -1.9982 0.0505 34.5438 No 

SARIMA(2, 1, 1)(1, 1, 2)12 0.8623 0.8569 -3.1569 -3.2752 0.0258 22.5722 No 

SARIMA(2, 1, 1)(2, 1, 0)12 0.6558 0.6454 -2.9607 -3.0578 0.0211 48.9294 Yes 

SARIMA(2, 1, 1)(2, 1, 1)12 0.7342 0.7220 -3.1580 -3.2874 0.0248 21.8292 No 

SARIMA(2, 1, 1)(2, 1, 2)12 0.6763 0.6668 -3.3054 -3.1503 0.0278 16.7768 Yes 
BIC: Bayesian information criterion; AIC: Akaike information criterion; MAE: Mean Absolute Error; MAPE: Mean Absolute Percent Error.
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Figure 2. AC and PAC function of SARIMA (1, 1, 1) (2, 1, 1)12.  

In figure 2, 1-24 means number of lags. 
 

Analysis and examination of SARIMA (1, 1, 1) (2, 1, 1)12 

In the SARIMA time series analysis, the optimal model 
generated from the incidence data set was SARIMA (1, 1, 
1) (2, 1, 1)12. The estimates of model parameters and their 
testing results are presented in Table 2. All the parameters 
are statistically significant except for the constant. The 
model equation was: 

12

12 24

(1 0.2217 )(1 0.9290 )
(1 0.3323 )(1-0.9975 ) t

B Bincidence
B B

ε+ +∇∇ =
+

 

Table 2. Parameters of SARIMA (1, 1, 1) (2, 1, 1)12 

Variables Coefficient Std. error t-Statistic P value

Non-Seasonal 

Lags 

AR(1)  0.3323 0.1271 2.6154 0.0110

MA(1) -0.2217 0.0473 -4.6867 0.0000

Seasonal  

Lags 

SAR(2) -0.9975 0.0001 -906103.6 0.0000

SMA(1) -0.9290 0.0418 -22.2026 0.0000

AR(1): an autoregressive model with 1 degree of differencing; 
MA(1): moving-average model with the first order; SAR(2): an 
seasonal autoregressive model with 2 degree of differencing; 
SMA(1): an seasonal moving-average model with the first order.  
R-square=0.7675; Adjusted R-square=0.7569; Akaike info cri-
terion=-3.4370; Root Mean Squared Error=0.040984; Mean 
Absolute Error=0.01808; Mean Absolute Percent Error=21.1313; 
Theil Inequality Coefficient=0.2272; Bias Proportion=0.00001. 

 
Assessment and diagnosis of SARIMA (1, 1, 1) (2, 1, 1)12 

The SARIMA model required that the ACF and PACF of the 
residuals were considered white noise to believe that the 
information of the original time series was extracted com-
pletely. From Figure 2, we can see that the ACF and PACF 
of the residuals of SARIMA (1, 1, 1) (2, 1, 1)12 were white 

noise and met this requirement. SARIMA (1, 1, 1)(2, 1, 
1)12 had 38 inverted roots, including 25 from autoregres-
sive model and 13 from moving-average model, and all the 
roots were in the unit. What’s more, Figure 3 suggested 
that the trend of actual incidence was in agreement with 
the theoretical incidence. Graphs for impulse response and 
accumulated response (Fig. 4) could show that the volatil-
ity of the impulse response was not obvious. The fitted 
monthly incidence of JE from Jan 2014 to Nov 2015 is 
shown in Figure 5, from which we could find that the fitted 
incidences were very consistent with the actual incidences 
except for two values with errors. Meanwhile, the fitting curve 

 
Figure 3. Correlation of the actual incidence and theoretical incidence. 

The abscissa represents the number of lags, and the 
ordinate represents the autocorrelation coefficient 
and partial autocorrelation coefficient. 

 
Figure 4. Graphs for impulse response and accumulated response.  

The abscissa represents the number of lags, and the 
ordinate represents the impulse response and accumulated 
response. The blue line means the average response, 
the red line above means the average response+2SE, 
the red line below means the average response-2 SE. 
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was basically in the range of 95%CI. The above results in-
dicated that SARIMA (1, 1, 1) (2, 1, 1)12 was stationary and 
inverted. Therefore, SARIMA (1, 1, 1) (2, 1, 1)12 could be 
considered as an effective model to predict the JE incidence 
of Xianyang, Shaanxi Province, China. 
 
Prediction of incidence by SARIMA (1, 1, 1) (2, 1, 1)12 

We attempted to predict the monthly JE incidences in 2014 
using the SARIMA model, and compared them with the actual 
numbers (Table 3). MAE and MAPE were all low, and all of the 
forecasting incidences were in the range of 95% CI. We also 
found that the monthly JE incidences in Xianyang also showed 
a seasonal pattern; the incidence was highest from June to 
August and very low in other months in 2014 and 2015.

 

 
Figure 5. Observed incidence and fitted incidence of Japanese Encephalitis in Xianyang from Jan 2005 to Nov 2015. 

The ordinate represents incidence of Japanese Encephalitis. 
UCL: upper control limit; LCL: lower control limit.  

 
Table 3. Comparison of observed incidences and forecasting incidences from SARIMA (1, 1, 1) (2, 1, 1)12  

Months Observed incidence (1/105) Forecast incidence (1/105) Upper limit of 95%CI Low limit of 95%CI 

Jan-14 0.0000 -0.0062 0.1413 -0.1538
Feb-14 0.0000 -0.0072 0.1430 -0.1575 

Mar-14 0.0000 -0.0073 0.1431 -0.1577 

Apr-14 0.0000 -0.0072 0.1432 -0.1576 

May-14 0.0000 -0.0071 0.1434 -0.1575 

Jun-14 0.0000 -0.0069 0.1435 -0.1574 

Jul-14 0.0000  0.0220 0.1725 -0.1284 

Aug-14 0.0203  0.1505 0.3010 0.0001 

Sep-14 0.0203  0.0451 0.1955 -0.1054 

Oct-14 - -0.0064 0.1440 -0.1568 

Nov-14 - -0.0063 0.1442 -0.1567 

Dec-14 - -0.0061 0.1443 -0.1566 

Jan-15 - -0.0101 0.1705 -0.1907 

Feb-15 - -0.0106 0.1711 -0.1924 

Mar-15 - -0.0106 0.1713 -0.1924 

Apr-15 - -0.0103 0.1715 -0.1922 

May-15 - -0.0101 0.1717 -0.192 

Jun-15 - -0.0099 0.1719 -0.1917 

Jul-15 -  0.0010 0.1828 -0.1809 

Aug-15 -  0.1358 0.3176 -0.046 

Sep-15 -  0.0427 0.2245 -0.1391 

Oct-15 - -0.0090 0.1728 -0.1908 

Nov-15 - -0.0088 0.1731 -0.1906 

Dec-15 - -0.0085 0.1733 -0.1903 
"-" means no data. 
Root Mean Squared Error=0.0906; Mean Absolute Error=0.0435; Mean Absolute Percent Error=21.3892; Theil Inequality Coeffi-
cient=0.9218; Bias Proportion=0.1056.
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DISCUSSION 

Early recognition of health related problems, especially 
infectious diseases, is highly important for their control and 
prevention. Thanks to the efforts of Box and Jenkins, the 
SARIMA models have become one of the most popular sta-
tistical approaches for predicting the occurrence of infec-
tious diseases.17 The variations in annual incidences indi-
cated that there was a seasonal variation in JE incidence in 
China. The monthly incidence data demonstrated a peak 
from June to August, and roughly 0 in other months, which 
provided the possibility to establish a model to forecast the 
incidence in the near future. Hence, we developed an op-
timal SARIMA model with the incidence data from January 
2005 to December 2013 to predict monthly incidences of 
JE, in order to improve the surveillance system of JE in 
Xianyang City. Computer results showed that the multivar-
iate SARIMA (1, 1, 1) (2, 1, 1)12 had the best stability, with 
a comparison of the models’ forecasting accuracy, which 
proved it to be the most accurate, with the lowest AIC, BIC, 
MAE values, the highest R2, and a lower MAPE.  

The results in this study indicated that incidence of JE 
showed a decline in the long term, and a obvious seasonal 
change, which is highly similar to studies from other coun-
tries, such as India, Korea, and Australia.2-3, 18-21 One rea-
son for this decline might be that the vaccines are available 
to improve immunization of the population and increase 
awareness to help control and prevent infectious diseases. 
On the other hand, the temperature and rainfall are be-
lieved to be the two major climatic factors affecting the 
replication and propagation of JE. Heffelfinger et al22 also 
reported that the genotype of JE was associated with cli-
mate, for example, GIII is significantly associated with 
temperate climates. The life cycle and population density 
of mosquitoes and reproduction rate of JE in mosquitoes 
could be affected by climate.4-5 Some researchers found 
that increased temperature and rainfall can reduce the 
maturation time of mosquito larvae, and rapidly increase 
the population density of mosquitoes. 

Although our SARIMA model was based only on re-
ported incidence of JE, which meant the real JE incidence 
of Xianyang could not be readily obtained, the web-based 
and case-based mandatory JE reporting system had been 
fully operational since 2002 and covered 100% of counties 
of Xianyang City. Therefore, the reported JE incidences 
should closely mirror the actual figures. What’s more, lev-
els of the incidence of JE in our results were very similar 
to other cities, such as Xi’an. Based upon the results of our 
study, we could believe that there would be no obvious 

decrease in the incidence of JE in Xianyang in the near fu-
ture. The results also indicated that the reported annual JE 
incidence in Xianyang City would decrease slightly. 

When it comes to JE prevention, continuing to improve 
the vaccination coverage; especially for children from 5 to 
15 years old, may play an important role in decreasing in-
cidence numbers in our city, and even in our whole country, 
in the long run. Secondly, strengthening hygienic aware-
ness of the whole society and eliminating mosquitoes will 
help control and prevent JE. However, possible biomechan-
ics for the seasonal variations in JE incidence need to be 
further studied. 

There are several limitations in present study. First, 
climate-related factors were not incorporated in the model 
construction because the data for these factors are still un-
available. The second limitation is that the models estab-
lished upon the data from 2005 to 2013 were only verified 
against the data of 2014, which could introduce some er-
rors. The third limitation is that we used a single SARIMA 
model. Although we chose the most accurate one, there 
is still the probability that a better hybrid model exists. 
The data collected and used in this paper is only from 
Xianyang, which was limited by the authority of Disease 
Prevention and Control Information System, and we can't 
obtain more data from a larger region. This is another 
limitation of this study. However, this study demon-
strates the feasibility of the ARIMA model in the process 
of JE prevention, and the methods and conclusions of the 
present study can still provide a valuable reference for JE 
prevention in other areas. 

In summary, as the result of our comparison of the 
possible models that could be used to predict the incidence 
numbers of JE in Xianyang, PR China, the model fitted in 
the present study incorporated explanatory variables (sea-
sonal) and was the most appropriate for forecasting JE in-
cidence in Xianyang. We have proved that SARIMA (1, 1, 
1) (2, 1, 1)12 appears to be reliable and accurate, and could 
be applied for incidence prediction. The model in our study 
showed that the season should be considered as an im-
portant factor affecting the occurrence of JE. The proposed 
prediction model can provide clues to early identification of 
the incidence that increases abnormally (≥0.4/100 000). 
According to the predicted results from 2014 to 2015, the 
JE incidence in Xianyang would decline slightly and reach 
its peak below 0.2/100 000 from June to August. However, 
our results still need to be re-examined with series data of 
a longer time. 
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