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Abstract
Tuberculosis is a major global public health problem, which also affects economic and so-

cial development. China has the second largest burden of tuberculosis in the world. The tu-

berculosis morbidity in Xinjiang is much higher than the national situation; therefore, there is

an urgent need for monitoring and predicting tuberculosis morbidity so as to make the con-

trol of tuberculosis more effective. Recently, the Box-Jenkins approach, specifically the

autoregressive integrated moving average (ARIMA) model, is typically applied to predict the

morbidity of infectious diseases; it can take into account changing trends, periodic changes,

and random disturbances in time series. Autoregressive conditional heteroscedasticity

(ARCH) models are the prevalent tools used to deal with time series heteroscedasticity. In

this study, based on the data of the tuberculosis morbidity from January 2004 to June 2014

in Xinjiang, we establish the single ARIMA (1, 1, 2) (1, 1, 1)12 model and the combined

ARIMA (1, 1, 2) (1, 1, 1)12-ARCH (1) model, which can be used to predict the tuberculosis

morbidity successfully in Xinjiang. Comparative analyses show that the combined model is

more effective. To the best of our knowledge, this is the first study to establish the ARIMA

model and ARIMA-ARCHmodel for prediction and monitoring the monthly morbidity of tu-

berculosis in Xinjiang. Based on the results of this study, the ARIMA (1, 1, 2) (1, 1, 1)12-

ARCH (1) model is suggested to give tuberculosis surveillance by providing estimates on tu-

berculosis morbidity trends in Xinjiang, China.

Introduction
Tuberculosis (TB) is a chronic respiratory infectious disease caused by the pathogen Mycobac-
terium tuberculosis. Infected people can spread TB germs from their mouth when they cough
or sneeze. After suffering from TB, if the patients are not given timely, thorough treatment,
they can be faced with a serious threat to their health, even making them completely lose the
ability to work, but also possibly infecting others. China has a large burden of tuberculosis with
huge health and economic losses, the number of TB patients gets the second highest ranking in
the world, and around 250 thousand patients die of TB every year [1].
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The Xinjiang Uygur Autonomous Region is located in the northwestern border of China; its
area is 1.66 million square kilometers, accounting for 1/6 of total area of China, it is the largest
autonomous region of China [2]. Its morbidity of TB is much higher than the national situation
as shown in Fig. 1. According to the fifth TB epidemiology survey in Xinjiang in 2010, some
people over the age of 15 suffered from active pulmonary TB, and the morbidity was 1525 (per
100,000 population), which was 3.32 times higher than the TB morbidity of whole country, the
number of active pulmonary TB patients was more than 260,000 [3]. In the last ten years, com-
pared with other infectious disease prevalence, the morbidity of TB has always been ranked in
the top two in Xinjiang. This disease is a serious public health and social problem affecting eco-
nomic and social development, its prevention and control has been signaled as being of great
importance: Establishing the accurate morbidity prediction model of TB forecasts future epi-
demic situation, which can provide scientific basis for formulating the correct control
planning.

Some popular methods currently used in prediction for infectious disease morbidity, such
as linear regression method [4,5,6], gray model method [7,8,9], artificial neural network meth-
od [10,11,12], specifically the autoregressive integrated moving average (ARIMA) method
[13,14,15,16,17,18,19], etc. ARIMA method is a reflection of the time dynamic dependency; it
can reveal the quantitative relationship between the research object and other objects with the
development and change of time. To forecast, ARIMA method is applied more widely than
other methods, it can take into account changing trends, periodic changes, and random distur-
bances in time series, and it is very useful in modeling the temporal dependence structure of a
time series.

Some of the morbidity time series, which are difficult to predict accurately with a single
model, in this case, some combined models can be used to obtain accurate prediction. For ex-
ample, Cao et al. [20] used ARIMA-GRNNmodel to forecast successfully TB incidence in
China. Purwanto et al. [21] used ARIMA-NN model to forecast successfully the morbidity of
TB in Indonesia and Zambia. YU et al. [22] used a hybrid model with ARIMA and nonlinear

Fig 1. The annual morbidity of tuberculosis from 2008 to 2012 in Xinjiang and in China. Xinjiang is one of the autonomous regions of China; its
morbidity of tuberculosis (TB) is much higher than the national situation.

doi:10.1371/journal.pone.0116832.g001
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autoregressive neural network to forecast successfully incidence cases of hand-foot-
mouth disease.

In this study, based on the characteristics of the morbidity of TB in Xinjiang, China, we es-
tablish the best single ARIMA model for prediction. In order to improve the accuracy of the
single ARIMAmodel, we make a careful analysis of the residual of the model; we find the resid-
ual sequence has heteroscedasticity. Heteroscedasticity is a critical aspect of data non-station-
ary in time series forecasting, it implies that different observations in time series have different
variances. Heteroscedasticity can pose some problems, for example, in the ordinary least
squares (OLS) estimate, the presence of heteroscedasticity gives a false sense of precision, and
the standard errors and confidence intervals estimated by OLS will be too narrow although the
regression coefficients of OLS are still unbiased [23]. Considering this reason, we further estab-
lish the autoregressive integrated moving average and autoregressive conditional heteroscedas-
ticity (ARIMA-ARCH) combined model. The results show the accuracy of the combined
model is higher than that of single ARIMA model.

Materials and Methods

Data Source
The data of the TB cases in Xinjiang from January 2004 to June 2014 was obtained from the
website of Bureau of Health, Xinjiang Uyghur Autonomous Region, China, and population
data was collected from the Xinjiang statistics Bureau (the calculated TB morbidity in S1
Table). All TB cases were initially diagnosed by clinical symptoms, by bacteriological examina-
tion and pathological examination confirmed. Finally, data was collected by case number ac-
cording to the inspection results. Due to the false negative test results, there might be
admission rate bias in the disease report, but this has been reduced as much as possible by re-
peating test and auxiliary examinations. In China, TB is a nationally notifiable disease and hos-
pital physicians must report every case of TB very seriously to the local health authority within
24 hours. Local health authorities later report monthly TB case totals to higher the national
level CDC (Center for Disease Control and Prevention) for surveillance purposes.

Model Descriptions
ARIMAModel Description. The ARIMAmodel is widely used in the areas of non-stationary
time series forecasting, which can be written as:

�ðBÞð1� BÞd Xt ¼ yðBÞet;
where Xt represents a non-stationary time series at time t, εt is a white noise (zero mean and
constant variance), d is the order of differencing, B is a backward shift operator defined by
BXt = Xt−1, φ(B), is the autoregressive operator defined as:

�ðBÞ ¼ 1� �1B� �2B
2 � � � � � �pB

p;

θ(B) is the moving average operator defined as:

yðBÞ ¼ 1� y1B� y2B
2 � � � � � yqB

q:

The periodic repetition of performance norms is very common in time series analyses, this
characteristic of many time series is called seasonality, and it is a type of non-stationary. In this
case, there are two different components in the ARIMA models: a regular component, which
constructs the predictions based on the previous delays in values and disturbances of the
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variable (with its regular auto regressive (p), moving average (q), and order of differencing (d)
components), and a seasonal component, which constructs the predictions based on seasonal
delays of values and disturbances of the variable (with its seasonal autoregressive(P), moving
average (Q), and order of differencing (D) components). A seasonal ARIMA model with s ob-
servations per period, denoted by ARIMA (p, d, q) (P, D, Q)s is given by:

FðBsÞ�ðBÞð1� BÞd ð1� BsÞD Xt ¼ YðBsÞyðBÞet;

FðBsÞ ¼ 1� �s;1B
s � �s;2B

2s � � � � � �s;PB
Ps;

YðBsÞ ¼ 1� ys;1B
s � ys;2B

2s � � � � � ys;QB
Qs:

Generally, the standard statistical methodology to construct an ARIMA model includes four
steps:

First step, to transform the non-stationary time series into stationary time series by
differencing processes, d is the order of non-seasonal (regular) difference, D is the order of sea-
sonal difference. Augmented Dickey-Fuller (ADF) test can determine whether the time series
after differencing was stationary or not.

Second step, to plot the graphs of the autocorrelation function (ACF) and partial autocorre-
lation function (PACF) of the transformed series. According to ACF and PACF, we can deter-
mine the possible values of p, q, P and Q, this process requires both skill and experience.
Generally, more than one tentative model is chosen in this step. Then, model identification and
parameter estimation.

Third step, to verify the goodness of fit of the possible models by the diagnostic checking of
residuals: Residuals must be equivalent to white noises (significant level p>0.05) by using the
Box-Jenkins Q test. Generally speaking, if the p value of Q-statistics is not bigger than 0.8, the
tentative model is inadequate [24].

Fourth step, to select the best ARIMA model from possible models by the Akaike informa-
tion criterion (AIC) and Schwarz criterion (SBC) [25].The preferred model is the one with the
lowest AIC and SBC values.

ARIMA-ARCHModel Description. Autoregressive conditional heteroscedasticity
(ARCH) models are the prevalent tools used to deal with time series heteroscedasticity [26].
The error term εt of the ARIMA is the random component and commonly assumed to be zero
mean and constant variance. However, for some practical time series, the error term εt does
not satisfy the homoscedastic assumption of constant variance. The time varying variance (i.e.,
volatility or heteroscedasticity) depends on the observations of the immediate past and is called
the conditional variance. In this case, the Histogram-Normality test of the error term εt has
heavier-tailed distribution [27], as well as, the autoregressive conditional heteroscedasticity La-
grange multiplier (ARCH LM) test of the error term εt shows p<0.05. ARCH model is intro-
duced to accommodate the possibility of serial correlation in volatility. Models for volatility
forecasting were first developed by Engle (1982) [26], these models known as ARCHmodels
were developed to capture the non-constant variance. Therefore, when the error term εt of the
ARIMA has ARCH effect, we can consider a combined model, which may have
higher accuracy.
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The ARIMA-ARCHmodel is one model, in which the variance of the error term of the
ARIMA model follows an ARCH process, the model can be written as [28]:

FðBsÞ�ðBÞð1� BÞd ð1� BsÞD Xt ¼ YðBsÞyðBÞet;

et ¼
ffiffiffiffi
vt

p
zt;

vt ¼ c0 þ Z1e
2
t�1 þ Z2e

2
t�2 þ � � � þ Zle

2
t�l;

where the error term εt is said to follow an ARCH process of orders l [26], [29], zt is a white
noise sequence with mean 0 and variance 1. Assume that vt is conditioned on the l previous er-
rors, c0 and ηi are constant coefficients.

The Indexes of Assessing Forecast Accuracy
Three performance measures were employed in determining prediction efficiency between sin-
gle ARIMA model and ARIMA-ARCHmodel, namely root mean square error (RMSE), mean
absolute error (MAE) and mean absolute percentage error (MAPE). These measures have been
used by many researchers to compare the accuracy of their models with other known models
[30, 31, 32, 33, 34].

The first performance measure is root mean square error (RMSE), which is used to compare
to predict value with actual value. The RMSE is computed as:

RMSE ¼

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiXn

t¼1

ðXt � X̂ tÞ2

n

vuuut
:

The second performance measure is mean absolute error (MAE). The MAE is defined as:

MAE ¼

Xn

t¼1

jXt � X̂ tj

n
:

And then, the third performance measure is mean absolute percentage error (MAPE), a mea-
sure of relative overall fitness. This performance measure is defined as:

MAPE ¼

Xn

t¼1

jXt � X̂ tj
Xt

� 100

n
;

where X̂t is the predict value, Xt is the actual value and n is the number of observations.

Data Processing and Analysis
All analyses are performed using Eviews 7.2 and Matlab 2012b.

Ethical Review
The study protocol and utilization of TB morbidity data were reviewed by Xinjiang Uygur Au-
tonomous Region Center for Disease Control and Prevention and no ethical issues were identi-
fied. Therefore, no ethics approval was required by our Investigation Review Board.
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Results
This study is based on the monthly morbidity of TB from January 2004 to June 2014 in Xin-
jiang, China (as shown in Fig. 2). Fig. 2 shows that the morbidity of TB has roughly seasonal
fluctuations and slightly rising trend.

The data set is divided into two subsets for ARIMA model and ARIMA-ARCHmodel: one
for training, and the other one for testing. The data from January 2004 to December 2013 is
used to train models, and the data from January 2014 to June 2014 is used to test the perfor-
mances of the models. ARMAmodel requires data to be stationary, otherwise, neither of back-
cast or forecast of the series can be available. Fig. 2 and the ADF test (p>0.05) show the time
series is not stationary. In order to obtain a stationary time series, we use three steps to achieve.
Firstly, first-order non-seasonal difference (d = 1) is computed, after that, ACF and PACF
graphs indicate a high seasonal behavior with a circle of 12 (so s = 12), secondly, to remove
monthly seasonality, first-order seasonal difference (D = 1) with a circle of 12 is computed, fi-
nally, to do ADF test, the result (as shown in Table 1) is statistically significant (p<0.001),
which confirms that the transformed time series is stationary.

After first-order non-seasonal difference and first-order seasonal difference with a circle of
12, we obtain the transformed tuberculosis morbidity series. ADF (Augmented Dickey-Fuller)
test statistic is −4.922558, and p = 0.0001 is less than 0.05 significantly, which suggest that the
transformed tuberculosis morbidity series is stationary.

Fig 2. Tuberculosis morbidity from January 2004 to June 2014 in Xinjiang. The Data was obtained from the website of Bureau of Health, Xinjiang
Uyghur Autonomous Region, China. The tuberculosis morbidity has roughly seasonal fluctuations and slightly rising trend.

doi:10.1371/journal.pone.0116832.g002

Table 1. The ADF test of the transformed tuberculosis morbidity series.

Covariate t-Statistic p-value

ADF test statistic −4.922558 0.0001

1% level statistic −3.501445 0.01

5% level statistic −2.892536 0.05

10% level statistic −2.583371 0.1

doi:10.1371/journal.pone.0116832.t001
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All further statistical procedures are performed on the stationary series. We plot ACF and
PACF graphs (as shown in Fig. 3) of the stationary series. By analyzing Fig. 3, we conduct nine
models: ARIMA (1, 1, 1) (1, 1, 1)12, ARIMA (1, 1, 2) (1, 1, 1)12, ARIMA (1, 1, 3) (1, 1, 1)12,
ARIMA (2, 1, 1) (1, 1, 1)12, ARIMA (2, 1, 2) (1, 1, 1)12, ARIMA (2, 1, 3) (1, 1, 1)12, ARIMA (3,
1, 1) (1, 1, 1)12, ARIMA (3, 1, 2) (1, 1, 1)12, ARIMA(3, 1, 3)(1, 1, 1)12. By diagnostic checking in-
cluding residual analysis, we establish six models shown in Table 2 with their AIC and SBC, the
six models can be used to predict TB morbidity in Xinjiang, China. It is seen from Table 2 that
ARIMA (1, 1, 1) (1, 1, 1)12 model and ARIMA (1, 1, 2) (1, 1, 1)12 model are better than the

Fig 3. The ACF and PACF graphs of stabilized tuberculosis morbidity series. ACF = autocorrelation function, PACF = partial autocorrelation function.
Based on the ACF, we determine the possible values of q (q = 1, 2 or 3) andQ(Q = 1) of ARIMA (p, d, q) (P, D,Q) 12, and based on PACF, we determine the
possible values of p (p = 1, 2 or 3) and P (P = 1) of ARIMA (p, d, q) (P, D,Q)12.

doi:10.1371/journal.pone.0116832.g003

Table 2. The six ARIMA models with their AIC and SBC values.

Model AIC SBC

ARIMA (1, 1, 1) (1, 1, 1)12 5.107 5.243

ARIMA (1, 1, 2) (1, 1, 1)12 5.09 5.252

ARIMA (2, 1, 1) (1, 1, 1)12 5.109 5.273

ARIMA (2, 1, 2) (1, 1, 1)12 5.125 5.316

ARIMA (3, 1, 1) (1, 1, 1)12 5.136 5.328

ARIMA (3, 1, 2) (1, 1, 1)12 5.157 5.377

AIC = Akaike information criterion and SBC = Schwarz criterion.

doi:10.1371/journal.pone.0116832.t002
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other four models, since the two models have lower AIC and lower SBC values. Compared
with ARIMA (1, 1, 1) (1, 1, 1)12 model (the p value of Box-Jenkins Q test is 0.434), the ARIMA
(1, 1, 2) (1, 1, 1) 12 model (the p value of Box-Jenkins Q test is 0.559) has better residual test re-
sults, therefore, the ARIMA (1, 1, 2) (1, 1, 1)12 model is the better model to fit the data.

Objective to improve the precision of ARIMA (1, 1, 2) (1, 1, 1)12 model, we analyze residual
series carefully. Although Box-Jenkins Q test suggest that autocorrelation function of residual
series with different lags do not differ from zero (p>0.05), p = 0.559 (corresponding to the Q24

= 17.457) is not big enough. After that, we do Histogram-Normality test (as shown in Fig. 4),
the result shows that heavier-tailed distribution of residual series exists; we do ARCH LM test
with the 1st lag, the result shows that a clear ARCH effect of residual series exists (significant
level p<0.05), and the ARCH effect do not exist when lag is more than 1. Therefore, we consid-
er establishing ARIMA (1, 1, 2) (1, 1, 1)12-ARCH (1) model to improve the precision of predic-
tion. By the diagnostic checking, we find the residual of the combined model is white noise,
and there is no ARCH effect longer. The values of AIC and SBC of the combined model (AIC =
4.68 and SBC = 4.92) are less than the corresponding values of single ARIMA (1, 1, 2) (1, 1,
1)12 model (AIC = 5.09 and SBC = 5.252), which suggest the proposed combined model is able
to achieve significant performance improvement. Fig. 5 shows the actual monthly morbidity of
TB and fitted morbidity of ARIMA model and ARIMA-ARCHmodel.

Finally, ARIMA model and ARIMA-ARCHmodel are employed for forecasting TB mor-
bidity from January 2014 to June 2014. The fitting and forecasting results are shown in Fig. 6.
The prediction error of the combined model in the testing part is less than the single ARIMA
model, as RMSE, MAE and MAPE shown in Table 3, which indicates that the combined model
is more effective.

Discussion
TB is a major global public health problem, although substantial progress has been made, it is
still an often fatal infectious disease in the world. TB remains a major health issue with a high

Fig 4. Histogram-Normality test of residual series of the ARIMA (1, 1, 2) (1, 1, 1)12 model. Skewness is not 0, Kurtosis is more than 3, Probability is
0.000000, all that suggest the residual series do not obey normal distribution and obey heavier-tailed distribution.

doi:10.1371/journal.pone.0116832.g004
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burden in China. The increase of floating population, TB patients with HIV co-infection as
well as the emergence of drug-resistant strains, further lead to the increased difficulty of pre-
vention and control of TB [1]. According to Fig. 1, the TB morbidity in Xinjiang is much higher
than the national situation. Fig. 2 shows the morbidity of TB has a slightly rising trend, which
indicates there is the bigger challenge for tuberculosis control and prevention. Therefore, it is
highly cost effective to detect a TB epidemic in its early stages in order to optimize disease con-
trol and intervention in Xinjiang, China. However, up to now, there are no related articles for
the prediction of monthly morbidity of TB in Xinjiang. Early warning based on forecasts is
very important for improving vector control, community intervention and personal protection.
This study aims to develop an appropriate model for predicting TB epidemics in Xinjiang.

Time series analysis of surveillance data on morbidity of various infections is very helpful in
developing hypotheses; these hypotheses can explain and anticipate the dynamics of the ob-
served phenomena so as to establish a quality control system. ARIMA model is one of the most
widely used time series forecasting techniques because of its structured modeling basis and ac-
ceptable forecasting performance [35].

In epidemiology, ARIMA models have been successfully applied to predict the morbidity of
infectious disease [13,14,15,16,17,18,19,36,37,38,39]. In this study, the monthly morbidity data
of TB from January 2004 to June 2014 was collected in Xinjiang, China. First of all, we use
ARIMA method to establish the single ARIMA (1, 1, 2) (1, 1, 1)12 model for predicting the
monthly morbidity of TB in Xinjiang, after that, we analyze carefully the residual series based

Fig 5. Fitted values of ARIMA (1, 1, 2) (1, 1, 1)12 model and ARIMA (1, 1, 2) (1, 1, 1)12-ARCH (1) model versus the actual monthly morbidity of
tuberculosis before December 2013.We can see fitting performance of the two models by this Figure.

doi:10.1371/journal.pone.0116832.g005
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on the ARIMA (1, 1, 2) (1, 1, 1)12 model, the results indicate that a clear ARCH effect exists.
ARCH models are the prevalent tools used to deal with time series heteroscedasticity. In order
to remove the heteroscedasticity and improve prediction accuracy, we establish ARIMA (1, 1,
2) (1, 1, 1)12-ARCH (1) model. We develop an ARIMAmodel and an ARIMA-ARCH com-
bined model to predict monthly morbidity of TB in Xinjiang. When we test the performances
of the two models based on the data from January 2014 to June 2014, we use three indexes,
such as RMSE, MAE and MAPE. The smaller the values of these indexes are, the higher the
precision of model is. From Table 3, we can find the combined model, which takes ARCH ef-
fect into account, outperform the ARIMA model. We believe that the model combining
ARIMA and ARCH effect contains more data characteristics than the single ARIMA (1, 1, 2)
(1, 1, 1)12 model and is better for forecasting monthly morbidity of TB in Xinjiang.

To the best of our knowledge, this is the first study to establish the ARIMA model and
ARIMA-ARCHmodel for prediction and monitoring the monthly morbidity of TB in Xin-
jiang. Based on the results of this study, The ARIMA (1, 1, 2) (1, 1, 1)12-ARCH (1) model could
better contribute to TB surveillance in Xinjiang.

The ARIMA model is generally used for short-term forecasts. Since the morbidity of TB is
not stationary, new observations series should be added continually into the sequence over
time, which can ensure that the ARIMA-ARCHmodel provides the best forecast possible. If

Fig 6. Forecast values of ARIMA (1, 1, 2) (1, 1, 1)12 model and ARIMA (1, 1, 2) (1, 1, 1)12-ARCH (1) model versus the actual monthly morbidity of
tuberculosis from January 2014 to June 2014.We can see predication performance of the two models by this Figure.

doi:10.1371/journal.pone.0116832.g006

Table 3. Forecasting performance comparison by RMSE, MAE and MAPE.

Model RMSE MAE MAPE

ARIMA (1, 1, 2) (1, 1, 1)12 2.58 2.14 9.51

ARIMA (1, 1, 2) (1, 1, 1)12-ARCH (1) 1.7 1.56 6.85

RMSE = root mean square error, MAE = mean absolute error and MAPE = mean absolute

percentage error.

doi:10.1371/journal.pone.0116832.t003
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the actual data falls outside the confidence level of the forecast value, the model should be
updated immediately.

Conclusions
TB is a serious public health issue in Xinjiang, China. Early prediction of TB epidemic is very
important for its control and intervention, which can reduce the substantial morbidity and
mortality caused by this disease. ARIMA models are an important tool for infectious disease
surveillance. ARCHmodels are the prevalent tools used to deal with time series heteroscedasti-
city. This study establish ARIMA (1, 1, 2) (1, 1, 1)12 model and ARIMA (1, 1, 2) (1, 1, 1)12-
ARCH (1) model can be employed to forecast the morbidity of TB in Xinjiang, China. Compar-
ative analyses show that the combined model has better performance. Therefore, this study
suggests that the department of disease control and prevention uses the ARIMA (1, 1, 2) (1, 1,
1)12-ARCH (1) model to optimize TB prevention by providing estimates on TB morbidity
trends in Xinjiang, China.

Supporting Information
S1 Table. The data of tuberculosis morbidity in Xinjiang from January 2004 to June 2014.
(XLS)

Acknowledgments
We would like to express our gratitude to anonymous peer reviewers for carefully revising our
manuscript and for his or her useful comments.

Author Contributions
Conceived and designed the experiments: YLZ YJZ. Performed the experiments: YLZ YJZ. An-
alyzed the data: YLZ YJZ LPZ XLZ. Contributed reagents/materials/analysis tools: YLZ YJZ
LPZ XLZ KW. Wrote the paper: YLZ YJZ LPZ.

References
1. Chinese Center for Disease Control and Prevention (2010) (The current situation of tuberculosis). Avail-

able: http://www.chinacdc.cn/jkzt/crb/jhb/jhb_3868/201003/t20100322_24566.htm. Accessed July 6th,
2014.

2. Baidusection (2014) (Xinjiang Uygur Autonomous Region). Available: http://baike.baidu.com/subview/
2824/14767092.htm?fr = aladdin#4_1. Accessed July 6th, 2014.

3. Bureau of Health, Xinjiang Uyghur Autonomous Region (2014) (News release of the TB day in Xin-
jiang). Available: http://www.xjwst.gov.cn/zwgknry.jsp?urltype = news.NewsContentUrl&wbtreeid=
913&wbnewsid=6941. Accessed July 6th, 2014.

4. Wang YJ, Zhao TQ, Wang P, Li SQ, Huang Z, et al. (2006) Applying linear regression statistical method
to predict the epidemic of hemorrhagic fever with renal syndrome. Chinese Journal of Vector Biology
and Control 17: 333–334.

5. Bi P, Wu XK, Zhang FZ, Parton KA, Tong SL (1998) Seasonal rainfall variability, the incidence of hem-
orrhagic fever with renal syndrome, and prediction of the disease in low-lying areas of China. American
Journal of Epidemiology 148: 276–281. PMID: 9690365

6. Olsson GE, Hjertqvist M, Lundkvist A, Hornfeldt B (2009) Predicting high risk for human hantavirus in-
fections, Sweden. Emerging Infectious Diseases 15: 104–106. doi: 10.3201/eid1501.080502 PMID:
19116065

7. Guo LC, WuW, Guo JQ, Wang P, Zhou BS (2008) Appling grey swing model to predict the incidence
trend of hemorrhagic fever with renal syndrome in Shenyang. Journal of China Medical University 37:
839–842.

Forecast Model Analysis for the Morbidity of Tuberculosis in Xinjiang

PLOS ONE | DOI:10.1371/journal.pone.0116832 March 11, 2015 11 / 13

http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0116832.s001
http://www.chinacdc.cn/jkzt/crb/jhb/jhb_3868/201003/t20100322_24566.htm
http://baike.baidu.com/subview/2824/14767092.htm?fr�=�aladdin#4_1
http://baike.baidu.com/subview/2824/14767092.htm?fr�=�aladdin#4_1
http://www.xjwst.gov.cn/zwgknry.jsp?urltype�=�news.NewsContentUrl&amp;wbtreeid=913&amp;wbnewsid=6941
http://www.xjwst.gov.cn/zwgknry.jsp?urltype�=�news.NewsContentUrl&amp;wbtreeid=913&amp;wbnewsid=6941
http://www.ncbi.nlm.nih.gov/pubmed/9690365
http://dx.doi.org/10.3201/eid1501.080502
http://www.ncbi.nlm.nih.gov/pubmed/19116065


8. WuW, Guan P, Guo JQ, Zhou BS (2008) Comparison of GM(1,1) gray model and ARIMAmodel in fore-
casting the incidence of hemorrhagic fever with renal syndrome. Journal of China Medical University
37: 52–55.

9. Zhang LP, Zheng YL, WangW, Zhang XL, Zheng YJ (2014) An optimized Nash nonlinear grey Ber-
noulli model based on particle swarm optimization and its application in prediction for the incidence of
Hepatitis B in Xinjiang, China. Computers in Biology and Medicine 49: 67–73. doi: 10.1016/j.
compbiomed.2014.02.008 PMID: 24747730

10. Wu ZM, WuW,Wang P, Zhou BS (2006) Prediction for incidence of hemorrhagic fever with renal syn-
drome with back propagation artificial neural network model. Chinese Journal of Vector Biology and
Control 17: 223–226.

11. Guan P, Huang DS, Zhou BS (2004) Forecasting model for the incidence of hepatitis A based on artifi-
cial neural network. World Journal of Gastroenterology 10: 3579–35826. PMID: 15534910

12. Cunha GB, Luitgards-Moura JF, Naves EL (2010) Use of an artificial neural network to predict the inci-
dence of malaria in the city of Canta, state of Roraima. Revista da Sociedade Brasileira de Medicina
Tropical 43: 67–706. PMID: 8668833

13. SiriwanW, Mullica J, Krisanadej J (2012) Development of temporal modeling for prediction of dengue
infection in Northeastern Thailand. Asian Pacific Journal of Tropical Medicine: 249–2526. doi: 10.1016/
S1995-7645(12)60034-0 PMID: 22305794

14. Gharbi M, Quenel P, Gustave J, Cassadou S, La Ruche G, et al. (2011) Time series analysis of dengue
incidence in Guadeloupe, FrenchWest Indies: Forecasting models using climate variables as predic-
tors. BMC Infectious Diseases 11: 166. doi: 10.1186/1471-2334-11-166 PMID: 21658238

15. Li Q, Guo NN, Han ZY, Zhang YB, Qi SX, et al. (2012) Application of an Autoregressive Integrated Mov-
ing Average Model for Predicting the Incidence of Hemorrhagic Fever with Renal Syndrome. American
Journal of Tropical Medicine and Hygiene 87: 364–370. doi: 10.4269/ajtmh.2012.11-0472 PMID:
22855772

16. Liu QY, Liu XD, Jiang BF, YangWZ (2011) Forecasting incidence of hemorrhagic fever with renal syn-
drome in China using ARIMAmodel. BMC Infectious Diseases 11: 218. doi: 10.1186/1471-2334-11-
218 PMID: 21838933

17. Earnest A, Chen MI, Ng D, Sin LY (2005) Using autoregressive integrated moving average (ARIMA)
models to predict and monitor the number of beds occupied during a SARS outbreak in a tertiary hospi-
tal in Singapore. BMC Health Services Research 5: 316.

18. Catalano R, Frank J (2001) Detecting the effect of medical care on mortality. Journal of Clinical Epide-
miology 54: 830–836. PMID: 11470393

19. Ríos M, García JM, Sánchez JA, Pérez D (2000) A statistical analysis of the seasonality in pulmonary
tuberculosis. European Journal of Epidemiology 16: 483–488. PMID: 10997837

20. Cao SY, Wang F, TamW, Tse LA, Kim JH, et al. (2013) A hybrid seasonal prediction model for tubercu-
losis incidence in China. BMCMedical Informatics and Decision Making 13: 56. doi: 10.1186/1472-
6947-13-56 PMID: 23638635

21. Purwanto, Eswaran C, Logeswaran R (2012) an enhanced hybrid method for time series prediction
using linear and neural network models. Applied Intelligence 37: 511–519.

22. Yu LJ, Zhou LL, Tan L, Jiang HB, Wang Y, et al. (2014) Application of a New Hybrid Model with Season-
al Auto-Regressive Integrated Moving Average (ARIMA) and Nonlinear Auto-Regressive Neural Net-
work (NARNN) in Forecasting Incidence Cases of HFMD in Shenzhen, China. PLoS One 9: e98241.
doi: 10.1371/journal.pone.0098241 PMID: 24893000

23. Engle RF (2001) the use of ARCH/GARCHmodels in applied econometrics. JEcon Perspect 15: 157–
168.

24. Ljung GM, Box GEP (1978) on a measure of lack of fit in time series models. Biometrika 65: 297–303.

25. Claeskens G, Hjort NL (2008) Model selection and model averaging. Cambridge: Cambridge Universi-
ty Press.

26. Engle RF (1982) Autoregressive conditional heteroscedasticity with estimates of variance of United
Kingdom inflation. Econometrica 50: 987–1000.

27. Bollerlev T (1986) Generalized autoregressive conditional heteroskedasticity. Journal of Econometrics
31: 307–327.

28. Liu HP, Erdem E, Shi J (2011) Comprehensive evaluation of ARMA–GARCH (-M) approaches for
modeling the mean and volatility of wind speed. Applied Energy 88: 724–732.

29. Tol RSJ (1997) Autoregressive conditional heteroscedasticity in daily wind speed measurements.
Theor Appl Climatol 56: 113–122.

Forecast Model Analysis for the Morbidity of Tuberculosis in Xinjiang

PLOS ONE | DOI:10.1371/journal.pone.0116832 March 11, 2015 12 / 13

http://dx.doi.org/10.1016/j.compbiomed.2014.02.008
http://dx.doi.org/10.1016/j.compbiomed.2014.02.008
http://www.ncbi.nlm.nih.gov/pubmed/24747730
http://www.ncbi.nlm.nih.gov/pubmed/15534910
http://www.ncbi.nlm.nih.gov/pubmed/8668833
http://dx.doi.org/10.1016/S1995-7645(12)60034-0
http://dx.doi.org/10.1016/S1995-7645(12)60034-0
http://www.ncbi.nlm.nih.gov/pubmed/22305794
http://dx.doi.org/10.1186/1471-2334-11-166
http://www.ncbi.nlm.nih.gov/pubmed/21658238
http://dx.doi.org/10.4269/ajtmh.2012.11-0472
http://www.ncbi.nlm.nih.gov/pubmed/22855772
http://dx.doi.org/10.1186/1471-2334-11-218
http://dx.doi.org/10.1186/1471-2334-11-218
http://www.ncbi.nlm.nih.gov/pubmed/21838933
http://www.ncbi.nlm.nih.gov/pubmed/11470393
http://www.ncbi.nlm.nih.gov/pubmed/10997837
http://dx.doi.org/10.1186/1472-6947-13-56
http://dx.doi.org/10.1186/1472-6947-13-56
http://www.ncbi.nlm.nih.gov/pubmed/23638635
http://dx.doi.org/10.1371/journal.pone.0098241
http://www.ncbi.nlm.nih.gov/pubmed/24893000


30. Faruk DO (2010) A hybrid neural network and ARIMAmodel for water quality time series prediction.
Eng Appl Artif Intell 23: 586–594.

31. Rojas I, Valenzuela O, Rojas F, Guillen A, Herrera LJ, et al (2008) Soft-computing techniques and
ARMAmodel for time series prediction. Neurocomputing 71: 519–537.

32. Lee YS, Tong LI (2011) Forecasting time series using a methodology based on autoregressive integrat-
ed moving average and genetic programming. Knowl-Based Syst 24: 66–72.

33. Guo ZQ, Wang HQ, Liu Q, Yang J (2014) A Feature Fusion Based Forecasting Model for Financial.
PLoS One 9: e101113. doi: 10.1371/journal.pone.0101113 PMID: 24971455

34. Kuhn L, Davidson LL, Durkin MS (1994) Use of poisson regression and time series analysis for detect-
ing changes over time in rates of child injury following a prevention program. Am J Epidemiol 140: 943–
955. PMID: 7977282

35. Reichert TA, Simonsen L, Sharma A, Pardo SA, Fedson DS, et al. (2004) Influenza and the winter in-
crease in mortality in the United States 1959–1999. Am J Epidemiol 160: 492–502. PMID: 15321847

36. Gaudart J, Toure O, Dessay N, Dicko AL, Ranque S, et al.(2009) Modelling malaria incidence with envi-
ronmental dependency in a locality of Sudanese savannah area. Mali Malaria Journal 8: 61. doi: 10.
1186/1475-2875-8-61 PMID: 19361335

37. Luz PM, Mendes BV, Codeco CT, Struchiner CJ, Galvani AP (2008) Time series analysis of dengue in-
cidence in Rio de Janeiro. Brazil Am J Trop Med Hyg 79: 933–939. PMID: 19052308

38. Yi J, Du CT, Wang RH, Liu L (2007) Applications of multiple seasonal autoregressive integrated moving
average (ARIMA) model on predictive incidence of tuberculosis. Chinese Journal of Preventive Medi-
cine 41: 118–121. PMID: 17605238

39. Nsoesie EO, Mekaru SR, Ramakrishnan N, Marathe MV, Brownstein JS (2014) Modeling to Predict
Cases of Hantavirus Pulmonary Syndrome in Chile. PLOS Neglected Tropical Diseases 8: e2779. doi:
10.1371/journal.pntd.0002779 PMID: 24763320

Forecast Model Analysis for the Morbidity of Tuberculosis in Xinjiang

PLOS ONE | DOI:10.1371/journal.pone.0116832 March 11, 2015 13 / 13

http://dx.doi.org/10.1371/journal.pone.0101113
http://www.ncbi.nlm.nih.gov/pubmed/24971455
http://www.ncbi.nlm.nih.gov/pubmed/7977282
http://www.ncbi.nlm.nih.gov/pubmed/15321847
http://dx.doi.org/10.1186/1475-2875-8-61
http://dx.doi.org/10.1186/1475-2875-8-61
http://www.ncbi.nlm.nih.gov/pubmed/19361335
http://www.ncbi.nlm.nih.gov/pubmed/19052308
http://www.ncbi.nlm.nih.gov/pubmed/17605238
http://dx.doi.org/10.1371/journal.pntd.0002779
http://www.ncbi.nlm.nih.gov/pubmed/24763320


<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Dot Gain 20%)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Error
  /CompatibilityLevel 1.4
  /CompressObjects /Tags
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /CMYK
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams false
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness true
  /PreserveHalftoneInfo false
  /PreserveOPIComments true
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 300
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 300
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1200
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile ()
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<

    /BGR <>
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e9ad88d2891cf76845370524d53705237300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc9ad854c18cea76845370524d5370523786557406300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /CZE <>
    /DAN <>
    /DEU <>
    /ESP <>
    /ETI <>
    /FRA <>
    /GRE <>

    /HRV (Za stvaranje Adobe PDF dokumenata najpogodnijih za visokokvalitetni ispis prije tiskanja koristite ove postavke.  Stvoreni PDF dokumenti mogu se otvoriti Acrobat i Adobe Reader 5.0 i kasnijim verzijama.)
    /HUN <>
    /ITA <>
    /JPN <FEFF9ad854c18cea306a30d730ea30d730ec30b951fa529b7528002000410064006f0062006500200050004400460020658766f8306e4f5c6210306b4f7f75283057307e305930023053306e8a2d5b9a30674f5c62103055308c305f0020005000440046002030d530a130a430eb306f3001004100630072006f0062006100740020304a30883073002000410064006f00620065002000520065006100640065007200200035002e003000204ee5964d3067958b304f30533068304c3067304d307e305930023053306e8a2d5b9a306b306f30d530a930f330c8306e57cb30818fbc307f304c5fc59808306730593002>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020ace0d488c9c80020c2dcd5d80020c778c1c4c5d00020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /LTH <>
    /LVI <>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken die zijn geoptimaliseerd voor prepress-afdrukken van hoge kwaliteit. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /POL <>
    /PTB <>
    /RUM <>
    /RUS <>
    /SKY <>
    /SLV <>
    /SUO <>
    /SVE <>
    /TUR <>
    /UKR <>
    /ENU (Use these settings to create Adobe PDF documents best suited for high-quality prepress printing.  Created PDF documents can be opened with Acrobat and Adobe Reader 5.0 and later.)
  >>
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /ConvertColors /ConvertToCMYK
      /DestinationProfileName ()
      /DestinationProfileSelector /DocumentCMYK
      /Downsample16BitImages true
      /FlattenerPreset <<
        /PresetSelector /MediumResolution
      >>
      /FormElements false
      /GenerateStructure false
      /IncludeBookmarks false
      /IncludeHyperlinks false
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles false
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /DocumentCMYK
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /UseDocumentProfile
      /UseDocumentBleed false
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [612.000 792.000]
>> setpagedevice


