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AbstrAct
Objectives Hand, foot, and mouth disease (HFMD) 
has caused a substantial burden in China, especially in 
Guangdong Province. Based on the enhanced surveillance 
system, we aimed to explore whether the addition of 
temperate and search engine query data improves the risk 
prediction of HFMD.
Design Ecological study.
setting and participants Information on the confirmed 
cases of HFMD, climate parameters and search engine 
query logs was collected. A total of 1.36 million HFMD 
cases were identified from the surveillance system during 
2011–2014. Analyses were conducted at aggregate level 
and no confidential information was involved.
Outcome measures A seasonal autoregressive integrated 
moving average (ARIMA) model with external variables 
(ARIMAX) was used to predict the HFMD incidence from 
2011 to 2014, taking into account temperature and 
search engine query data (Baidu Index, BDI). Statistics of 
goodness-of-fit and precision of prediction were used to 
compare models (1) based on surveillance data only, and 
with the addition of (2) temperature, (3) BDI, and (4) both 
temperature and BDI.
results A high correlation between HFMD incidence 
and BDI (r=0.794, p<0.001) or temperature (r=0.657, 
p<0.001) was observed using both time series plot and 
correlation matrix. A linear effect of BDI (without lag) and 
non-linear effect of temperature (1 week lag) on HFMD 
incidence were found in a distributed lag non-linear model. 
Compared with the model based on surveillance data 
only, the ARIMAX model including BDI reached the best 
goodness-of-fit with an Akaike information criterion (AIC) 
value of −345.332, whereas the model including both 
BDI and temperature had the most accurate prediction in 
terms of the mean absolute percentage error (MAPE) of 
101.745%.
conclusions An ARIMAX model incorporating search 
engine query data significantly improved the prediction of 
HFMD. Further studies are warranted to examine whether 
including search engine query data also improves the 
prediction of other infectious diseases in other settings.

IntrODuctIOn
Hand, foot, and mouth disease (HFMD) is 
a major public health problem in China, 

affecting over two million children annu-
ally.1 2 Notably, the incidence of HFMD in 
Guangdong Province exceeded 30 per 10 000 
person years, which was more than four 
times the average national level.3 4 Mathe-
matical models including multiple factors for 
predicting an outbreak of HMFD are urgently 
needed to reinforce an integrated manage-
ment for monitoring, control and prevention 
of HFMD.

The autoregressive integrated moving 
average (ARIMA) model was used to predict 
hepatitis incidence using the historical surveil-
lance data.5 In addition, the seasonal ARIMA 
models have also been used to predict the 
evolution of some major infectious diseases 
satisfactorily, such as malaria and hepatitis A,6 
influenza,7 pneumonia,8 and dengue fever.9 
Some studies showed that the addition of 
external variables (ARIMAX) in the ARIMA 
model (ie, Google search queries) might 
improve the prediction.10 11 Google search 
queries are the most commonly used data 
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strengths and limitations of this study

 ► Using a 4 year large-scale provincial-wide 
surveillance dataset on hand, foot, and mouth disease 
(HFMD), a seasonal autoregressive integrated 
moving average (ARIMA) model incorporating search 
engine query data (ARIMAX) was fitted to facilitate 
accurate and timely detection, and the robustness of 
the model was shown.

 ► The assessment of the lag-specific associations 
between predictors and the HFMD incidence 
provided evidence for the importance of setting lag 
of the predictors in the ARIMAX model.

 ► The increasing internet penetration in China may 
lead to an overestimation of the increasing trend in 
the HFMD incidence rate.

 ► Ecological fallacy could not be ruled out because 
a higher web search frequency was unlikely to 
increase the risk of HMFD.
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Table 1 Descriptive statistics and correlation matrix among weekly hand, foot, and mouth disease, temperature and BDI in 
Guangdong from 2011 to 2014

Mean±SD Minimum Median Maximum

Correlation

BDI Temperature

Incidence (1/10 000) 0.609±0.504 0.018 0.482 2.428 0.794* 0.657*

Temperature (°C) 21.774±6.038 8.795 23.07 29.893 0.376* 1.0

BDI (unit) 5414.317±6090.975 516 3296 32 596 1.0 –

*p<0.001.
BDI, Baidu Index. 

source for search studies around the world. For example, 
Google's search engine has been used to detect influenza 
epidemics in areas with a large population of web search 
users because of its high correlation with the percentage of 
physician visits if a patient has influenza-like symptoms.12 
A similar search engine in China is Baidu Inc (Baidu 
Index, BDI: http:// index. baidu. com) which is popular 
because of the general unavailability of Google in the 
country. Baidu is now the most widely used search engine 
in China with massive internet behaviour data recorded, 
including concerns for HFMD.13 Moreover, information 
on some climate variables, such as temperature, humidity 
and rainfall, were also taken into account in predicting 
annual HFMD epidemics.14 Of these variables, tempera-
ture was the most frequently used parameter.3 4 15 16

We conducted the current study to examine whether the 
addition of external predictors (ie, BDI and tempera-
ture) improved the predictive capability of the model 
based on data from the enhanced surveillance system of 
HFMD in Guangdong, China. An early warning system 
for an HFMD outbreak might be based on the model to 
facilitate preventive strategies more effectively.

MethODs
ethics statement
This ecological study was based on official HFMD surveil-
lance data in China. Analyses were conducted at aggre-
gate level and no confidential information was involved. 
The research study protocol was approved by the Institu-
tional Review Board of the School of Public Health, Sun 
Yat-sen University.

study site
 Guangdong Province is situated in north latitude 20°15’N 
to 25°51’N and east longitude 109°75’E to 117°33’E, and 
has a population of 104 million according to the 2010 
census. It has complex landforms through the latitude 
direction, that is, a series of mountains are located in the 
province from northeast to southwest, and it is adjacent to 
the South China Sea Coast. In general, Guangdong is an 
area of low latitude, high temperature and high humidity. 
An investigation of internet penetration in 2015 showed 
that Guangdong has the largest scale of netizens (internet 
users) and accounts for a third of the internet penetra-
tion in China.17

Data collection
Weekly case-based HFMD surveillance data from 2011 
to 2014 were obtained from the National Centre for 
Public Health Surveillance and Information Services, 
China Centre for Disease Control and Prevention (China 
CDC). HFMD has been statutorily notifiable since a 
large outbreak in May 2008 and the enhanced national 
surveillance system has been described and validated in 
detail elsewhere.15 All HFMD cases were confirmed by the 
guideline for diagnosis and treatment of HFMD18 19 and 
were reported to the national surveillance system. Weekly 
incidence of HFMD was calculated using demographic 
data from the Annual Statistical Report of Guangdong 
(http://www. gdstats. gov. cn/ tjsj/ gdtjnj/). Daily meteo-
rological data were obtained for the same period from 
the China Meteorological Data Sharing Service System 
(http:// cdc. nmic. cn/ home. do) which is the oldest autho-
rised meteorological department in China. Data on daily 
temperatures from six monitoring stations in Guangdong 
were aggregated into weekly average data at the provin-
cial level. Daily search engine query data were obtained 
for the same period from Baidu Inc (https:// index. 
baidu. com/).13 We searched Baidu using the keyword of 
‘hand, foot, and mouth disease’ and counted the search 
frequency recorded by Baidu Inc. Daily search frequen-
cies were also aggregated into weekly average data. All 
the information above was collected from January 2011 to 
December 2014 (a total of 208 weeks), and was included 
in the data analysis. No missing data were observed.

Data analysis
First, we used descriptive analysis to present the mean 
and SD of the weekly HFMD incidence, as well as the time 
series of weekly average temperature and BDI. Then we 
used the distributed lag non-linear model to examine the 
association between predictors and the HFMD incidence. 
Finally, we fitted the ARIMAX model to forecast the 
HFMD incidence. As we used aggregated data, subgroup 
analysis and interaction analysis were not applicable. All 
data analysis was conducted in R (version 3.3.2), using 
packages of ‘base’, ‘psych’, ‘lattice’, ‘TSA’, and ‘dlnm’.

Descriptive analysis
Measures of the minimum, median, maximum, mean and 
SD of weekly HFMD incidence (1/10 000), temperature 
(°C) and BDI were calculated. The pairwise association 

http://index.baidu.com
http://www.gdstats.gov.cn/tjsj/gdtjnj/
http://cdc.nmic.cn/home.do
https://index.baidu.com/
https://index.baidu.com/
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Figure 1 Time series of weekly incidence and predictors for hand, foot, and mouth disease in Guangdong province, 2011–14.

of predictors with the incidence of HFMD was examined 
using Pearson correlation analysis. A time series plot was 
used to show the weekly changing trend as well as the 
crude associations between each predictive variable and 
the outcome.

Distributed lag non-linear model
We used distributed lag non-linear model with quasi-Poisson 
distribution to calculate the relative risk (RR) between each 
predictor and the HFMD incidence and to provide evidence 
for setting the lag of the predictors in the ARIMAX model. 
The following equation was used: Log(incidence)=intercept 
+ cb(predictor)+ns(time), where ‘incidence’ was the weekly 
HFMD incidence, ‘predictor’ was the temperature or BDI, 
and the ‘cb(predictor)’ was the cross-basis combining the 
basis matrices for exposure-response and lag-response rela-
tionships for the predictor. Both exposure-response and 
lag-response functions were specified as natural cubic spline 
(ns), with different degrees of freedom (df) of 3 and knots 
at log(4, df=3), respectively. ‘ns(time)’ was an ns fitted to the 
weeks of the year with df=3/year. All the dfs were specified as 
3. As two peaks were found in the time series of the HFMD 
incidence, the use of three inflection points might thus be 
appropriate.20 In addition, as a sensitivity analysis we changed 

the lagged effect from 0 to 4 weeks of lag and examined the 
RRs of the predictors using the median value as reference.

ARIMAX model
A seasonal ARIMA model was fitted into the data of HFMD 
incidence, using the Box and Jenkins approach.21–24 
Once the univariate model was selected, the multivar-
iate models including external regressors could be elab-
orated. The following equation was used to obtain the 
predicting incidence series:

 
yt =

∅q
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)
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(
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(
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)(
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Where θq
(
B
)
 and ∅p

(
B
)
 was the moving average (MA) 

operator and autoregressive (AR) operator, respectively; 
ΘQ

(
Bs) and ΘP

(
Bs) was the seasonal MA and AR oper-

ator, respectively; and 
(
1 − B

)d and 
(
1 − Bs)D was the ordi-

nary and seasonal difference components, respectively. 
at denotes white noise, X  denotes external variables, and 
yt denotes the dependent variable (ie, incidence series).

To identify the order of MA and AR parameters, the 
structure of temporal dependence of stationary time series 
was assessed respectively, by the analysis of autocorrelation 
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Figure 2 Lag-specific predictors—RR curves at various 
lags. BDI, Baidu Index. 

(ACF) and partial autocorrelation (PACF) functions. The 
Ljung-Box test was used to test whether the residuals were 
independent of the white noise. The fitness of the models 
was assessed by Akaike Information Criterion (AIC) to indi-
cate the fitness of models, with a lower AIC value indicating 
a better goodness of fit. Furthermore, the mean absolute 
percentage error (MAPE) was used to assess the prediction 
accuracy during forecasting, with a lower value indicating a 
more accurate prediction.

To estimate the forecast accuracy of the models, we divided 
the data into two datasets including a training dataset (195 
weeks) and a testing dataset (13 weeks, about one quarter 
of a year). As the MAPE values exceeded 100 for all four 
ARIMAX models—ie, models (1) based on surveillance 
data only, and models with addition of (2) temperature, 
(3) BDI and (4) both temperature and BDI in the 13th 
week (MAPE values ranged from 102% to 123%; table not 
shown), indicating a poor forecasting performance after 
13 weeks—this suggests that the model predicts the HFMD 
risk up to 13 weeks in advance.

results
Descriptive statistics
During 2011–14, 1.358 million probable cases of HFMD 
in Guangdong were identified from the China CDC 
surveillance system. The incidence rates reached a 
steady state at more than 6 cases per 1000 person weeks 
in Guangdong. The median (range) of temperature 
and BDI was 23.070 (8.795–29.893)°C and 3296 (516–
32596) units, respectively (table 1).

As expected, both time series of weekly incidence and 
predictors for HFMD in Guangdong showed seasonal peaks 

of activity (figure 1), with a major peak from spring to early 
summer followed by a smaller peak in autumn. A consis-
tent pattern was found for the time series of incidence and 
BDI. table 1 shows significant correlations between BDI 
and HFMD incidence (r=0.794, p<0.001) or temperature 
(r=0.376, p<0.001), and between temperature and inci-
dence (r=0.657, p<0.001).

Distributed lag non-linear model
For the lag-specific predictor-response relationship, 
both temperature and BDI were positively associated 
with the incidence of HFMD (figure 2). The lines 
with a relatively greater slope were lag 0 and 1 week 
for temperature, and lag 0 week for BDI, compared to 
other lag-specific lines. A visually non-linear pattern was 
found for the correlation between the HFMD incidence 
and temperature, whereas no evidence for a non-linear 
pattern with BDI was found. The 1 week lag-specific lines 
of temperature-incidence association and the reference 
line (RR=1.0) overlapped at around 24°C.

stationarity and differencing
The temporal dependence and seasonal variation were 
found by the plots of ACF and PACF (figure 3a and b). After 
a first-order differencing, a significant cut-off at lag 1 week 
and another at lag 52 weeks were observed on the plot ACF 
(figure 3c). These two cut-offs were less marked on the plot 
PACF (figure 3d), compared with the plot ACF. Then, after a 
52-week seasonal differencing, the series became stationary 
(figure 3e and f). Therefore, the following univariate multi-
plicative ARIMA (1, 1, 1 1, 0, 1)52 model was fitted to predict 
the HFMD incidence (model 1, table 2).

Autoregressive integrated moving average model with 
external variables (ArIMAX)
Both lag 1 week transformed temperature and BDI were 
significantly associated with the HFMD incidence in the 
ARIMAX models (table 2). The Ljung-Box test of the 
residuals for all models could not reject the null hypoth-
esis that the model does not exhibit a lack of fit (p>0.05). 
The ARIMAX model with BDI as predictor showed a better 
goodness of fit than the model without external variables, 
and the model with temperature only (AIC=−345.332 vs 
−316.511, and −314.596, respectively). For the forecast 
accuracy, the model including both temperature and BDI 
showed a smaller MAPE than others (MAPE=101.745%, 
the smaller the better) (figure 4).

DIscussIOn
Our study showed that using an ARIMAX model incorpo-
rating BDI improved the prediction of HFMD incidence 
significantly, and the addition of temperature did not 
improve the fitness of the model. Our results suggested 
that using a multivariate ARIMAX model provides better 
prediction than a univariate model, and that search 
engine queries such as BDI might be further taken into 
account in routine HFMD surveillance systems. This 
model, if it can be replicated in other settings, might be 
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Figure 3 Autocorrelation function (ACF) and partial ACF (PACF) plots of original and differencing hand, foot, and mouth 
disease incidence.

useful for the evaluation of new intervention strategies 
against HFMD worldwide.

We used the time series analysis to allow for the devel-
opment of robust and reliable ARIMAX models with a 
correct level of validity that fits provincial-wide HFMD 
incidence data from 2011 to 2014. Our results supported 
the use of BDI in further prediction models to help the 
development of an appropriate prevention programme 
in China. Moreover, the current study demonstrated 
a lag-specific relationship between predictors, such as 
average temperature and BDI, and the HFMD incidence. 
The predominant effect of temperature was observed 
after 1 week lag, but no lag effect for BDI was found, 
suggesting real time monitoring and predicting should 
be more appropriate for BDI. Our finding of the lag 
of 1 week was consistent with the incubation period of 
enteroviruses and the potential delay in parental aware-
ness,25 which was also reported in a previous study in 
Hong Kong.26 Although the peak of the temperature 
was consistently shown as 1 week ahead of the peak of 
HFMD incidence from the surveillance reports, the BDI 

showed more timely and close association with the HFMD 
incidence.

Our results were consistent with some earlier studies 
showing that climatic variables, such as temperature, 
played a key role in the HFMD transmission.20 27 Previous 
laboratory studies showed that under 35°C, higher 
temperature was associated with a higher survival rate 
of enteroviruses.28 29 Furthermore, higher temperature 
might also lead to more frequent outdoor activities, 
which would subsequently lead to a higher risk of HFMD. 
A study by Zhang et al found a bimodal distribution for 
the effect of temperature on HFMD.30 Our previous study 
used a non-parametric method (ie, classification and 
regression tree) and also showed a significant association 
between temperature and the incidence of HFMD.20

By incorporating search engine query data, we showed 
that the fitness of the prediction model improved signifi-
cantly, suggesting the search engine query data might 
provide complementary information in terms of moni-
toring of infectious diseases. Guangdong is one of the 
most developed provinces in China with a high internet 
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penetration (72.4%).17 As Baidu Inc is the largest 
Chinese search engine, its search queries could be a good 
representation of the needs of people's lives, especially 
in regions with high internet penetration. Moreover, as 
search queries can be processed quickly, applying the 
ARIMAX model with real time search engine data may 
provide an opportunity for monitoring and early detec-
tion of HFMD, and perhaps other infectious diseases in 
other settings. Previous studies also reported the use of 
search engine query data in infectious disease prediction. 
A study by Liu et al used the time-series classification and 
regression tree models based on BDI to develop a predic-
tive model for dengue fever outbreaks in Guangzhou and 
Zhongshan, China, which has shown satisfactory predic-
tive ability.31

The infectious disease surveillance system might 
benefit from taking into account both search engine 
query data and temperature in the ARIMAX model, and 
might become more timely and efficient. Due to the lack 
of manpower and material resources, the surveillance 
system in low-to-middle income countries including 
China is largely inefficient.32 Most cases were reported 
through a stepwise hierarchical reporting system, that is, 
from the lowest to the highest hierarchy in a sequence of 
town, county, city, province, and the national CDC. The 
proposed model incorporating the timely internet search 
engine queries might provide opportunities to improve 
the detection ability of the surveillance system substan-
tially. A study by Ginsberg et al introduced a method of 
analysing large numbers of Google search queries to 
track influenza-like illness in the general population, and 
found that the current level of weekly influenza activity 
in each region of the USA could be accurately estimated 
with a reporting lag of about 1 week.12

However, there are some limitations to be noted. First, 
time series analysis requires data over long periods (ie, 5 
years for a seasonal period of 52 weeks), which are often 
difficult to obtain on a large scale. In our study, the BDI 
of HFMD in Guangdong was available only after 2011. 
An ongoing surveillance programme may generate more 
long-term data which can be used to improve the predic-
tive model greatly. Second, data on some other climatic 
variables such as humidity, barometric pressure and rain-
fall30 33 were not available in the current study. Further 
studies are warranted to examine whether including 
these variables would improve the prediction. Thirdly, 
the ARIMAX model, although based on provincial-wide 
data, does not take into account geographical dispari-
ties within the province. Further studies accounting for 
geographical disparities, such as rural or urban, may be 
useful. Fourthly, ecological fallacy could not be ruled out 
because higher web search frequency would not neces-
sarily increase the risk of HFMD. Fifthly, although our 
study was based on large-scale provincial-wide data, gener-
alizability of our results to other populations with a lower 
incidence rate of HFMD might not be straightforward. 
However, the use of the ARIMAX model incorporating 
web search query data in the detection and prediction 
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Figure 4 Forecasting one quarter for hand, foot, and mouth disease incidence. BDI, Baidu Index; MAPE, mean absolute 
percentage error.

of other infectious diseases might provide an opportunity 
for re-allocating healthcare resources more efficiently, 
not only in China, but also in other settings with a reason-
able surveillance system and web penetration rate. Finally, 
the increase of BDI may be partly due to the increase in 
internet penetration in China during the same period. 
According to the China Internet Network Information 
Centre (CNNIC), the internet penetration increased 
from 60.4% in 2011 to 68.5% in 2014.34 However, we 
could not distinguish the increase in BDI due to the true 
increase in HFMD cases from the increase due to internet 
penetration. The overestimation of BDI, if anything, may 
lead to an overestimation of the association between BDI 
and HFMD incidence.

cOnclusIOn
An ARIMAX model incorporating search engine query 
data significantly improved the prediction of HFMD. 
Further studies are warranted to examine whether the 
inclusion of search engine query data in the ARIMAX 
model also improves the prediction of other infectious 

diseases in other settings with a large population of 
internet users.
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