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Abstract

This study explored how internet queries vary in facilitating monitoring of pertussis, and the
effects of sociodemographic characteristics on such variation by city in Shandong province,
China. We collected weekly pertussis notifications, Baidu Index (BI) data and yearly sociode-
mographic data at the city level between 1 January 2009 and 31 December 2017. Spearman’s
correlation was performed for temporal risk indices, generalised linear models and regression
tree models were developed to identify the hierarchical effects and the threshold between
sociodemographic factors and internet query data with pertussis surveillance. The BI was cor-
related with pertussis notifications, with a strongly spatial variation among cities in temporal
risk indices (composite temporal risk metric (CTRM) range: 0.59–1.24). The percentage of
urban population (relative risk (RR): 1.05, 95% confidence interval (CI) 1.03–1.07), the pro-
portion of highly educated population (RR: 1.27, 95% CI 1.16–1.39) and the internet access
rate (RR: 1.04, 95% CI 1.02–1.05) were correlated with CTRM. Higher RRs in the three iden-
tified sociodemographic factors were associated with higher stratified CTRM. The percentage
of highly educated population was the most important determinant in the BI with pertussis
surveillance. The findings may lead to spatially-specific criteria to inform development of
an early warning system of pertussis infections using internet query data.

Introduction

Pertussis (also known as whooping cough or 100-day cough) is a highly infectious respiratory
disease with a global substantial public health burden [1]. It is recognised as a resurgent infec-
tious disease in several countries in the last decade, such as the USA, Japan, Australia and
China [2–5]. Despite extensive immunisations, pertussis still leads to large numbers of cases
annually (143 963 in 2017) [6], and childhood deaths worldwide (around 63 000 aged <5
years in 2013) [7]. In China, the pertussis vaccination program was introduced in the early
1960s. However, the reported number of pertussis cases increased by 66.2% in the last decade,
even though China has a high vaccination coverage of over 99% among target population [1, 5,
8, 9]. The transition of vaccine type from whole-cell pertussis vaccine to acellular vaccine,
which has a lower protection level may lead to an increase of pertussis cases [10].
Furthermore, the appearance of erythromycin-resistant Bordetella pertussis should be alarming
in China, as this may also contribute to the rising trend in pertussis infections [11, 12].

Although traditional infectious disease surveillance has high accuracy in reporting, such
surveillance can be delayed up to 2 weeks from the onset of symptoms to the notification
[13]. Previous studies reported that the routine surveillance data of China are typically
reported with a time lag of at least 10 days, and up to two weeks [14, 15]. This delay risks pub-
lic health by inhibiting timely response with control measures [16]. To better prepare for
potential outbreaks and efficiently improve response times, internet search query data is
now increasingly used worldwide [17–21]. This new method based on tracking the search fre-
quency of disease-related search queries which was triggered by the people who contract a dis-
ease. These people are likely to actively seek disease-related information on the internet [22].

The great potential of using internet search query data to improve disease surveillance in
China has been explored, previous studies have shown that, generally, the Baidu Index (BI)
can successfully detect disease epidemics in China [14, 23]. Moreover, previous studies have
shown that internet search query data has the potential in timely tracking and even prediction
of pertussis infections in several countries [24–26]. However, there is a great variation in the
accuracy of predictions using internet search term data by region [27, 28]. Current
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understanding of potential reasons for such variation is limited.
Previous studies have reported that individual-level factors, such
as fear based searching and variable internet-seeking behaviours
may adversely affect the accuracy of internet-based surveillance
[29]. Moreover, it has been reported that the higher income
and education were positively associated with diseases reporting
on social media [30, 31].

In China, Sina Weibo is the most popular social media plat-
form, with the monthly active users of 242 million [32]. This
number is relatively smaller then internet search users in China.
Baidu is the dominating internet search engine in the country,
with 665 million monthly active users [33]. Thus, it is necessary
to evaluate the effects of sociodemographic factors on internet
query-based disease monitoring in China, considering the huge
internet search users. However, to our knowledge, there is no pub-
lished studies examined the associations of population-level socio-
demographic factors and internet query data for disease
monitoring in China. This study aimed to examine the relation-
ships between sociodemographic factors and internet query in
pertussis detection and make useful suggestions for developing
an early warning system for pertussis in Shandong province,
China.

Methods

Study site and data collection

Shandong province is located in the east of China (Fig. 1). It is the
second largest province by population in China with nearly 100
million people and 17 cities [34]. The mean value of the popula-
tion size (million) and gross domestic product (GDP) (billion
yuan) at the city level were 5.79 (range: 1.35–10.31) and 394.96
(USD: 58.79) (range: 89.60–1103.73), respectively [34]. The socio-
economic level is diverse across the province, ranging from exten-
sive development in the east coastal areas to undeveloped regions
in the west [35].

The weekly total numbers of cases of clinical and laboratory
confirmed pertussis for each city in Shandong province were
retrieved for the period of 1 January 2009 to 31 December 2017
from the Chinese National Notifiable Disease Reporting System
(CNNDRS), which has been widely used in previous studies of
pertussis and other infectious diseases in China [5, 36]. The
detailed diagnosis confirmation of pertussis (Weisheng (WS,
hygiene in Chinese) 274-2007) was issued by the Chinese
Ministry of Health on 17 April 2007, and all laboratory confirmed
and clinically diagnosis cases must be uploaded to CNNDRS
within 24 h after diagnosis [37].

Weekly search metrics data at the city level in the same period
were obtained from the BI (https://zhishu.baidu.com/). Baidu
dominates the Chinese internet search market with 72% search
engine market share [33]. We selected the top ten search terms
(translated to English in Supplementary Table S1) which were
highly correlated with the term ‘pertussis’ in the study period.
The top relevant search terms were officially provided by the
BI, which can be found on the BI website after searching for ‘per-
tussis’. Then we combined the selected search terms to one search
query using ‘ + ’ in the search box of the BI to collect the search
metrics data.

City-specific yearly sociodemographic data, including demo-
graphic category (total population, urban population and propor-
tion of population at different age groups (0–14 years old, 15–64
years old and over 65 years old)), socioeconomic category (highly

educated population (bachelor or higher), education years and
GDP) and internet access category (internet access rate by cell
phone or personal computer (PC)) were obtained from
Shandong Provincial Bureau of Statistics (http://www.stats-sd.
gov.cn/). These variables were selected because many of them
have been reported as potential factors that may affect internet-
based surveillance [38, 39].

The Office of Research Ethics and Integrity of The Queensland
University of Technology provided ethical approval for this study
(Approval Number: 1800000047).

Data analysis

Spatial patterns of pertussis infections, search query and
sociodemographic factors
As the annual incidence rate is the most common indicator in
measuring the temporal risk of a disease epidemic [40], we trans-
formed the weekly number of cases to a yearly mean incidence
rate of pertussis (2009–2017) (cases/100 000 population) and
then mapped the mean yearly incidence rate at the city level.
To be consistent with the yearly incidence rate of pertussis in
the time series, we also mapped city-specific yearly mean BI per
capita (BPC) (yearly BI/total population), percentage of urban
population (urban population/total population × 100), the per-
centage of highly educated population (highly educated popula-
tion/total population × 100) and GDP per capita (GPC) (Yuan/
total population), separately. Then, we mapped city-specific socio-
demographic data to show the spatial variation of each factor.

The relationship between internet query data and pertussis
infections
Four temporal risk indices were used to evaluate the relationship
between pertussis surveillance and internet query (BI). First,
Spearman’s correlation coefficient was used to assess the overall
time-series relationship between the weekly BI and pertussis noti-
fications for each city over the study period. Second, we calculated
Spearman’s correlation coefficient to evaluate the association
between the annual peak number of pertussis notifications (the
maximum number of weekly cases) and that of the BI [41].
Third, the Spearman’s correlation coefficient between increasing
intensity of the BI and pertussis notifications was tested over
the study period [41]. The increasing intensity index refers to
the likely spreading speed during an epidemic period, which
can reflect the severity of an epidemic [42], and is formulated as:

Increasing intensity = y − b
x

where y is the observed peaking pertussis notifications in an epi-
demic; b is the base level of the index, which is defined as the
starting value of an epidemic and x is the number of weeks
between the commencement and peaking week for the epidemic
[41]. We also calculated this index for the BI to discover whether
the BI can monitor the spread speed of pertussis in an epidemic.
We used the same commencement week for the BI, but used BI’s
own peaking week in the analysis. An epidemic period was
defined when the number of cases exceeded the median of annual
weekly pertussis notifications (30).

To better evaluate the overall associations between the BI and
pertussis notifications, we calculated the composite correlations
for the time-series data, peaking numbers and increasing inten-
sity. For this purpose, we separately transformed the correlation
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coefficients of time-series data, peaking number and increasing
intensity to Z values using Fisher Z-transformation, which is
widely used to compare correlation coefficients [43, 44]. Then,
we calculated the average Z value of the three temporal risk indic-
tors (time-series data, peaking number and increasing intensity)
as the composite temporal risk metrics (CTRM). A larger value
in the CTRM refers to a stronger overall association between
internet query and pertussis infections, as this indicated that
internet query has a composite capacity to better track the vari-
ation, the size of outbreak and the spread speed of transmission
of pertussis activity.

Modelling the effects of sociodemographic factors on the
associations between internet query and pertussis infections
A generalised linear model (GLM) was developed to fit the rela-
tionship between the composite metric and sociodemographic
factors. We used the city-specific CTRM as the dependent vari-
able and city-specific sociodemographic data as the independent
variables. We assumed a log normal distribution for the response
variable and a identify link to the linear model, such that:

log (ut) � b0 + b1x1 + b2x2 + . . . + bnxn + et

where ut is the value of the CTRM; et is the error term; β0 is the
intercept for the model; x1, …, xn are the sociodemographic fac-
tors and β1, …, βn are the corresponding regression coefficients.
Multicollinearity among sociodemographic factors in each cat-
egory was checked and minimised through evaluating Pearson
correlations and variance inflation factors (VIF). Only one of
any pair of highly-correlated factors (r > 0.6 or VIF > 5) in each
category was included in the model [45]. The sociodemographic
factors with statistically significant coefficients in the model
were selected for further analysis. We calculated the relative risk
(RR) with corresponding 95% confidence interval (CI) of the
CTRM associated with the sociodemographic factors, relative to
the smallest value the CTRM [46].

Stratified effects of sociodemographic factors on the relationship
To examine how the effects of identified sociodemographic fac-
tors on the relationship changed by different levels, we developed
GLMs to unravel the stratified RR in the CTRM. For this purpose,
we stratified the dataset into three subsets according to <30th per-
centile, 30–70th percentile and >70th percentile of the CTRM
[47]. Then, we separately developed the GLMs for each subset

to examine and compared the RRs and corresponding 95% CI
of the identified sociodemographic factors.

Regression tree analysis
Regression tree models were developed to segment the identified
sociodemographic factors into subsets that were most likely to be
associated with a stronger relationship between pertussis infec-
tions and internet query data [48]. We used the city-specific
Spearman’s correlation coefficient of temporal risk indices as
the dependent variables and sociodemographic data as the inde-
pendent variables. Cross-validation was conducted to choose
the best tree size by checking estimated prediction errors. The
best model is defined as having the smallest tree size and an esti-
mated error rate within one standard error of the minimum [49].

All data analyses were carried out using SPSS Statistics soft-
ware, version 25 (SPSS Inc.; Chicago, IL, USA) and R package
‘MASS’, version 7.3-51.4 and ‘rpart’, version 4.1-15 [41].

Results

Spatial patterns of pertussis infections, internet query and
sociodemographic factors

A total of 8646 pertussis cases were reported in the province over
the study period, with the largest and smallest numbers of notifi-
cations in Jinan city (2067 cases) and Qingdao city (12 cases),
separately. The city-specific yearly mean pertussis incidence rate
was 1.25 cases/100 000 population during the study period with
great spatial variation (Fig. 2). The highest and lowest incidence
rates were observed in Jinan city (4.49 cases/100 000 population)
and Qingdao city (0.02 cases/100 000 population), respectively.
Moreover, the city-specific yearly mean BPC was 0.49 in the prov-
ince with the highest value of 1.22 in Jinan and the lowest value of
0.31 in Heze (Fig. 2). Furthermore, there were great spatial varia-
tions in sociodemographic characteristics between cities in
Shandong province (Supplementary Fig. S1). Details of the city-
specific sociodemographic levels in the province are shown in
Table 1.

The association between pertussis infections and internet
query

There were obvious spatial variations in the correlations over the
study period. The strongest correlations between the time-series
weekly pertussis notifications and BI were also found to be highest

Fig. 1. The location of Shandong province (red) in
China.
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in Yantai city (correlation coefficient: 0.87; P-value: 0.023).
Similarly, the peaks of the BI best correlated with that of pertussis
activity in Qingdao city (correlation coefficient: 0.85; P-value:
0.012). Additionally, the highest correlation value between
increasing intensity of the BI and that of pertussis epidemics
was observed in Yantai (correlation coefficient: 0.83; P-value:
0.034) (Table 2). Then, we calculated the CTRM for each city
and observed that Yantai had the highest value of 1.24
(Table 2) (Fig. 3).

Modelling the effects of sociodemographic factors on the
associations between internet query and pertussis infections

The GLM model showed that the CTRM was significantly posi-
tively associated with the percentage of urban population, the pro-
portion of highly educated population and the internet access rate
(cell phone) (Fig. 4). The RR of CTRM associated with the per-
centage of urban population was 1.05 (95% CI 1.03–1.07), and
the proportion of highly educated population had the highest

RR of 1.27 (95% CI 1.16–1.39). Furthermore, the internet access
rate (cell phone) was positively associated with the CTRM with
a RR of 1.04 (95% CI 1.02–1.05). As these sociodemographic fac-
tors were significantly associated with the CTRM, these three fac-
tors were identified for further analysis.

Stratified effects of sociodemographic factors on the
association

As indicated in Figure 5, there were increasing trends in the RRs
of CTRM associated with each identified sociodemographic factor
when we stratified the CTRM. In the areas with the highest
CTRM (>70th percentile), the RRs of percentage of urban popu-
lation, proportion of highly educated population and internet
access rate (cell phone) were 1.10 (95% CI 1.07–1.14), 1.31
(95% CI 1.23–1.38) and 1.10 (95% CI 1.05–1.14), respectively.
However, the RRs of those in the regions with the lowest
CTRM (<30th percentile) were 1.05 (95% CI 1.02–1.07), 1.18
(95% CI 1.12–1.23) and 1.03 (95% CI 1.01–1.05), respectively.

Fig. 2. City-level yearly mean pertussis incidence rate and yearly mean BPC in Shandong province, 2009–2017.
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Regression tree analysis

Based on the regression trees portrayed in Supplementary
Figure S2 and Figure 6, the percentage of the highly educated
population was the first splitting variable in all models. That is,
the highly educated rate determined to be the most important fac-
tor affecting the variation in the correlations between pertussis
infections and BI. The mean correlation coefficient between time-
series data of weekly pertussis notifications and that of the BI rose
from 0.69 to 0.80 when the percentage of highly educated popu-
lation was ≥4.80 (Supplementary Fig. S2A). When the percentage
of highly educated population was ≥3.45, and the internet access
rate (cell phone) was ≥79.0, the mean correlation coefficient
between peak number of weekly pertussis notifications and that
of the BI increased from 0.75 to 0.86 (Supplementary Fig. S2B).
Moreover, the mean correlation coefficient between increasing
intensity index of pertussis notifications and that of the BI
increased from 0.70 to 0.81 when the percentage of highly edu-
cated population was ≥4.80 (Supplementary Fig. S2C).
Similarly, the mean CTRM value climbed from 0.93 to 1.07 for
the same change in increasing intensity (Fig. 6).

Discussion

To the best of our knowledge, this is the first attempt to examine
the effects of sociodemographic factors on internet query in dis-
ease monitoring in China. The results showed that, in general,
there were significant correlations between pertussis infections
and internet query data in Shandong province, as well as substan-
tial spatial variation. Moreover, we found that sociodemographic
factors, including the percentage of urban population, the per-
centage of highly educated population and the internet access
rate (cell phone) can affect such correlations. This study may pro-
vide important new insights on internet query-based surveillance
to better understand the predictive value of this new tool by vary-
ing sociodemographic factors.

The study found that internet query had the strongest correl-
ation with pertussis activity (the highest CTRM value) in Yantai,
Qingdao and Taian, followed by Zibo, Jinan and Weihai. The
result indicated that internet query in those areas can better

track the variation, the size of outbreak and the spread speed of
transmission of pertussis.

The results showed that percentages of urban or highly edu-
cated population as well as internet access rate (cell phone)
were positively associated with the relationship between temporal
risk indices of pertussis infections and that of internet query (the
CTRM). Moreover, the RRs associated with identified sociodemo-
graphic factors were stratified by the CTRM, with higher RRs
observed when larger CTRM values were considered.

Internet query-based surveillance relies on the premise that
people who contract a disease will actively seek information
about their condition from the internet and that disease activity
can be estimated by tracking changes in frequencies of related
internet searches for key terms [25]. The regions with a high per-
centage of urban or highly educated population likely as a popu-
lation to have more knowledge about health and disease [28].
Moreover, the high internet access rate means the people can
more easily search disease-related information from the internet.
These may lead to higher correlation coefficients between pertus-
sis infections and BI in the study, which indicates a better mon-
itoring of pertussis infections using internet query data.

The regression tree models confirmed that the percentage of
the highly educated population played a key role in the occurrence
of strong correlations between pertussis infections and internet
query. However, the percentage of urban population and the
internet access rate differentially contributed to the models. The
results showed that strong correlations and larger CTRM, which
refer to better pertussis monitoring using internet query data, in
general, can be observed in the areas with higher percentage of
highly educated population, higher proportion of urban popula-
tion and higher internet access rate.

Table 1. The characteristics of sociodemographic factors in Shandong province
by city

Sociodemographic characteristics

Mean value (minimum;
maximum;

standard deviation)

Percentage of urban population 49.8 (36.0; 73.4; 9.8)

Percentage of population (0–14 years) 15.0 (2.0; 20.8; 4.0)

Percentage of population (15–64
years)

74.6 (69.5; 77.9; 2.0)

Percentage of population (over
65 years)

9.9 (8.7; 12.1; 0.9)

Percentage of highly educated
population

3.6 (1.1; 9.4; 2.4)

Education years 9.0 (7.9; 10.3; 0.6)

GPC (Yuan/capita) 38 486.1 (15 730.0; 87 295.0;
17 618.9)

Internet access rate (cell phone) 66.1 (51.3; 89.7; 13.6)

Internet access rate (PC) 53.1 (31.8; 88.8; 17.1)

Table 2. The correlation coefficients of temporal risk indices of pertussis
infections and internet query in Shandong province by city, 2009–2017

City Time-series
Peaking
number

Increasing
intensity CTRM

Dezhou 0.68** 0.85* 0.80* 1.06

Heze 0.62** 0.69* 0.62** 0.77

Jinan 0.78* 0.85* 0.80* 1.13

Jining 0.68** 0.79* 0.68* 0.91

Laiwu 0.52** 0.55** 0.52** 0.59

Liaocheng 0.72* 0.81* 0.77* 1.02

Taian 0.77* 0.87* 0.83* 1.18

Zaozhuang 0.53** 0.57* 0.53** 0.61

Zibo 0.80* 0.85* 0.80* 1.15

Dongying 0.58** 0.64* 0.58** 0.66

Weihai 0.78* 0.81* 0.78* 1.07

Linyi 0.71* 0.78* 0.71* 0.94

Qingdao 0.81* 0.85* 0.81* 1.17

Binzhou 0.72* 0.79* 0.72* 0.96

Rizhao 0.52** 0.57** 0.52** 0.60

Yantai 0.83* 0.87* 0.83* 1.24

Weifang 0.63* 0.67* 0.63** 0.76

**: P < 0.01, *: P < 0.05.
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The study suggested that public health authorities should spe-
cifically assess the sociodemographic conditions, and then
develop location-specific prediction models using internet query
data. Our findings are important to public health officers and
government, as this study provided potential threshold values of
identified sociodemographic factors linking the association of
official pertussis surveillance data with internet query data. The
values may assist the identification of regions in which there is
a better pertussis monitoring using internet query data.

Moreover, we suggested that the models may be improved if
more predictors, such as climate factors can be included to better
forecast pertussis epidemics.

Some limitations of the study should be acknowledged. First,
CNNDRS only includes the reported number of cases, and this
database does not include patients who have pertussis but do
not seek medical care or have been misdiagnosed by a clinic
and laboratory. In particular this may be occurring in locations
that are less urbanised, less highly educated and have lower

Fig. 3. The city-specific CTRM in Shandong province, 2009–2017.

Fig. 4. The RR of CTRM associated with sociode-
mographic factors using GLM in Shandong prov-
ince, 2009–2017.

Fig. 5. The stratified RRs of CTRM associated with identified sociodemographic factors in the CTRM with GLMs in Shandong province, 2009–2017.
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rates of mobile internet access. Relatedly, different internet-
seeking behaviours between different communities can adversely
influence the accuracy of internet-based surveillance [41].
Finally, the model of this study may be improved if more socio-
demographic factors can be included, such as healthcare access,
gender and age. Improved understanding of how such sociodemo-
graphic factors influence the use of the internet in queries about
disease could contribute to reducing many limitations of search
query data in the future.

Conclusions

In conclusion, the study suggested that internet query analysis has
considerable potential in monitoring pertussis infections in
Shandong province but with spatial differences in its utility, and
that urbanisation, education and mobile internet access were posi-
tively correlated with the association between pertussis notifica-
tions and internet query data. The results may be significant for
developing location-specific prediction models using internet
query data, providing a foundation for constructing early warning
systems using such data.

Supplementary material. The supplementary material for this article can
be found at https://doi.org/10.1017/S0950268819001924
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