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ABSTRACT

Objective This study developed a surveillance system
suitable for monitoring epidemic outbreaks and assessing
public opinion in non-English-speaking countries. We
evaluated whether social media reflects social uneasiness
and fear during epidemic outbreaks and natural
catastrophes.

Design Cross-sectional study.

Setting Freely available epidemic data in Taiwan.

Main outcome measure We used weekly epidemic
incidence data obtained from the Taiwan Centers for
Disease Control and online search query data obtained
from Google Trends between 4 October 2015 and 2

April 2016. To validate whether non-English query
keywords were useful surveillance tools, we estimated
the correlation between online query data and epidemic
incidence in Taiwan.

Results With our approach, we noted that keywords Ji%
B (‘common cold’), #§%: (‘fever’) and %K (‘cough’)
exhibited good to excellent correlation between Google
Trends query data and influenza incidence (r=0.898,
p<0.001; r=0.773, p<0.001; r=0.796, p<0.001,
respectively). They also displayed high correlation with
influenza-like illness emergencies (r=0.900, p<0.001;
r=0.802, p<0.001; r=0.886, p<0.001, respectively) and
outpatient visits (r=0.889, p<0.001; r=0.791, p<0.001;
r=0.870, p<0.001, respectively). We noted that the query
115597 2% (‘enterovirus’) exhibited excellent correlation with
the number of enterovirus-infected patients in emergency
departments (r=0.914, p<0.001).

Conclusions These results suggested that Google Trends
can be a good surveillance tool for epidemic outbreaks,
even in Taiwan, the non-English-speaking country. Online
search activity indicates that people are concerned about
epidemic diseases, even if they do not visit hospitals. This
prompted us to develop useful tools to monitor social
media during an epidemic because such media usage
reflects infectious disease trends more quickly than does
traditional reporting.

INTRODUCTION

Timeliness of response and public opinion are
critical in acute epidemic disease control.'?
Effective disease surveillance systems and crisis
management public relations support public

Strengths and limitations of this study

» This study analysed the association between non-
English language queries and epidemic outbreak
incidence in a non-English-speaking country.

» Public opinion during infectious outbreaks was as-
sessed in the study.

» This study mainly focused on influenza and entero-
virus infections, and other seasonal infectious dis-
eases were not evaluated.

» Confounders such as educational level, age and
economic conditions should be considered in the
future.

» More big data are required to comprehensively
study ‘infodemiology’.

healthcare efforts and the dissemination of
accurate health information.*® Thus, devel-
oping an early warning system for epidemics
is critical. However, current epidemic surveil-
lance systems depend on information from
laboratory test results, outpatient reports and
mortality statistics. Using laboratory results to
develop real-time responses involves several
weeks of lag before the results are reported.'
Studies have reported that prolonged delays
in reporting during epidemic situations
hinder efforts to prevent the spread of infec-
tious diseases.! 7 ® Furthermore, inadequate
timeliness induces negative public opinion
and may cause public relations crises for
governments.

With the development of the internet and
social media, scientists have used data from
Google Trends, health-related tweets and
self-established cloud platforms to assess the
spread of acute epidemic disease activity
and improve individual healthcare.”® Esti-
mating infectious disease levels by analysing
internet activity enables more sensitive assess-
ments than doing so by studying hospital
reports because online activity indicates how
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concerned people are about epidemic diseases, even
when they do not visit hospitals."*'® Moreover, tracking
diseases through internet activity requires less effort than
is necessary to evaluate laboratory test results and hospital
reports.

Human infection diseases may be characterised by a
ubiquitous feature of the seasonal cyclicity, indicating
each acute infection has the specific seasonal window
of occurrence. However, the seasonality of infectious
diseases may vary among geographic locations and
differ from other diseases within the same location.'”
For instance, influenza is the major seasonal disease and
remains a serious public health threat in Taiwan. It has
been well defined that the influenza season in Taiwan
usually starts from December, and peaks in January to
February of the following year.'® In addition, enterovirus
infection, a significant cause of neurological disorder and
death in children, generally has caused outbreaks during
the summer months in Taiwan, and epidemics recur with
a seasonal pattern.'

Analysis based on the relative intensity of Google
keyword searches can provide near real-time data to
be particularly useful in epidemic surveillance and
control.”” *! Internet data analysis has certain advantages
over surveys and provides options for narrowing data by
country, time period and language. However, studies on
the value of establishing a surveillance model to estimate
epidemic diseases in non-English-speaking countries
have not reached a consensus.”** Few effective surveil-
lance systems for assessing infectious diseases based on
internet activity have been developed, despite the ready
availability and use of the internet and social media in
Taiwan. Therefore, the objectives of this study were to
assess whether Google Trends for non-English words,
specifically Chinese words, can be used for an epidemic
surveillance system and for monitoring public opinion
and managing public relations.

METHODS

Setting and study period

National surveillance data on influenza (4 October 2015
to 2 April 2016) and enterovirus (1 January 2012 to 29
December 2012) were obtained from the Taiwan Centers
for Disease Control (TCDC), which regularly collects and
manages epidemiological data from all cities and coun-
ties in Taiwan.

Data sources

Epidemiological surveillance data

A survey by the TCDC is employed for national emerging
disease surveillance and disease prevention.”” For the
influenza survey, epidemic data were collected and
categorised by the weekly number of positive influenza
tests, the ratio of emergency department patients with
influenza-like illness (ILI), the ratio of outpatient depart-
ment patients with ILI and weekly deaths from pneu-
monia and ILI. For the enterovirus survey, the ratio of

Table 1 Google Trends keywords in this study*

Category Query terms

Disease terms  Common cold, influenza, enterovirus

Symptom terms Fever, cough, runny nose, sore throat,
blister

Medical ECMO (extracorporeal membrane

equipment term oxygenation)

Drug term Tamiflu

*English equivalents of query terms. See online supplementary
table 1 for the traditional Chinese terms.

emergency department patients with enterovirus infec-
tions was obtained. With respect to ethical considerations,
the open data obtained from the TCDC were anonymous
and publicly available.

Query data from Google Trends

Query data were obtained from the Google Trends
website provided by Google.*® Query trends from Google
Trends indicate normalised results (0-100), which are
compared with the maximum value for particular queries
during search intervals.” Based on our approach, 10 non-
English influenza and enterovirus-related search terms
were enrolled in the analysis (table 1); these were related
to names and symptoms of diseases, medical equipment
and drugs. For example, disease names categorised as
query terms included ‘common cold’, ‘influenza’ and
‘enterovirus’. Table 1 lists the epidemic-related catego-
ries and query terms, and online supplementary table 1
simultaneously lists these terms in Chinese with English
descriptions. Other criteria for analysis of queries were the
following: Chinese (language), search interval described
as above and Taiwan (location). We set the location to
‘Taiwan’, search time interval to ‘October 2015 to March
2016’ for influenza, ‘January 2012 to December 2012’ for
enterovirus, and the language to ‘Chinese’ and down-
loaded query information from Google Trends with all
search terms in traditional Chinese.

Patient and public involvement
No patients or members of the public were involved in
the design and conduct of this study.

Statistical analysis

Initial analysis was conducted by graphically evaluating
data trends according to time. Furthermore, a Pearson
correlation analysis was conducted using SAS V.9.3 (SAS
Institute) to examine the correlation of Google Trends
with influenza-related data. One-week lag forecasting
analyses were used to assess these relationships temporally
(ie, correlation analysis through Google-based search of
relative intensity for n weeks and of influenza-related data
for n+1 weeks). Correlation coefficients >0.8 indicated
excellent correlation, 0.6-0.8 indicated good correlation,
0.4-0.6 indicated moderate correlation and <0.4 indi-
cated poor or no correlation.””*’
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Figure 1 Temporal comparison of Google Trends search
relative intensity and weekly number of positive influenza
tests (4 October 2015 to 2 April 2016).

RESULTS

ILI surveillance study

The TCDC routinely provides open government data for
epidemiological surveillance that is available for infec-
tious disease control and preventive healthcare studies.”
First, we evaluated the benefits of influenza surveillance
from anonymous logs from online search engine queries.
Through this, we collected national influenza surveillance
data from 4 October 2015 to 2 April 2016. During this
interval, an influenza outbreak, a natural disaster and an
earthquake occurred in Taiwan. This period was suitable
to be the research target, which we evaluated whether the
Google Trends was suitable to be the surveillance tool of
the epidemic disease and the public opinion. A total of 10
queries related to influenza (table 1) were chosen for use
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Figure 2 Temporal comparison of Google Trends search
relative intensity and the ratio of emergency department
patients with influenza-like illness (ILI) (4 October 2015 to 2
April 2016).
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Figure 3 Temporal comparison of Google Trends search
relative intensity and the ratio of outpatient department
patients with influenza-like illness (ILI) (4 October 2015 to 2
April 2016).

in estimating the correlation between query data from
Google Trends and influenza-related data obtained from
the TCDC concerning the weekly number of patients
with influenza, ratio of emergency department patients
with ILI, ratio of outpatient department patients with ILI
and weekly deaths from pneumonia and ILI. As shown in
figure 1, a peak indicating the number of patients with
influenza was observed in February 2016 (weeks 6-9);
simultaneously elevated levels were evident for three
other influenza-related data categories (figures 2-4).
Figures 1-4 graphically represent the temporal relation-
ship between and illustrate evident increases in four
influenza-related data categories with a simultaneous
increase in the relative intensity of Google keywords.
After February 2016, the four influenza-related data cate-
gories and all keywords decreased simultaneously from
March 2016 (after week 10). Table 2 lists the correla-
tion coefficients between Google keyword search inten-
sity and influenza-related data for ‘no lag’ and ‘l-week
lag’. These indicate that non-English keywords, such as
BE (‘common cold’, r=0.898, p<0.001), B (‘fever’,
r=0.773, p<0.001) and BB (‘cough’, r=0.796, p<0.001),
had a high correlation with the weekly number of positive
influenza test results. When 1-week lag was introduced to
the forecasting analysis, similar results were observed for
these keywords and presented good to excellent correla-
tion. Keyword search intensity was also highly correlated
with ILI-related medical requests, including the ratio
of emergency (or outpatient) department patients with
ILI and weekly deaths from pneumonia and ILI. For all
correlations, the keyword BT (‘common cold’) exhib-
ited the highest correlation of all influenza-related data
for ‘no lag’ (r=0.898, p<0.001) and ‘l-week lag’ (r=0.900,
p<0.001) analysis and indicated excellent correlation.

However, the search intensity of symptom keywords,
such as &K (‘runny nose’, r=0.076-0.263) and Wz e 8
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Figure 4 Temporal comparison of Google Trends search
relative intensity and weekly deaths of patients with
pneumonia and influenza-like iliness (ILI) (4 October 2015 to 2
April 2016).

(‘sore throat’, r=0.639-0.783), exhibited weaker correla-
tion with influenza-related data (table 2), which indicated
that appropriate non-English (Chinese) keywords reflect
influenza levels. Altogether, these results revealed that
appropriate non-English (Chinese, such as &8, #&
and BZH) keyword search intensity can reflect the real-
time infectious condition of influenza, including positive
rates and overall medical requests for ILI

3
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Figure 5 Temporal comparison of Google Trends search
relative intensity and the ratio of emergency department
patients with enterovirus infection in Taiwan (1January 2012
to 29 December 2012).

Enterovirus 71 infection surveillance study

Enterovirus 71 (EN71) was first identified in California
in the USA in 1969. Since then, EN71 has been detected
worldwide.” For Taiwan in particular, EN71 repeat-
edly causes life-threatening outbreaks of hand, foot and
mouth disease and neurological disorders in children.”" *
Using our approach, we estimated whether query data
from Google Trends can serve as a surveillance tool for
EN71 infections in Taiwan. Figure 5 and table 3 indicate

Table 2 Pearson correlation coefficient values for the intensity of influenza-related query terms in Taiwan

The ratio of emergency The ratio of outpatient

Weekly number of

department patients

department patients Weekly deaths from

positive influenza tests with ILI with ILI pneumonia and ILI
Query terms No lag 1-week lag No lag 1-week lag No lag 1-week lag No lag 1-week lag
&8 /common cold r=0.898 r=0.900 r=0.900 r=0.899 r=0.889 r=0.885 r=0.936 r=0.936
P<0.001 P<0.001 P<0.001 P<0.001 P<0.001 P<0.001 P<0.001 P<0.001
Excellent  Excellent  Excellent Excellent Excellent Excellent Excellent Excellent
& 1& /fever r=0.773 r=0.774 r=0.802 r=0.807 r=0.791 r=0.798 r=0.837 r=0.843
P<0.001 P<0.001 P<0.001 P<0.001 P<0.001 P<0.001 P<0.001 P<0.001
Good Good Excellent Excellent Good Good Excellent Excellent
1% 8 /cough r=0.796 r=0.793 r=0.886 r=0.883 r=0.870 r=0.864 r=0.913 r=0.911
P<0.001 P<0.001 P<0.001 P<0.001 P<0.001 P<0.001 P<0.001 P<0.001
Good Good Excellent Excellent  Excellent Excellent Excellent Excellent
& K/runny nose r=0.238 r=0.212 r=0.145 r=0.212 r=0.119 r=0.076 r=0.263 r=0.230
P=0.24 P=0.31 P=0.48 P=0.61 P=0.56 P=0.72 P=0.19 P=0.27
Poor Poor Poor Poor Poor Poor Poor Poor
Mz BESE/sore throat  r=0.640 r=0.630 r=0.766 r=0.760 r=0.753 r=0.744 r=0.783 r=0.775
P<0.001 P<0.001 P<0.001 P<0.001 P<0.001 P<0.001 P<0.001 P<0.001
Good Good Good Good Good Good Good Good

ILI, influenza-like iliness.
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Table 3 Pearson correlation coefficient values for the
intensity of enterovirus-related query terms in Taiwan

The ratio of emergency
department patients with
enterovirus infection

r=0.914
P<0.001
Excellent
r=0.478
P<0.001
Moderate
r=0.359
P<0.001
Poor

Query terms

BB %= /enterovirus

Jka/blister

B 1% /fever

that the query B3 (‘Enterovirus’) exhibited an excel-
lent correlation (r=0.914, p<0.001) with the ratio of
emergency department patients with EN71 infection.
However, using search terms such as 7K@ (‘blister’) or
BIE (‘fever’) exhibited poor to moderate correlation
(r=0.478, p<0.001; r=0.359, p<0.001, respectively).

Public opinion estimation
Public opinion analysis is critical for acute epidemic
disease control. Moreover, public opinion regarding
epidemic diseases is influenced by several external factors
that can be classified into the categories of culture,
media, opinion leaders and major events.” Keywords
were standard disease names (influenza), medical equip-
ment (extracorporeal membrane oxygenation; ECMO)
and drugs (Tamiflu), which were selected to estimate
public opinion. Figure 6 illustrates a severe earthquake
that occurred during the Chinese New Year holiday
(week 6; 6 February 2016). Media and opinion leaders
focused on the earthquake; therefore, the search inten-
sity of these keywords did not increase with the peak in
Weekly number of positive influenza tests === = Query term "5z (ECMO)"

e Queery term "3 (influenza)" = === Query term "5 & (Tamiflu)"
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Figure 6 Temporal comparison of Google Trends search
relative intensity and weekly number of positive influenza
tests (4 October 2015 to 2 April 2016). ECMO, extracorporeal
membrane oxygenation.

epidemic diseases (weeks 6-9; February 2016). After the
Chinese New Year holiday, media and opinion leaders
refocused on influenza, discussing influenza outbreaks,
influenza vaccine policies and medical resource logistics,
among other topics. These discussions by thought leaders
and media affected public opinion and caused a public
relations crisis for the Taiwanese government regarding
epidemic policy. Thus, keyword search intensity peaked
from the end of February to mid-March (weeks 9-12).
A 4-week lag appeared between internet query data
and epidemic advancement. Figure 6 shows the peak
of the keyword & (‘influenza’) in week 11 (early
March 2016), with simultaneously elevated levels of two
keywords for medical equipment and drugs. Altogether,
these indicated that appropriate non-English (Chinese)
keywords reflect the concerns of media and opinion
leaders regarding epidemic diseases.

DISCUSSION

Principal findings

This study confirmed that the Google search intensity of
appropriate non-English (Chinese) keywords is a favour-
able epidemic disease surveillance tool in non-English-
speaking countries. Moreover, suitable keywords related
to public opinion regarding epidemic diseases, such as
disease names (J&, ‘influenza’), medical equipment
(ERFE, ‘ECMO’) and drugs (RMRE, ‘Tamiflu’), were
useful for estimating public opinion. Online search
engine data, such as those of Google Trends, are well
suited for disease surveillance in developed countries,
which have large populations of internet search users.*
However, few forecasting tools for epidemic diseases are
based on online query data, despite the high internet
usage in Taiwan. Thus, we assessed whether non-English
(Chinese) keywords that appear in Google Trends can be
used for an epidemic surveillance system and to monitor
public opinion and manage public relations.

These results highlighted the potential use of internet
activity related to epidemic diseases to coordinate supplies
of medical resources and manage public opinion during
influenza outbreaks. To assess online health-related infor-
mation, Google Trends can combine critical data from a
large spectrum of the population with geospatial data to
create a surveillance system for a selected geographical
area.

Studies had demonstrated the benefits of using social
media in infectious disease surveillance in many coun-
tries, such as the USA, Japan, South Korea, China, Greece
and Ttaly."® * % These findings have revealed suitable
queries in various languages for epidemic prediction and
clinical studies. Based on our evidence, certain queries
showed a higher correlation with epidemic data (eg,
common cold, fever and cough in ILI), which may reflect
what people concerned about and their web search
behaviours in the epidemic outbreak. To the best of our
knowledge, our study is the first to estimate the correla-
tion between infectious diseases and internet searches
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in Taiwan. However, some possible intrinsic limitations
regarding the use of big data on epidemic disease surveil-
lance should be concerned in the study. Algorithms and
computational techniques, which are built and rely on the
analysis, still need to be carefully refined, tuned and cali-
brated to avoid the overfitting risk in big data inference.**
For instance, web users’ educational level, economic
situation, and cultural and language backgrounds can
influence users’ habits.”* Comparing to the previous
reports,” we identified traditional Chinese query terms
that were significantly correlated with epidemic fore-
casting, including ‘common cold’ for influenza (r=0.898,
p<0.001) and ‘enterovirus’ for EN71 infection (r=0.914,
p<0.001). These findings suggested an online query-
based surveillance system can be available in Taiwan local
language queries for disease prediction but not in simpli-
fied Chinese.

Search engines and social media enable people to share
information and their experiences during crises, assess
message credibility and receive confirmation of informa-
tion."” * Internet data should be incorporated into clin-
ical data for risk and crisis management. Furthermore,
internet activity can provide quantifiable assessments
of public opinion during disease outbreaks for health
authorities, researchers and the media.

The social amplification of risk explains how public
risk perception is formed by psychology, mass commu-
nication and cultural factors that enhance or attenuate
public attention to risk. This study can be extended to
quantify social uneasiness and fear during outbreaks and
catastrophes and the delivery of information through
social media platforms. Moreover, our approach indi-
cates that a surveillance system based on internet activity
can be an essential tool for assessing epidemic diseases
and public opinion during epidemics and catastrophes in
non-English-speaking countries.

Limitations

This study contains some limitations. First, our findings
mainly focused on ILI and EN71 infections. The fore-
casting effects of online query data for the other seasonal
infectious diseases remain unclear. In the future, we will
develop more prediction models from internet-derived
big data to optimise the predictive accuracy of epidemic
surveillance. Second, although our research related to
pandemics occurring in the past 5 years in Taiwan, the
evaluated period was too short to represent long-term
conditions well. Our approach provided additional appli-
cations for online search data collected by companies such
as Google, the most-used search engine in Taiwan. Our
study may encourage researchers to use ‘big data’ from
social media to track and predict diseases. Third, we only
enrolled single-query data for Google Trends, despite this
being the main tracking resource in Taiwan. In the future,
we will evaluate epidemic predictions in specific regions
or language approaches to establish broad benefits for
other non-English-speaking countries and use multiple
big data sources including other social media (Facebook,

Twitter, Baidu or Yahoo!), local meteorology and resident

consumption behaviour to evaluate whether they provide

. . . . 1041
information for ‘infodemiology’.

CONCLUSIONS

Our study demonstrated that non-English (Chinese)
keyword Google search intensity is related to epidemic
disease levels as evident in people’s search behaviour.
These results suggested that medical information derived
from online resources could be crucial for addition to the
current epidemic surveillance system in Taiwan.
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