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Abstract

Background: Effective risk communication about the outbreak of a newly emerging infectious disease in the early stage is
critical for managing public anxiety and promoting behavioral compliance. China has experienced the unprecedented epidemic
of the coronavirus disease (COVID-19) in an era when social media has fundamentally transformed information production and
consumption patterns.

Objective: This study examined public engagement and government responsiveness in the communications about COVID-19
during the early epidemic stage based on an analysis of data from Sina Weibo, a major social media platform in China.

Methods: Weibo data relevant to COVID-19 from December 1, 2019, to January 31, 2020, were retrieved. Engagement data
(likes, comments, shares, and followers) of posts from government agency accounts were extracted to evaluate public engagement
with government posts online. Content analyses were conducted for a random subset of 644 posts from personal accounts of
individuals, and 273 posts from 10 relatively more active government agency accounts and the National Health Commission of
China to identify major thematic contents in online discussions. Latent class analysis further explored main content patterns, and
chi-square for trend examined how proportions of main content patterns changed by time within the study time frame.

Results: The public response to COVID-19 seemed to follow the spread of the disease and government actions but was earlier
for Weibo than the government. Online users generally had low engagement with posts relevant to COVID-19 from government
agency accounts. The common content patterns identified in personal and government posts included sharing epidemic situations;
general knowledge of the new disease; and policies, guidelines, and official actions. However, personal posts were more likely

to show empathy to affected people (χ2
1=13.3, P<.001), attribute blame to other individuals or government (χ2

1=28.9, P<.001),

and express worry about the epidemic (χ2
1=32.1, P<.001), while government posts were more likely to share instrumental support

(χ2
1=32.5, P<.001) and praise people or organizations (χ2

1=8.7, P=.003). As the epidemic evolved, sharing situation updates (for

trend, χ2
1=19.7, P<.001) and policies, guidelines, and official actions (for trend, χ2

1=15.3, P<.001) became less frequent in
personal posts but remained stable or increased significantly in government posts. Moreover, as the epidemic evolved, showing

empathy and attributing blame (for trend, χ2
1=25.3, P<.001) became more frequent in personal posts, corresponding to a slight

increase in sharing instrumental support, praising, and empathizing in government posts (for trend, χ2
1=9.0, P=.003).
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Conclusions: The government should closely monitor social media data to improve the timing of communications about an
epidemic. As the epidemic evolves, merely sharing situation updates and policies may be insufficient to capture public interest
in the messages. The government may adopt a more empathic communication style as more people are affected by the disease
to address public concerns.

(J Med Internet Res 2020;22(5):e18796) doi: 10.2196/18796
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Introduction

Background
On December 31, 2019, a cluster of pneumonia cases of
unknown etiology were first reported in Wuhan, the capital city
of Hubei Province, China [1]. The causative pathogen was soon
identified as a novel coronavirus, severe acute respiratory
syndrome coronavirus 2 (SARS-CoV-2) [2] and the disease
caused by SARS-CoV-2 was termed the coronavirus disease
(COVID-19) [3]. Epidemiological investigation of the first 41
laboratory-confirmed human cases revealed that most had a
history of visiting a seafood wholesale market (Huanan Market)
in Wuhan where live wild animals were also sold for human
consumption [4], but later, human-to-human transmission was
confirmed, as cases without a history of visiting the market
increased dramatically [5-7]. The outbreak of COVID-19 in
Wuhan rapidly evolved into a severe pneumonia epidemic
nationally and later worldwide. As of May 13, 2020, a total of
84,458 confirmed human cases of COVID-19 including 4644
deaths in China were reported to the World Health Organization
[8]. Worldwide, COVID-19 has been a pandemic affecting more
than 200 countries or territories with a total of 4,170,424 human
cases of COVID-19 including 287,399 deaths as of May 13,
2020.

Communication About Outbreaks
The outbreak of a newly emerging respiratory infectious disease
usually puts individuals at a high risk of infection and constitutes
a highly uncertain situation that changes rapidly, threatening
serious potential loss and prompting considerable psychological
distress [9,10]. Feelings of uncertainty provoke great public
anxiety, which if not properly addressed can develop into public
panic and herd behaviors that may harm social order and
population health [11,12]. Effective outbreak communication,
particularly at the early stage, becomes critically important for
dealing with excessive public fear, promoting risk awareness,
empowering the public in taking protective actions, and gaining
public confidence and trust [11,13,14]. Conceptual models for
guiding outbreak communications have been developed since
the 2003 outbreak of severe acute respiratory syndrome (SARS)
[14-17] and used in empirical research for examining
communication practices during the 2009 influenza A/H1N1
pandemic [14], the 2013-2016 Ebola outbreak in West Africa
[18], and most recently the outbreak of COVID-19 [19]. These
communication models and empirical research indicate that
effective outbreak communication should be prompt and
transparent, dynamic as the situation evolves to meet changes
in public needs, relevant and able to engage the community,

and empathic and caring to address public emotional distress
[14-19].

Social Media as a Platform for Outbreak
Communication
The high penetration of internet use and rapid development of
information and communication technologies have made the
internet an increasingly important health information source
worldwide [20-23]. Reading, commenting, sharing, and seeking
health information from social media, particularly through a
mobile device, has become an increasingly important pattern
of health information consumption in China [20,24,25]. During
an epidemic, social media can facilitate the spread of epidemic
awareness, attitudes toward control and preventive measures,
emotional responses and behaviors, as well as misinformation
and rumors in the public through online interactivity [26-30].
As the epidemic evolves, this may facilitate homogeneous
mental representations of the epidemic, leading to collective
behavioral responses [31]. In China, Sina Weibo (the Chinese
version of Twitter) is one of the most popular platforms that
attracted 486 million active monthly users in 2019 [32], most
of whom accessed their user accounts through a mobile device
[24]. Its microblogging function allows users to create and share
short messages in a multimedia format, and other users can
“share,” “like,” “comment,” and “follow” the initial posts.
Numerous government agencies in China also make use of
Weibo to communicate with the public. As of June 2019, there
were a total of 139,270 verified government microblogs in
Weibo [24].

With the proliferation of internet and social media used as health
information sources, infodemiology (or infoveillance), the study
(or surveillance) of “distribution and determinants of
information,” in the internet or a population for the aim of
guiding policy making and public health interventions [33] has
been commonly used in the case of infectious disease outbreaks.
Among various applications of infodemiology or infoveillance
methods for social media data about infectious disease
outbreaks, tracking information (concept) prevalence data
[27,34-38] and qualitatively analyzing and categorizing contents
of the social media data [19,27,36-41] are believed to be able
to provide important insights into outbreak communications.
However, existing studies mainly focused on tracking specific
concepts or information such as blame [27], misinformation
[34], stigma [30], specific keywords and sentiment [35], and
organization trust and managing uncertainty [39], possibly due
to specific research interests or using machine-aided analysis
which does not allow flexible content analysis [42]. Moreover,
existing studies mainly focused on one side of the outbreak
communication, either the public response or response of health
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authorities [19,27,34-41]. This only provides partial
understanding about the interactivity between the public and
health authorities, whereas two-way communication is believed
to be crucial for effective outbreak communication [40].
Although a recent infoveillance study on Weibo data about
COVID-19 provided some qualitative descriptions about the
potential interactions between the public and government online
about COVID-19 by time, the study did not quantify public
engagement and government responsiveness regarding
COVID-19 and how these changed by time as the pandemic
unfolded [38]. In addition, this study’s qualitative results seemed
to lack a clear structure for understanding public perceptions
and emotions [38]. The study conducted by Chew and
Eysenbach [37] provides more comprehensive methods for
guiding coding of social media data related to discussion topics,
emotions, and online behaviors as well as quantifying and
tracking the changes of these contents as the epidemic unfolds.

Study Objectives
The outbreak of COVID-19 was an unprecedented epidemic
that China experienced for the first time in this digital era. Based
on this study’s literature review on important principles of
effective outbreak communication and the knowledge gaps of
current infodemiology or infoveillance studies examining
outbreak communication using social media data, this study
aimed to make use of the Weibo data about COVID-19 from
December 2019 to January 2020 in China to answer the
following research questions:

1. How did the public respond to the outbreak of COVID-19
as cases of COVID-19 increased and increasingly stringent
containment measures were implemented, and how quickly
could the government respond to public discussions about
COVID-19?

2. To what extent could government messages about
COVID-19 engage the general online users?

3. What contents did the public discuss online, and how did
these contents change as the epidemic evolved? To what
extent could the government respond to the temporal change
of public discussions online?

Methods

Data Extraction
Four keywords in Chinese characters were used to capture data
relevant to COVID-19 from Weibo from December 1, 2019, to
January 31, 2020: “Wuhan pneumonia,” “novel coronavirus,”
“novel coronavirus pneumonia,” and “novel pneumonia.” Data
were retrieved using the built-in Weibo searching function and
were subsequently screened by the Python Web Crawler, a tool
that has been demonstrated to be efficient in identifying the
most relevant posts that contain the set keywords [43]. A total
of 1,028,204 relevant posts were initially retrieved. We also
tried the keywords “unknown pneumonia” and “SARS” in
Chinese characters to capture Weibo data from December 1,
2019, to January 9, 2020, when the etiology of COVID-19 was
not yet confirmed [2]. Since “Wuhan pneumonia” is a less
specific term for COVID-19 before official announcement of
unknown pneumonia in Wuhan on January 9, 2020, we manually
checked the relevant posts by January 9, 2020, in the database.

This excluded 466 from 469 posts on December 30, 2019, but
this term successfully detected over 99% of the posts relevant
to COVID-19 in the subsequent days. The final database
included a total of 1,027,738 posts comprising of 914,247
(89.0%) posts from personal accounts of the public, 45,398
(4.4%) posts from accounts of government agencies, and 67,746
(6.6%) posts from accounts of media and commercial agencies.
Accounts of government, media, and commercial agencies were
verified by Weibo to be “official” at registration by submitting
relevant documents of their organizations for verification. Each
post record comprises account name, contents, post time,
engagement data of each post including numbers of likes (ie,
showing confirmation or agreement with the post contents),
comments, shares, and followers.

Engagement Analysis
This study evaluated how much government posts can engage
online users in the communications about COVID-19 by
calculating the engagement index using engagement data of the
posts delivered by government agency accounts [44,45]. The
engagement data comprising likes, shares, and comments on
the posts from each government account and the number of
followers of these accounts were first extracted. These
engagement data were then used to calculate the three metrics
of social media engagement: popularity (likes per post and per
1000 followers), commitment (comments per post and per 1000
followers), and virality (shares per post and per 1000 followers);
all three metrics were subsequently aggregated to generate the
overall engagement index. Based on the engagement index, we
identified the top five most active government agencies in both
the health and nonhealth sectors. When ranking engagement,
we specifically excluded any government account that delivered
fewer than the average number of posts generated by all
government accounts combined during the study period because
these government accounts could rank high based on
engagement index but were considered inactive in interacting
with online audiences. We used mean but not the median number
of posts as the cut-off because over 50% of government agencies
only had 1 post during the study period. In addition, since the
National Health Commission (NHC) of China is regarded as
the lead agency in coordinating the national effort to combat
the COVID-19 outbreak in China, its engagement data were
included in comparison with other government agencies despite
that its engagement index was not ranked in the top five.

Content Analysis
There is currently no consensus about how to best sample social
media data for content analysis [42], but random sampling has
been commonly used and seems to be suitable for social media
data [46]. However, for random sampling, sample sizes differ
a lot across studies due to different study purposes, duration of
study period, resources, and whether data were coded
automatically or manually [42]. Manual coding can generate
richer information by accommodating new codes emerging
during data analysis, but the sample size must be kept at a
manageable level to avoid fatigue and improve accuracy in
coding. Since we were interested in temporal changes in the
discussion contents about COVID-19 among general online
users, we focused on the personal account posts for content
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analysis. We first excluded personal account posts that lacked
all engagement (no likes, comments, and shares) because these
posts may have captured little attention and interest of other
online users. Thereafter, 20 posts per calendar day between
December 31, 2019, and January 31, 2020, were randomly
selected for content analysis. In addition, 4 posts delivered by
personal accounts (1 on December 29, 2019, and 3 on December
30, 2019) before the first official announcement of the unknown
pneumonia cases in Wuhan on December 31, 2019, were
included for content analysis. Therefore, a total of 644 personal
account posts were finally included for content analysis.

As a comparison with personal account posts and supplement
for understanding government responsiveness in the
communications about COVID-19, we also analyzed the
contents of all posts from the first 5 government accounts of
both the health and nonhealth sectors based on the rank of the
engagement index and posts from the NHC in the same period.
The first government post relevant to COVID-19 was posted
on December 31, 2019. A total of 273 government posts were
included for content analysis.

A tentative coding scheme was first developed based on
preliminary analysis of a random training subset of 100 posts
using open coding by one author (QL) and iteratively refined
through independent analysis of another 100 training posts by
authors QL, JY, and MD, and discussion from the team. The
coding scheme was then used by two authors (JY and MD) to
analyze the 274 selected government posts and 644 selected
individual posts for final content analysis, each analyzing half
of these posts. Although the coding scheme was used, the coders
were advised to be open to new codes during the analysis. After
both coders finished their part, they mutually checked 10% of
the posts from each other’s subset to ensure consistency in
coding. Finally, one author (QL) double-checked a random
subset of 10% of all posts for content analysis to ensure the
accuracy and reliability of the coding. Any inconsistencies were
solved by going back to relevant data and joint discussions
among authors QL, JY, and MD to reach an agreement.
Interrater reliability was assessed by calculating Cohen kappa,
with a value of 0.6 or above indicating adequate reliability. The
set of codes finally generated were then constant compared to
develop thematic categories.

Statistical Analysis
A Pearson chi-square test was used to compare the overall
percentages of each thematic category between personal account
posts and government agency posts. Latent class analysis (LCA)
was used to explore main patterns of post contents by type of
account. To conduct the LCA, we first generated a binary-coded
variable (1=the specific thematic category is present and 0=the
specific thematic category is absent) for each thematic category

coded for each post. These variables were then entered into
Mplus 7.3 (Muthén and Muthén) for LCA. Major fit indices
provided by Mplus including Akaike information criterion
(AIC), Bayesian information criterion (BIC), sample size
adjusted BIC (aBIC), and the entropy value were used to
determine the optimal number of class for the post contents of
both personal accounts and government agency accounts. A
model with smaller values of AIC, BIC, and aBIC but with a
higher entropy value is preferred, but we also consider the
interpretability of the model and model parsimony [47]. The
LCA would finally determine the content pattern (ie, latent
class) of each post. A chi-square for trend was then used to
examine the temporal change of the proportion of each content
pattern by week by type of account after checking the linearity
of the distribution of proportion of each content pattern by week.
The temporal trend analysis excluded the 4 personal posts
delivered before December 31, 2019. The LCA was conducted
using Mplus 7.3, and other statistical analyses were conducted
using STATA 15.1 for Windows (StataCorp LLC).

Results

Weibo Activity
We detected information prevalence in relation to the outbreak
by plotting daily numbers of Weibo posts by type of accounts
with daily numbers of newly confirmed cases of COVID-19 in
Figure 1. The Weibo “top search enquires” automatically
identified by the built-in function of Weibo based on the number
of relevant posts on that day were also marked on observable
peak days of Weibo activity (Figure 1). There was a peak on
December 31, 2019, when a cluster of unknown pneumonia
cases in Wuhan were officially announced for the first time.
Another small peak was detected on January 9, 2020, when
there was a hot discussion about naming the etiology of
unknown pneumonia in Wuhan as the novel coronavirus. Weibo
activity increased dramatically starting from January 18, 2020,
when daily new confirmed cases of COVID-19 substantially
increased. For personal account posts, a third peak was found
on January 22, 2020, when the Wuhan government announced
a policy of mandatory wearing of face masks in public places
and human-to-human transmission of COVID-19 was announced
by an expert who had just visited Wuhan for investigations, and
the last peak within our study timeframe was detected on
January 24, 2020, within 24 hours after Wuhan city was locked
down. For posts from government agencies and media and
commercial agencies, the third peak was not observed, and the
last peak within the study time frame occurred 2 days later.
Overall, it appeared that public online reactions followed the
spread of the disease and government actions, and responded
earlier than the government.
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Figure 1. Daily numbers of newly confirmed cases of COVID-19 in Mainland China, daily numbers of Sina Weibo posts relevant to COVID-19 by
account, and Weibo “top search enquiries” on peak days from December 2019 to January 2020. COVID-19: coronavirus disease; 2019-nCoV: novel
coronavirus.

Public Engagement With Government Messages
Table 1 presents the engagement metrics of the five most active
Weibo accounts of government agencies from both the health
and nonhealth sectors in the communications about COVID-19
on Weibo. In the health sector, the most active government
agencies are the Municipal Health Commission (MHC) in
several cities of China, including Wuhan, Zhuhai, Shanghai,
and Beijing, and one city-level hospital in Sichuan Province,
China. In China, the MHC in different cities are required to
report duties to the provincial and national health commissions.
In the nonhealth sector, the most active government agency was
the Hubei Branch of the Red Cross Society of China, an
organization supervised by the Chinese government that is

mainly responsible for encouraging donation to support affected
people during the epidemic. The remainders are from the system
of public security bureaus that are responsible for tracking close
contacts of patients with COVID-19 and implementing local
policies of traffic restrictions during the epidemic. The
engagement analysis shows that, despite being relatively more
active compared with other government agency accounts based
on the rank of the engagement index, other than Wuhan MHC,
all government agencies had low popularity (likes per post per
1000 followers), commitment (comments per post per 1000
followers), and virality (shares per post per 1000 followers).
The NHC, despite having attracted a large number of followers,
had extremely low popularity, commitment, and virality.

J Med Internet Res 2020 | vol. 22 | iss. 5 | e18796 | p. 5http://www.jmir.org/2020/5/e18796/
(page number not for citation purposes)

Liao et alJOURNAL OF MEDICAL INTERNET RESEARCH

XSL•FO
RenderX

http://www.w3.org/Style/XSL
http://www.renderx.com/


Table 1. Government agencies with the greatest engagement and associated engagement metrices for coronavirus disease communications from
December 2019 to January 2020.

Engagement indexdViralityc, nCommitmentb, nPopularitya, nFollowers, nPosts, nGovernment agencies

Top 5 from health sector

255.072.629.72242.7358,14440Wuhan MHCe

48.260.965.2742.0329821Zigong No 4 People’s Hospi-
tal

32.521.183.5327.8211,84418Zhuhai MHC

28.341.141.8425.35403,60311Shanghai MHC

17.411.381.6114.4165,70712Daxing (in Beijing) MHC

Top 5 from nonhealth sector

88.011.108.7078.2097,52321Hubei Branch of the Red
Cross Society of China

19.591.824.7113.0655022Gaolan People’s Procuratorate
(in Gansu Province)

14.102.424.716.9743559Suixian People’s Procura-
torate (in Hubei Province)

13.440.200.7312.51880326Longchang Public Security
Bureau (in Sichuan Province)

11.640.822.758.07215513Datong Fire Services Depart-
ment (in Shanxi Province)

8.040.220.337.515,371,59530National Health Commission of
China

aLikes per post per 1000 followers.
bComments per post per 1000 followers.
cShares per post per 1000 followers.
dEngagement index = popularity + commitment + virality.
eMHC: Municipal Health Commission.

Individual and Government Post Contents
Frequencies and proportions of thematic categories of post
contents for personal and government accounts are shown in
Table 2, and detailed descriptions of the thematic categories
identified in our study can be found in Multimedia Appendix
1.

We noted 3 cyber-support behaviors from personal account
posts: sharing knowledge or information, emotional exchange,
and seeking information of which only the first 2 were identified
in government posts. As is shown in Table 2, for sharing
knowledge and information in both groups, the most common
thematic categories were situation updates of COVID-19
followed by general knowledge about coronavirus pneumonia
and advice on preventive measures. Government agency posts
were more likely to share information about policies, guidelines,

and official actions (χ2
1=14.5, P<.001), and instrumental support

(χ2
1=32.5, P<.001), while personal account posts were more

likely to share information on public responses to the epidemic

(χ2
1=19.1, P<.001). Personal account posts were more likely

to be classified as emotional exchange (χ2
1=30.5, P<.001)

including showing empathy to affected people (χ2
1=13.3,

P<.001), attributing blame to people or organizations for

malpractice during the epidemic (χ2
1=28.9, P<.001), and

expressing worry about the epidemic (χ2
1=32.1, P<.001). The

government posts more likely praised people or organizations

(χ2
1=8.7, P=.003). The main groups of people praised by both

groups were health care workers, while the main people or
organizations being blamed in personal account posts included
other individuals (eg, individuals who consumed wild animals,
breached the infection containment measures, and committed
medical violence) and the government (individual government
officers or government in general). Regarding seeking
information, the main information sought was updates about
the epidemic situation.
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Table 2. Frequency of thematic categories from posts delivered by individual and government accounts.

P valueaGovernment (n=273), n (%)Individuals (n=644), n (%)Thematic categories

.003258 (94.5)567 (88.0)Sharing knowledge/information

.16108 (39.6)287 (44.6)Situation update about COVID-19b

.3982 (30.0)206 (32.0)General knowledge about coronavirus pneumonia

.3256 (20.5)114 (17.7)Advice on preventive measures

<.00169 (25.3)95 (14.8)Policies, guidelines, and official actions

.3027 (9.9)79 (12.3)Human-to-human transmission

.5023 (8.4)46 (7.1)Fight against rumors

.3314 (5.1)44 (6.8)Cause of viral emergence

<.0010 (0.0)43 (6.7)Public response during the epidemic

<.00129 (10.6)13 (2.0)Instrumental support

—c2 (0.7)10 (1.6)Infection and illness experience

—c0 (0.0)10 (1.6)Seeking social support

—c0 (0.0)8 (1.2)Request for information transparency

—c0 (0.0)3 (0.5)Reports of scientific research

—c2 (0.7)0 (0.0)Seeking close contact

<.00182 (30.0)321 (49.8)Emotional exchange

<.00114 (5.1)86 (13.4)Showing empathy to or blessing affected people

<.0013 (1.1)78 (12.1)Blaming people or organizations

.8830 (11.0)73 (11.3)Providing reassurance about risk

<.0010 (0.0)70 (10.9)Expressing worry or fear about the risk

.00340 (14.7)53 (8.2)Praising people or organizations

.0511 (4.0)48 (7.5)Warning about the epidemic

<.0010 (0.0)36 (5.6)Seeking information

aP values were calculated using a Pearson chi-square test.
bCOVID-19: coronavirus disease.
cCell with expected frequency less than 5 and thereby P values from the chi-square test were not available.

Compared with post contents of government agencies from the
health sector, we found that the four government agencies from
the system of public security bureaus were more likely to share

information about situation updates (χ2
2=15.9, P<.001), while

the Hubei Red Cross Society of China were more likely to post
contents about instrumental support (eg, donation of materials

or money; χ2
2=25.3, P<.001) and showing empathy to affected

people (χ2
1=25.7, P<.001).

Content Patterns and Temporal Changes
The LCA revealed five main content patterns within both
personal posts and government posts (Multimedia Appendix
2). For personal posts excluding the 4 posts before December
31, 2019, the most prevalent content pattern comprised of posts
that were mainly sharing situation updates (situation class;
n=208/640, 32.5%), followed by those with greater probabilities
of showing empathy and blaming (empathy-blaming class;
n=166/640, 25.9%); those mainly sharing general knowledge
(knowledge class; n=119/640, 18.6%); those mainly sharing

policy, guidelines, and official actions (policy class; n=85/640,
13.3%); and those mainly sharing worry about the epidemic
(worry class; n=62/640, 9.7%). For the government posts, 3
similar classes as those in the personal posts were found,
including the situation class (n=77/273, 28.2%), knowledge
class (n=79/273, 28.9%), and policy class (n=40/273, 14.7%;
Multimedia Appendix 3). Another 3 classes were different from
those of the personal posts, including posts that mainly shared
prevention tips and fought against rumors (prevention-rumors
class; n=40/273, 14.7%) and those mainly providing
instrumental support, praising people, and that had a slightly
higher probability of showing empathy (support class; n=37/273,
13.6%; Multimedia Appendix 3).

The temporal change of each content pattern by type of account
are shown in Figure 2. The chi-square for trend analyses found
that for personal posts, proportions of posts sharing situation
updates increased from week 1 (December 31, 2019-January 6,

2020) to week 3 (January 14-20, 2020; for trend, χ2
1=28.6,
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P<.001) but declined thereafter (for trend, χ2
1=19.7, P<.001).

Sharing general knowledge (for trend, χ2
1=15.3, P<.001) and

policies, guidelines, and official actions (for trend, χ2
1=15.3,

P<.001) declined each week, while showing empathy and
blaming increased significantly in later weeks (for trend,

χ2
1=25.3, P<.001), and worry about the epidemic remained

stable and low. For government agency account posts, sharing

situation updates and prevention tips, and fighting against
rumors remained stable; sharing general knowledge declined

each week (for trend, χ2
1=14.7, P<.001), while sharing policies,

guidelines, and official actions (for trend, χ2
1=8.9, P=.003), and

providing instrumental and emotional empathy and praising

people (for trend, χ2
1=9.0, P=.003) increased significantly on

the last 2 weeks of the study time frame.

Figure 2. Temporal changes in the proportion of main content patterns by type of account.

We also specifically explored how providing reassurance, a
main emotional content in government posts, changed as the
epidemic evolved. We found that providing reassurance in
government posts was more frequent in the first 3 weeks but
declined in the last 2 weeks of the study time frame (for trend,

χ2
1=4.2, P=.04)

Discussion

Principal Findings
The Weibo activity in the early stage of the COVID-19 epidemic
showed that public reactions seemed to follow the spread of the
disease and government actions in China. This again evidences
the value of infodemiology or infoveillance studies to understand
public response to the disease and government actions during
the early epidemic stage despite a concern over the censorship
of online information for propaganda purposes in China. There
was 1 post blaming people who consumed wild animals for

causing “Wuhan pneumonia” that was captured on December
29, 2019. On December 30, 2019, 3 more posts were identified:
2 seeking confirmation about unknown pneumonia cases
detected in Hunan Seafood Market in Wuhan and 1 sharing
information about unknown pneumonia cases found in the
market. All 4 posts were from accounts of individuals who lived
in Wuhan. This indicates that before the official announcement
of the first cluster of unknown pneumonia in Wuhan on
December 31, 2019 [1], relevant information had been spread
in the public through interpersonal communication, social media,
or other channels. The first government post was delivered on
December 31, 2019, 2 days after the first individual post,
indicating that, although the Chinese government’s outbreak
communication has been more timely and transparent compared
with their response to the 2003 SARS outbreak [48], more
efforts are required to improve early outbreak communication
when uncertainty usually challenges communication. Early
posts should be treated as alarms and responded to in a timely
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manner rather than being silenced, which could receive harsh
criticism and worsen the epidemic control [49].

Our study evidences the use of social media among the Chinese
government agencies in the communications about COVID-19
at the early epidemic stage, but the communication remained
limited. The engagement analysis indicates that the public
generally had low engagement with government agency posts,
even those from the most active government agencies. In China,
the NHC is expected to play a leading role in risk
communication during an epidemic, while provincial and
municipal health commissions are expected to report duties and
provide epidemic information of their own provinces and cities,
respectively, to the NHC. However, although the NHC and
provincial health commissions have attracted a large number
of followers on social media during the epidemic, compared
with municipal health commissions, messages from these
high-level health authorities were more disengaged by the
general public. The generally low values of the engagement
metrics popularity (likes per post per 1000 followers),
commitments (comments per post per 1000 followers), and
virality (shares per post per 1000 followers) may indicate low
levels of interest, use, emotional arousal, or even credibility of
the government information among the online audiences [50,51].
This may partly reflect a population inertia effect, where it takes
a certain amount of time, or threat, before there is a noticeable
change in the bulk practices of a population. The duration of
such a period of inertia would be valuable to know.

The content analysis suggests that the Chinese government
agencies mainly used social media to “inform” the public about
updates of the epidemic situation; knowledge of the coronavirus
pneumonia; policies, guidelines, and government actions; and
prevention tips, all being the key risk messages included in the
official websites of health authorities for communicating about
an epidemic [40]. This suggests that government agencies
mainly adopt a top-down approach in risk communication and
use the social media for one-way communication. The temporal
changes of content patterns of personal posts indicate that the
public have less interest in situation updates, general knowledge,
policies, and guidelines as the epidemic evolves. However, the
public may feel more empathic with the affected people and
angry about other individuals or the government who put people
at risk, as an increasing number of people are affected by the
disease and the control measures. The government seemed to
continue frequently sharing situation updates; policies,
guidelines, and official actions; and prevention tips despite a
decline in public interest. However, we also observed a
significant increase in the frequency of instrumental and
emotional support in government posts as the epidemic evolved.
This provides in-depth understanding about why sentiment
analysis indicates a decline in negative sentiment but increases
in positive sentiment as the epidemic unfolded [35]. The
inconsistent temporal changes in content patterns between
personal and government posts and insufficient emotional
support of government posts indicates an overall inadequate
government responsiveness to public concerns. Reassuring the
public about the epidemic risk was one of the main emotional
contents identified from the government posts and was
particularly apparent in the first 2 weeks; even Weibo data

indicated a generally low risk awareness and concern among
the general public. This is consistent with the public response
to the 2009 influenza A/H1N1 pandemic shown by Twitter data
[37]. Our study indicates that this may be because the
government overreassured the public at the early epidemic stage,
which is against Sandman and Lanard’s [52] guidelines that
risk communication should lean toward the alarming side
particularly when the situation is uncertain. However,
reassurance should be provided as more people are infected to
deal with excessive or prolonged fear. The increasing use of
blame in personal posts as more people were infected coincides
with Douglas’ [53] idea that contemporary risk is highly
politicized. As more people are affected, “whose fault?”
becomes a primary question to seek the accountability of certain
persons or organizations and make sense of the epidemic [27].
Our study found that the public blamed not only individuals
who put others at greater risk during the epidemic but also
government, particularly local government figures for their
perceived failures in risk communication and control measures.
This also aligns with Beck’s works on global risk society, in
which authorities are increasingly questioned and blamed for
failing to protect individuals [54]. Current data reveals seldom
use of conspiracy theories in the attribution of blame and blame
as a way to spread rumors [55]. In contrast, the government
agencies tend to praise people who had made contributions to
the control of the epidemic. This is viewed as a blame-avoidance
strategy, called heroization [55], to direct public outrage to the
appreciation of another group of people. Working with heroes
in outbreak communication may be critical to improving
communication effectiveness.

Limitations
First, individual posts were sampled by randomly choosing
equal numbers of posts per calendar day for content analysis
rather than using the common probability-based random
sampling, which would generate a large sample size due to the
vast amount of social media data. However, there is currently
no consensus about how to best sample social media data, and
our sampling strategy was able to draw a random manageable
sample using manual coding. Second, only posts of government
agencies that were more actively engaged with the public in
online communication about COVID-19 were included for
content analysis. This means that the sample of government
posts for content analysis may not be representative of all
government posts. However, this sample was considered to have
greater impact on online audience’s knowledge, perceptions,
attitudes, and behaviors due to greater audience interest and
attention to their messages. Third, our study did not evaluate
the responses to and concerns over COVID-19 among
nonnetizens, particularly those living in rural areas and older
people in China [24], and the Chinese government’s
communications about COVID-19 through other channels. In
addition, our data only covered the first 5 weeks after unknown
pneumonia cases in Wuhan were first officially announced,
which is a relatively short but critical period for outbreak
communication. Furthermore, due to the problem of censorship
on Weibo data in China, our data based on keyword extraction
may lose a considerate part of Weibo data, particularly those
posted before the official announcement of the outbreak in
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Wuhan. This means that our data may not be able to accurately
assess the delay of government responsiveness to the threat
online.

Implications
The governments can closely monitor the social media
discussions to identify public concerns to further improve
government responsiveness in outbreak communication. To
improve government responsiveness and public engagement,
first, persons who have received training in risk communication
can be designated for monitoring public concerns online,
delivering timely messages, communicating about the
uncertainty, and making efforts to address public concerns
online. Second, the municipal health commission can
communicate more locally relevant information to attract local
followers’ interest and motivate their information sharing. Third,
the provincial and national health commissions can organize
direct dialogues with online audiences on social media (eg,
Weibo Chats) with trustworthy health care workers to capture
audience’s attentions and interests, and facilitate the rapid spread
of fact-related messages [39]. Although the main role of the

NHC in risk communication may be to disseminate facts,
increasing messages showing empathy and care to affected
people as the epidemic evolves is believed to be essential for
maintaining credibility and trust in the public during a crisis
[14].

Conclusion
The public seemed to respond earlier to the outbreak of
COVID-19 online than government agencies. TThe Chinese
government agencies’ use of social media for outbreak
communications remained limited to providing knowledge and
information to the public. As the epidemic evolved, the public
had declining interest in fact-related messages but became more
empathic with the affected people and tended to attribute blame
to other individuals or the government. The tendency of
increasingly attributing blame to other individuals or the
government may push the Chinese government to seek
accountability and refine the compensation system for affected
people. As more people are affected, the government may adopt
a more empathic communication style to address public
emotional response.

Conflicts of Interest
None declared.

Multimedia Appendix 1
Descriptions of thematic categories of post contents.
[DOCX File , 16 KB-Multimedia Appendix 1]

Multimedia Appendix 2
Comparing model fit indices of latent class analysis models with different numbers of latent class by personal accounts and
government agency accounts.
[DOCX File , 15 KB-Multimedia Appendix 2]

Multimedia Appendix 3
Item-response probabilities of each content pattern of the five-class model by personal accounts and government agency accounts.
[PNG File , 199 KB-Multimedia Appendix 3]

References

1. Hong Kong Centre for Health Protection. 2019 Dec 31. CHP closely monitors cluster of pneumonia cases on Mainland
URL: https://www.info.gov.hk/gia/general/201912/31/P2019123100667.htm

2. World Health Organization. 2020 Jan 09. WHO Statement regarding cluster of pneumonia cases in Wuhan, China URL:
https://www.who.int/china/news/detail/09-01-2020-who-statement-regarding-cluster-of-pneumonia-cases-in-wuhan-china

3. World Health Organization. 2020 Feb 11. WHO Director-General's remarks at the media briefing on 2019-nCoV on 11
February 2020 URL: https://www.who.int/dg/speeches/detail/
who-director-general-s-remarks-at-the-media-briefing-on-2019-ncov-on-11-february-2020

4. Huang C, Wang Y, Li X, Ren L, Zhao J, Hu Y, et al. Clinical features of patients infected with 2019 novel coronavirus in
Wuhan, China. Lancet 2020 Feb 15;395(10223):497-506. [doi: 10.1016/S0140-6736(20)30183-5] [Medline: 31986264]

5. Chan JF, Yuan S, Kok K, To KK, Chu H, Yang J, et al. A familial cluster of pneumonia associated with the 2019 novel
coronavirus indicating person-to-person transmission: a study of a family cluster. Lancet 2020 Feb 15;395(10223):514-523.
[doi: 10.1016/S0140-6736(20)30154-9] [Medline: 31986261]

6. Wu P, Hao X, Lau EHY, Wong JY, Leung KSM, Wu JT, et al. Real-time tentative assessment of the epidemiological
characteristics of novel coronavirus infections in Wuhan, China, as at 22 January 2020. Euro Surveill 2020 Jan;25(3):e.
[doi: 10.2807/1560-7917.ES.2020.25.3.2000044] [Medline: 31992388]

J Med Internet Res 2020 | vol. 22 | iss. 5 | e18796 | p. 10http://www.jmir.org/2020/5/e18796/
(page number not for citation purposes)

Liao et alJOURNAL OF MEDICAL INTERNET RESEARCH

XSL•FO
RenderX

https://jmir.org/api/download?alt_name=jmir_v22i5e18796_app1.docx&filename=cd1b0ce51bdf585a17cd638341547ba0.docx
https://jmir.org/api/download?alt_name=jmir_v22i5e18796_app1.docx&filename=cd1b0ce51bdf585a17cd638341547ba0.docx
https://jmir.org/api/download?alt_name=jmir_v22i5e18796_app2.docx&filename=9ec0bf6ca1ec58ca83e551bb6bf6b0a9.docx
https://jmir.org/api/download?alt_name=jmir_v22i5e18796_app2.docx&filename=9ec0bf6ca1ec58ca83e551bb6bf6b0a9.docx
https://jmir.org/api/download?alt_name=jmir_v22i5e18796_app3.png&filename=574bd2dbbbe3f7500d0c7354f326ea3d.png
https://jmir.org/api/download?alt_name=jmir_v22i5e18796_app3.png&filename=574bd2dbbbe3f7500d0c7354f326ea3d.png
https://www.info.gov.hk/gia/general/201912/31/P2019123100667.htm
https://www.who.int/china/news/detail/09-01-2020-who-statement-regarding-cluster-of-pneumonia-cases-in-wuhan-china
https://www.who.int/dg/speeches/detail/who-director-general-s-remarks-at-the-media-briefing-on-2019-ncov-on-11-february-2020
https://www.who.int/dg/speeches/detail/who-director-general-s-remarks-at-the-media-briefing-on-2019-ncov-on-11-february-2020
http://dx.doi.org/10.1016/S0140-6736(20)30183-5
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31986264&dopt=Abstract
http://dx.doi.org/10.1016/S0140-6736(20)30154-9
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31986261&dopt=Abstract
http://dx.doi.org/10.2807/1560-7917.ES.2020.25.3.2000044
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31992388&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/


7. Li Q, Guan X, Wu P, Wang X, Zhou L, Tong Y, et al. Early transmission dynamics in Wuhan, China, of novel
coronavirus-infected pneumonia. N Engl J Med 2020 Mar 26;382(13):1199-1207 [FREE Full text] [doi:
10.1056/NEJMoa2001316] [Medline: 31995857]

8. World Health Organization. 2020 May 13. Coronavirus disease (COVID-19) situation report – 114 URL: https://www.
who.int/docs/default-source/coronaviruse/situation-reports/20200513-covid-19-sitrep-114.pdf?sfvrsn=17ebbbe_4 [accessed
2020-05-14]

9. Brooks SK, Dunn R, Amlôt R, Rubin GJ, Greenberg N. A systematic, thematic review of social and occupational factors
associated with psychological outcomes in healthcare employees during an infectious disease outbreak. J Occup Environ
Med 2018 Mar;60(3):248-257. [doi: 10.1097/JOM.0000000000001235] [Medline: 29252922]

10. Qiu J, Shen B, Zhao M, Wang Z, Xie B, Xu Y. A nationwide survey of psychological distress among Chinese people in
the COVID-19 epidemic: implications and policy recommendations. Gen Psychiatr 2020;33(2):e100213 [FREE Full text]
[doi: 10.1136/gpsych-2020-100213] [Medline: 32215365]

11. Liao JQ, Fielding R. Uncertain news: trust and preventive practices in respiratory infectious diseases. Eur Psychol 2014
Jan 01;19(1):4-12. [doi: 10.1027/1016-9040/a000168]

12. Depoux A, Martin S, Karafillakis E, Preet R, Wilder-Smith A, Larson H. The pandemic of social media panic travels faster
than the COVID-19 outbreak. J Travel Med 2020 May 18;27(3):e [FREE Full text] [doi: 10.1093/jtm/taaa031] [Medline:
32125413]

13. Gentili D, Bardin A, Ros E, Piovesan C, Ramigni M, Dalmanzio M, et al. Impact of communication measures implemented
during a school tuberculosis outbreak on risk perception among parents and school staff, Italy, 2019. Int J Environ Res
Public Health 2020 Feb 01;17(3):e. [doi: 10.3390/ijerph17030911] [Medline: 32024183]

14. Reynolds B, Quinn Crouse S. Effective communication during an influenza pandemic: the value of using a crisis and
emergency risk communication framework. Health Promot Pract 2008 Oct;9(4 Suppl):e. [doi: 10.1177/1524839908325267]
[Medline: 18936255]

15. World Health Organization. 2005. WHO outbreak communication guidelines URL: https://apps.who.int/iris/bitstream/
handle/10665/69369/WHO_CDS_2005_28_eng.pdf;jsessionid=3AB162F82325480AB56AE943A01F8E49?sequence=1
[accessed 2020-03-11]

16. Dickmann P, Abraham T, Sarkar S, Wysocki P, Cecconi S, Apfel F, et al. Risk communication as a core public health
competence in infectious disease management: development of the ECDC training curriculum and programme. Euro Surveill
2016;21(14):e. [doi: 10.2807/1560-7917.ES.2016.21.14.30188] [Medline: 27103616]

17. Figueroa ME. A theory-based socioecological model of communication and behavior for the containment of the Ebola
epidemic in liberia. J Health Commun 2017;22(sup1):5-9. [doi: 10.1080/10810730.2016.1231725] [Medline: 28854136]

18. Walker BF, Adukwu EC. The 2013-2016 Ebola epidemic: evaluating communication strategies between two affected
countries in West Africa. Eur J Public Health 2020 Feb 01;30(1):118-124. [doi: 10.1093/eurpub/ckz104] [Medline: 31177274]

19. Lohiniva A, Sane J, Sibenberg K, Puumalainen T, Salminen M. Understanding coronavirus disease (COVID-19) risk
perceptions among the public to enhance risk communication efforts: a practical approach for outbreaks, Finland, February
2020. Euro Surveill 2020 Apr;25(13):e. [doi: 10.2807/1560-7917.ES.2020.25.13.2000317] [Medline: 32265008]

20. Zhang X, Wen D, Liang J, Lei J. How the public uses social media wechat to obtain health information in china: a survey
study. BMC Med Inform Decis Mak 2017 Jul 05;17(Suppl 2):66. [doi: 10.1186/s12911-017-0470-0] [Medline: 28699549]

21. Mackert M, Mabry-Flynn A, Champlin S, Donovan EE, Pounders K. Health literacy and health information technology
adoption: the potential for a new digital divide. J Med Internet Res 2016 Oct 04;18(10):e264. [doi: 10.2196/jmir.6349]
[Medline: 27702738]

22. Song H, Omori K, Kim J, Tenzek KE, Morey Hawkins J, Lin W, et al. Trusting social media as a source of health information:
online surveys comparing the United States, Korea, and Hong Kong. J Med Internet Res 2016 Mar 14;18(3):e25. [doi:
10.2196/jmir.4193] [Medline: 26976273]

23. Beck F, Richard J, Nguyen-Thanh V, Montagni I, Parizot I, Renahy E. Use of the internet as a health information resource
among French young adults: results from a nationally representative survey. J Med Internet Res 2014 May 13;16(5):e128.
[doi: 10.2196/jmir.2934] [Medline: 24824164]

24. China Internet Network Information Center. 2019 Aug. Statistical report on internet development in China URL: https:/
/cnnic.com.cn/IDR/ReportDownloads/201911/P020191112539794960687.pdf [accessed 2020-02-14]

25. Liu X, Lu J, Wang H. When health information meets social media: exploring virality on Sina Weibo. Health Commun
2017 Oct;32(10):1252-1260. [doi: 10.1080/10410236.2016.1217454] [Medline: 27668831]

26. Liao C, You S, Cheng Y. Network information analysis reveals risk perception transmission in a behaviour-influenza
dynamics system. Epidemiol Infect 2015 Jan;143(1):23-36. [doi: 10.1017/S0950268814000430] [Medline: 24650779]

27. Roy M, Moreau N, Rousseau C, Mercier A, Wilson A, Atlani-Duault L. Ebola and localized blame on social media: analysis
of Twitter and Facebook conversations during the 2014-2015 Ebola epidemic. Cult Med Psychiatry 2020 Mar;44(1):56-79
[FREE Full text] [doi: 10.1007/s11013-019-09635-8] [Medline: 31214902]

28. D Agostino M, Mejía F, Brooks I, Marti M, Novillo-Ortiz D, de Cosio G. Fear on the networks: analyzing the 2014 Ebola
outbreak. Rev Panam Salud Publica 2017;41:e134 [FREE Full text] [doi: 10.26633/RPSP.2017.134] [Medline: 31384264]

J Med Internet Res 2020 | vol. 22 | iss. 5 | e18796 | p. 11http://www.jmir.org/2020/5/e18796/
(page number not for citation purposes)

Liao et alJOURNAL OF MEDICAL INTERNET RESEARCH

XSL•FO
RenderX

http://europepmc.org/abstract/MED/31995857
http://dx.doi.org/10.1056/NEJMoa2001316
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31995857&dopt=Abstract
https://www.who.int/docs/default-source/coronaviruse/situation-reports/20200513-covid-19-sitrep-114.pdf?sfvrsn=17ebbbe_4
https://www.who.int/docs/default-source/coronaviruse/situation-reports/20200513-covid-19-sitrep-114.pdf?sfvrsn=17ebbbe_4
http://dx.doi.org/10.1097/JOM.0000000000001235
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29252922&dopt=Abstract
http://europepmc.org/abstract/MED/32215365
http://dx.doi.org/10.1136/gpsych-2020-100213
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32215365&dopt=Abstract
http://dx.doi.org/10.1027/1016-9040/a000168
http://europepmc.org/abstract/MED/32125413
http://dx.doi.org/10.1093/jtm/taaa031
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32125413&dopt=Abstract
http://dx.doi.org/10.3390/ijerph17030911
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32024183&dopt=Abstract
http://dx.doi.org/10.1177/1524839908325267
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=18936255&dopt=Abstract
https://apps.who.int/iris/bitstream/handle/10665/69369/WHO_CDS_2005_28_eng.pdf;jsessionid=3AB162F82325480AB56AE943A01F8E49?sequence=1
https://apps.who.int/iris/bitstream/handle/10665/69369/WHO_CDS_2005_28_eng.pdf;jsessionid=3AB162F82325480AB56AE943A01F8E49?sequence=1
http://dx.doi.org/10.2807/1560-7917.ES.2016.21.14.30188
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27103616&dopt=Abstract
http://dx.doi.org/10.1080/10810730.2016.1231725
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28854136&dopt=Abstract
http://dx.doi.org/10.1093/eurpub/ckz104
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31177274&dopt=Abstract
http://dx.doi.org/10.2807/1560-7917.ES.2020.25.13.2000317
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32265008&dopt=Abstract
http://dx.doi.org/10.1186/s12911-017-0470-0
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28699549&dopt=Abstract
http://dx.doi.org/10.2196/jmir.6349
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27702738&dopt=Abstract
http://dx.doi.org/10.2196/jmir.4193
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26976273&dopt=Abstract
http://dx.doi.org/10.2196/jmir.2934
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=24824164&dopt=Abstract
https://cnnic.com.cn/IDR/ReportDownloads/201911/P020191112539794960687.pdf
https://cnnic.com.cn/IDR/ReportDownloads/201911/P020191112539794960687.pdf
http://dx.doi.org/10.1080/10410236.2016.1217454
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27668831&dopt=Abstract
http://dx.doi.org/10.1017/S0950268814000430
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=24650779&dopt=Abstract
http://europepmc.org/abstract/MED/31214902
http://dx.doi.org/10.1007/s11013-019-09635-8
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31214902&dopt=Abstract
http://europepmc.org/abstract/MED/31384264
http://dx.doi.org/10.26633/RPSP.2017.134
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31384264&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/


29. Larson HJ. Blocking information on COVID-19 can fuel the spread of misinformation. Nature 2020 Apr;580(7803):306.
[doi: 10.1038/d41586-020-00920-w] [Medline: 32231320]

30. Budhwani H, Sun R. Creating COVID-19 stigma by referencing the novel coronavirus as the "Chinese virus" on Twitter:
quantitative analysis of social media data. J Med Internet Res 2020 May 06;22(5):e19301. [doi: 10.2196/19301] [Medline:
32343669]

31. Liao Q, Wu P, Wing Tak Lam W, Cowling BJ, Fielding R. Trajectories of public psycho-behavioural responses relating
to influenza A(H7N9) over the winter of 2014-15 in Hong Kong. Psychol Health 2019 Feb;34(2):162-180. [doi:
10.1080/08870446.2018.1515436] [Medline: 30430862]

32. Xinhuanet. 2019 Aug 20. Weibo reports robust Q2 user growth URL: http://www.xinhuanet.com/english/2019-08/20/
c_138323288.htm [accessed 2020-03-05]

33. Eysenbach G. Infodemiology and infoveillance: framework for an emerging set of public health informatics methods to
analyze search, communication and publication behavior on the Internet. J Med Internet Res 2009 Mar 27;11(1):e11. [doi:
10.2196/jmir.1157] [Medline: 19329408]

34. Fung IC, Fu K, Chan C, Chan BSB, Cheung C, Abraham T, et al. Social media's initial reaction to information and
misinformation on Ebola, August 2014: facts and rumors. Public Health Rep 2016;131(3):461-473 [FREE Full text] [doi:
10.1177/003335491613100312] [Medline: 27252566]

35. Zhao Y, Cheng S, Yu X, Xu H. Chinese public's attention to the COVID-19 epidemic on social media: observational
descriptive study. J Med Internet Res 2020 May 04;22(5):e18825. [doi: 10.2196/18825] [Medline: 32314976]

36. Odlum M, Yoon S. What can we learn about the Ebola outbreak from tweets? Am J Infect Control 2015 Jun;43(6):563-571
[FREE Full text] [doi: 10.1016/j.ajic.2015.02.023] [Medline: 26042846]

37. Chew C, Eysenbach G. Pandemics in the age of Twitter: content analysis of Tweets during the 2009 H1N1 outbreak. PLoS
One 2010 Nov 29;5(11):e14118. [doi: 10.1371/journal.pone.0014118] [Medline: 21124761]

38. Li J, Xu Q, Cuomo R, Purushothaman V, Mackey T. Data mining and content analysis of the Chinese social media platform
Weibo during the early COVID-19 outbreak: retrospective observational infoveillance study. JMIR Public Health Surveill
2020 Apr 21;6(2):e18700. [doi: 10.2196/18700] [Medline: 32293582]

39. Dalrymple KE, Young R, Tully M. “Facts, not fear”: negotiating uncertainty on social media during the 2014 Ebola crisis.
Sci Commun 2016 Jun 22;38(4):442-467. [doi: 10.1177/1075547016655546]

40. Ding H, Zhang J. Social media and participatory risk communication during the H1N1 flu epidemic: a comparative study
of the United States and China. China Media Res 2010:a.

41. Lazard AJ, Scheinfeld E, Bernhardt JM, Wilcox GB, Suran M. Detecting themes of public concern: a text mining analysis
of the Centers for Disease Control and Prevention's Ebola live Twitter chat. Am J Infect Control 2015 Oct
01;43(10):1109-1111. [doi: 10.1016/j.ajic.2015.05.025] [Medline: 26138998]

42. Hamad EO, Savundranayagam MY, Holmes JD, Kinsella EA, Johnson AM. Toward a mixed-methods research approach
to content analysis in the digital age: the combined content-analysis model and its applications to health care Twitter feeds.
J Med Internet Res 2016 Mar 08;18(3):e60. [doi: 10.2196/jmir.5391] [Medline: 26957477]

43. Zhou Z, Zhang H, Xie J. Data crawler for Sina Weibo based on Python. J Computer Applications 2014;11:3131-3134.
44. Haro-de-Rosario A, Sáez-Martín A, del Carmen Caba-Pérez M. Using social media to enhance citizen engagement with

local government: Twitter or Facebook? N Media Soc 2016 May 09;20(1):29-49. [doi: 10.1177/1461444816645652]
45. Bonsón E, Royo S, Ratkai M. Facebook practices in Western European Municipalities. Adm Soc 2016 Jul 27;49(3):320-347.

[doi: 10.1177/0095399714544945]
46. Kim H, Jang SM, Kim S, Wan A. Evaluating sampling methods for content analysis of Twitter data. Soc Media Soc 2018

May 02;4(2):205630511877283. [doi: 10.1177/2056305118772836]
47. Collins LM, Lanza ST. Latent Class and Latent Transition Analysis: With Applications in the Social, Behavioral, and

Health Sciences. Hoboken, NJ: Wiley; 2010.
48. Li R, Xie R, Yang C, Frost M. Perceptions on the risk communication strategy during the 2013 avian influenza A/H7N9

outbreak in humans in China: a focus group study. Western Pac Surveill Response J 2016;7(3):21-28 [FREE Full text] [doi:
10.5365/WPSAR.2016.7.1.005] [Medline: 27757257]

49. The Lancet. COVID-19: fighting panic with information. Lancet 2020 Feb;395(10224):537. [doi:
10.1016/s0140-6736(20)30379-2]

50. Kim C, Yang S. Like, comment, and share on Facebook: how each behavior differs from the other. Public Relations Rev
2017 Jun 10;43(2):441-449. [doi: 10.1016/j.pubrev.2017.02.006]

51. Obamiro K, West S, Lee S. Like, comment, tag, share: Facebook interactions in health research. Int J Med Inform 2020
May;137:104097. [doi: 10.1016/j.ijmedinf.2020.104097] [Medline: 32092667]

52. Sandman PM, Lanard J. The Peter M. Sandman Risk Communication Website. 2004. Crisis communication I: how bad is
it? How sure are you? URL: http://www.psandman.com/handouts/sand12a.pdf [accessed 2020-03-12]

53. Douglas M. Risk and Blame: Essays in Cultural Theory. London: Routledge; 1992.
54. Sørensen MP. Ulrich Beck: exploring and contesting risk. J Risk Res 2017 Aug;21(1):6-16. [doi:

10.1080/13669877.2017.1359204]

J Med Internet Res 2020 | vol. 22 | iss. 5 | e18796 | p. 12http://www.jmir.org/2020/5/e18796/
(page number not for citation purposes)

Liao et alJOURNAL OF MEDICAL INTERNET RESEARCH

XSL•FO
RenderX

http://dx.doi.org/10.1038/d41586-020-00920-w
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32231320&dopt=Abstract
http://dx.doi.org/10.2196/19301
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32343669&dopt=Abstract
http://dx.doi.org/10.1080/08870446.2018.1515436
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30430862&dopt=Abstract
http://www.xinhuanet.com/english/2019-08/20/c_138323288.htm
http://www.xinhuanet.com/english/2019-08/20/c_138323288.htm
http://dx.doi.org/10.2196/jmir.1157
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=19329408&dopt=Abstract
http://europepmc.org/abstract/MED/27252566
http://dx.doi.org/10.1177/003335491613100312
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27252566&dopt=Abstract
http://dx.doi.org/10.2196/18825
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32314976&dopt=Abstract
http://europepmc.org/abstract/MED/26042846
http://dx.doi.org/10.1016/j.ajic.2015.02.023
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26042846&dopt=Abstract
http://dx.doi.org/10.1371/journal.pone.0014118
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=21124761&dopt=Abstract
http://dx.doi.org/10.2196/18700
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32293582&dopt=Abstract
http://dx.doi.org/10.1177/1075547016655546
http://dx.doi.org/10.1016/j.ajic.2015.05.025
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26138998&dopt=Abstract
http://dx.doi.org/10.2196/jmir.5391
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26957477&dopt=Abstract
http://dx.doi.org/10.1177/1461444816645652
http://dx.doi.org/10.1177/0095399714544945
http://dx.doi.org/10.1177/2056305118772836
http://europepmc.org/abstract/MED/27757257
http://dx.doi.org/10.5365/WPSAR.2016.7.1.005
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27757257&dopt=Abstract
http://dx.doi.org/10.1016/s0140-6736(20)30379-2
http://dx.doi.org/10.1016/j.pubrev.2017.02.006
http://dx.doi.org/10.1016/j.ijmedinf.2020.104097
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32092667&dopt=Abstract
http://www.psandman.com/handouts/sand12a.pdf
http://dx.doi.org/10.1080/13669877.2017.1359204
http://www.w3.org/Style/XSL
http://www.renderx.com/


55. Atlani-Duault L, Ward JK, Roy M, Morin C, Wilson A. Tracking online heroisation and blame in epidemics. Lancet Public
Health 2020 Mar;5(3):e137-e138. [doi: 10.1016/S2468-2667(20)30033-5] [Medline: 32085818]

Abbreviations
aBIC: adjusted Bayesian information criterion
AIC: Akaike information criterion
BIC: Bayesian information criterion
COVID-19: coronavirus disease
LCA: latent class analysis
MHC: Municipal Health Commission
NHC: National Health Commission
SARS: severe acute respiratory syndrome
SARS-CoV-2: severe acute respiratory syndrome coronavirus 2

Edited by G Eysenbach; submitted 19.03.20; peer-reviewed by PJ Schulz, J Zeng; comments to author 05.04.20; revised version
received 11.04.20; accepted 14.05.20; published 26.05.20

Please cite as:
Liao Q, Yuan J, Dong M, Yang L, Fielding R, Lam WWT
Public Engagement and Government Responsiveness in the Communications About COVID-19 During the Early Epidemic Stage in
China: Infodemiology Study on Social Media Data
J Med Internet Res 2020;22(5):e18796
URL: http://www.jmir.org/2020/5/e18796/
doi: 10.2196/18796
PMID: 32412414

©Qiuyan Liao, Jiehu Yuan, Meihong Dong, Lin Yang, Richard Fielding, Wendy Wing Tak Lam. Originally published in the
Journal of Medical Internet Research (http://www.jmir.org), 26.05.2020. This is an open-access article distributed under the terms
of the Creative Commons Attribution License (https://creativecommons.org/licenses/by/4.0/), which permits unrestricted use,
distribution, and reproduction in any medium, provided the original work, first published in the Journal of Medical Internet
Research, is properly cited. The complete bibliographic information, a link to the original publication on http://www.jmir.org/,
as well as this copyright and license information must be included.

J Med Internet Res 2020 | vol. 22 | iss. 5 | e18796 | p. 13http://www.jmir.org/2020/5/e18796/
(page number not for citation purposes)

Liao et alJOURNAL OF MEDICAL INTERNET RESEARCH

XSL•FO
RenderX

http://dx.doi.org/10.1016/S2468-2667(20)30033-5
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32085818&dopt=Abstract
http://www.jmir.org/2020/5/e18796/
http://dx.doi.org/10.2196/18796
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32412414&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/

