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Abstract

Background: Misinformation about COVID-19 on socia media has presented challenges to public health authorities during
the pandemic. This paper leverages qualitative and quantitative content analysis on cross-platform, cross-national discourse and
misinformation in the context of COVID-19. Specifically, we investigated COVID-19-related content on Twitter and Sina
Weibo—the largest microblogging sitesin the United States and China, respectively.

Objective: Using data from 2 prominent microblogging platform, Twitter, based in the United States, and Sina Weibo, based
in China, we compared the content and relative prevalence of misinformation to better understand public discourse of public
health issues across socia media and cultural contexts.

Methods: A total of 3,579,575 posts were scraped from both Sina Weibo and Twitter, focusing on content from January 30,
2020, within 24 hours of when WHO declared COVID-19 a “public health emergency of international concern,” and a week
later, on February 6, 2020. We examined how the use and engagement measured by keyword frequencies and hashtags differ
across the 2 platforms. A 1% random sample of tweets that contained both the English keywords “coronavirus’ and “ covid-19”
and the equivalent Chinese characters was extracted and analyzed based on changes in the frequencies of keywords and hashtags
and the Viterbi algorithm. We manually coded a random selection of 5%-7% of the content to identify misinformation on each
platform and compared posts using the WHO fact-check page to adjudicate accuracy of content.

Results. Both platforms posted about the outbreak and transmission, but posts on SinaWeibo were lesslikely to reference topics
such as WHO, Hong Kong, and death and more likely to cite themes of resisting, fighting, and cheering against coronavirus.
Misinformation constituted 1.1% of Twitter content and 0.3% of Sina\Weibo content—almost 4 times as much on Twitter compared
to Sina Weibo.

Conclusions: Quantitative and qualitative analysis of content on both platforms points to lower degrees of misinformation,
more content designed to bolster morale, and | ess reference to topics such as WHO, death, and Hong Kong on Sina Weibo than
on Twitter.

(IMIR Infodemiology 2022;2(1):e31793) doi: 10.2196/31793
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Introduction

Asthe COVID-19 pandemic began to emergein the early weeks
of January 2020, information about the mechanism, location,
and speed of transmission, as well as the array of government
actionsto stop the spread of the virus, was limited. Individuals
worldwide turned to social mediafor information, spending an
average of 82 minutes per day on social media compared to 75
minutes ayear earlier. Twitter, as 1 observer put it, “especially
shone asareal-timenews source” of breaking newsand analysis
about the virus [1]. In the United States, in the first quarter of
2020, Twitter's daily user figures were 24% higher than for the
same period a year earlier [2]. In China, individuals turned to
their equivalent of Twitter, Sina Weibo (referred to here as
Weibo), to learn about the virus and exchange concerns.

Although therole of social media, such as Twitter, has received
considerable scrutiny in political contexts, such as conflict,
revolts, and elections [3], it had, until recently, been less
scrutinized in apublic health context [4]. Twitter emerged as a
platform for discussion about the Ebola virusin 2014 [5], with
studies showing that many tweets were inaccurate and wildly
specul ative compared to those that were scientifically accurate.
Individuals also took to Twitter activity in 2015 and 2016 to
discussvirustransmission, treatment, and symptoms, providing
ameasure of public health surveillanceto track and predict the
Zika virus but aso amplifying rumors and misinformation,
defined as incorrect information that is not intentionally false
[6] about the virus [7]. The proliferation of misinformation,
even when harmless, can result in serious social and lethal health
consequences in the context of pandemics [8]. As the number
of Twitter users has grown in the intervening years since Ebola
and Zika, so has the centrality of Twitter in the context of the
recent pandemic to the extent that COV1D-19 has been referred
to asthe " Twitter Pandemic” because of itsrolein distributing
medical information and misinformation [9]. For example, a
March 12, 2020, tweet falsely claimed that Costco had recalled
toilet paper it thought was contaminated with COVID-19,
including old video repurposed to support the false claim [10].

Weibo has occupied an analogous space as Twitter in the
Chinese context [ 11]. The Chinese microblogging platform was
launched by Sina Corporation in August 2009, after Twitter
was blocked in China earlier that year due to anniversary
protests at Tiananmen Square [12]. As King et al [13] note,
individual sin Chinahave accessto anumber of different social
media platforms, but Weibo is a widely used microblogging
platform, with over 430 million monthly active users, a large
proportion of China's population [14], compared to Twitter's
326 million users a month. The platform has been criticized in
Western media outlets for limiting free speech [15]. King et a
[16] find a tendency on Chinese social media platforms not
necessarily to censor criticism of the government altogether but
moreto avoid controversial issuesthat might have an unsettling
impact on social order and to steer toward more benign topics
lesslikely to stir the public. Alternatively, and in the particular
context of COVID-19 content, Lu et al [17] suggest that China
permitted criticism of the regime but that those criticisms were
matched by statements of support for the progress and positive
outcomes associated with the epidemic. Indeed, criticisms
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“targeted at the government for perceived lack of action,
incompetence, and wrongdoing” [17] were complemented
almost exactly proportionately with bursts of support for the
regime. Thus, previous research suggests the possibility that
there will be a relative dearth of subjects on Weibo that might
rouse the public, favoring instead either anodyne content or a
complementarity intending to balance criticisms with support.

Further, research has provided evidence in other public health
contexts about the comparatively higher amounts of
misinformation on Twitter compared to Weibo. In a study of
misinformation surrounding the Ebola epidemic in 2014-2015
comparing Weibo and Twitter, Fung et a [18] found that the
amount of misinformation is low for each platform and does
not exhibit meaningful differences across platforms. Relatedly,
the authorsfound that most content focuses on outbreak-related
news, Ebola health communi cation, and responses on both social
media platforms. Weibo did, however, emphasize favorable
Chinese  government  behavior—sending  relief  to
Guinea—compared to Twitter. Although a useful comparative
study for Ebola, the previous study is unlikely an appropriate
analogy for the COVID-19 epidemic because of the
coronavirus's origins in China, which implicated the Chinese
government, thereby creating the type of setting where China
might have moreincentivesto shape aparticul ar narrative awvay
from controversial issues[19].

More recently, Rodriguez et a [19] compared COVID-19
misinformation on Weibo and Twitter, although subsetted to a
small fraction of total posts by using a keyword search of
“coronavirus,” which yielded fewer than 2000 socia media
posts during their period of study. In addition, the authors
extracted an equal number of tweets and Weibo posts, which
does not account for the differing sample sizes of users across
the 2 platforms. Further, they limited the analysisto just 2 days
in February 2020, specifically February 6 and 7, when Dr Li
Wenliang, who raised the alarm about coronavirus in China,
passed away. The authors did, however, find more
misinformation on Twitter than on Weibo. In the following
section, we describe our method for studying COVID-19 content
across the 2 platforms by way of understanding both the type
of discourse and also the potential exposure to misinformation
on both Weibo and Twitter. The objective of this study is to
compare COVID-19-related information and the relative
prevalence of misinformation to further understand public
discourse across social media and cultural contexts.

Methods

Study Design

To compare content related to COVID-19 on Twitter and Weibo,
including misinformation, we studied 3,579,575 postsfrom both
Weibo and Twitter—2,344,332 (65.49%) tweets on Twitter and
1,235,243 (34.51%) posts on Weibo—focusing on content from
January 30, 2020, when the World Health Organi zation (WHO)
declared COVID-19 a* public health emergency of international
concern,” and February 6, 2020. We then compared top
keywords, hashtags, and misinformation (guided by WHO's
COVID-19 misinformation website [8]) for both platforms.
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Ethics Statement

We registered an academic research application for Twitter's
Application Programming Interface (APl) in December 2020,
which allowed usto search for specific keywords and key dates
and obtain Twitter users publicly available tweets across 2
different batches of posts. Because the posts were made publicly,
they were exempt from requiring institutional review board
approval. Moreover, our study only included secondary data
analysis of publicly available information and deidentified
persona individuals information. The Twitter APl alows
academic researcherswith specific research objectivesto obtain
precise, complete, and unbiased data, while protecting the
security and privacy of people on Twitter and the devel oper
platform.

Data Collection and Analysis

With respect to Weibo, we used alarge-scale COVID-19 socid
media data set that includes a total of over 40 million Weibo
posts [20]. The data set, Weibo-COV, covers posts from
December 1, 2019, to April 30, 2020, and contains variables
such as location, repost network, post time, and interaction
information. To obtain access to the Weibo-COV corpus, we
submitted a research application that outlined the objectives of
our study to the authors of the data set and received approval.
All posts were in Mandarin and therefore accessible to the
Mandarin speakers on the research team. Three members of the
research team are fluent in reading and speaking Mandarin, 2
of whom are native Mandarin speakers.

Drawing on the approach of Fung et a [21], we compared a1%
random sample of Twitter and Weibo content in the early stages
of the pandemic. A random selection of 1%, given the millions
of total postswe used, yielded more than 35,000 total postsand
isboth likely to be representative of content but al so manageable
from an analysis perspective. The first batch of posts consisted
of a 1% random sample of Tweets and Weibo posts created
within 24 hours of the WHO declaration that the
2019-SARS-CoV-2 outbreak was a “public health emergency
of international concern” (January 30, 2020). The second batch
was a 1% random sample of Tweets and Weibo posts created
1 week after the WHO declaration (February 6, 2020), both
searching English keywords“ coronavirus’ and “ covid-19” and
the Chinesewords“ #i7&,” “ Ml @ KfwE,” and“&1E.” These
2 windows provide insights into how social media users react,
discuss, and interact with content, potentially content that
includes purposefully misleading or inadvertently factually
incorrect information. Furthermore, the 1-week period allowed
us to compare whether there is substantial content moderation
on alternative health information across the 2 platforms.

Due to the complexity of the Chinese text, we then segmented
the text into phrases using the Viterbi algorithm [18]. The
Viterbi algorithm is a dynamic programming algorithm for
identifying the most likely sequence of hidden states, otherwise
known asthe Viterbi path, that resultsin a sequence of observed
events. In this case, the algorithm helped us with segmenting
Chinese words and phrases for readability. We recorded the
contents and time of posting for each microblog post in a
comma-separated file.
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We aso conducted relative risk (RR) analysis, which
emphasized the direction of the relative frequency of keywords
and hashtags across the 2 batches. Items that had an RR of
greater than 1 were considered trending, whereas afading item
wasidentified by anumber lessthan 1. To calculate the RR for
akeyword or hashtag, we used the following equation:

RR; = Pigach o/ Pigaich 1

The numerator denotes the probability of tweets/Weibo posts
with item i in batch 2, whereas the denominator denotes the
probability of tweets’Weibo posts with item i in batch 1.

After computing the RR, wemanually coded arandom selection
of 5%-7% of the social media posts, which comprised theinitial
1% random samples, following Fung et a [18]. We then
assigned a random number between 0 and 100 for the tweets
and posts; if a post was assigned a number of 5 or less, we
selected it for manual coding. The proportion of the random
numbers was different for each data set, so the manually coded
data sets consisted of the following:

- Twitter: batch 1, n=954 (6.1%) of 15,737 tweets; batch 2,
n= 448 (5.8%) of 7726 tweets

- Weibo: batch 1, n=279 (5.7%) of 4914 posts, batch 2, n=441
(5.9%) of 7439 posts

Within each selected sample, we categorized the posts into
English/Chinese posts and non-English/non-Chinese posts and
excluded the latter. Using Fung et al’s [21] classification of
topics, 3 codersread and classified the content. Each coder first
independently reviewed the tweets and Weibo posts and
identified them by various categories. After completing this
step, the research team then recoded the content to examine and
verify whether category decisionsaligned acrossthe tweetsand
posts. Finally, all manual coding efforts were checked by the
lead coder for a wide-ranging review and deconfliction. We
also included a few unique categories that relate to COVID-19
in our classification, similar to Fung et al’s[18] categorization
for Ebola-related content (eg, “News of a Case of Someone
Spreading Rumor of ‘Ebola in Pudong’ Being Detained by
Police” “Assistance to Guinea-Chinese Medical Team
Departure for Guinea’). This decision was made because a
portion of the tweets and Weibo posts did not fit into the original
categories that Fung et a [18] had designed, but we deemed
important, substantial in number, and particular to the
COVID-19 situation (eg, “Cheer on,” “Dali,” “News About Li
Wenliang”). In this manner, we provide a comprehensive,
multifaceted review of Weibo and Twitter content during these
2 pivota dates.

In addition, we determined whether tweets and Weibo posts
contained sources of misinformation through our manually
coding and categorizing of the randomly selected subdata sets.
Specifically, we manually categorized microblog contents under
different themesto identify the information and misinformation,
using the WHO fact-check website to adjudicate accuracy calls
[8]. Importantly, WHO has communicated with more than 50
digital companies and social media platformsto safeguard that
science-based health messages from the organization or other
official sources appear first when individuas search for
information concerning COVID-19. Its Mythbusters page
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includes the refutation of falsehoods, such as assertions that
water or alcohol can protect against COVID-19 or that thevirus
cannot spread in humid climates.

Results

Data Analysis

Our analysis suggested that Twitter has far more posts centered
on the virus, a total of 2,344,322 tweets across the 2 batches,
despite the virus being more concentrated in Chinathan in the

Table 1. Top 20 most frequent words on Weibo and Twitter.

Krepset al

United States at the time, compared to 1,235,243 Weibo posts
across the 2 batches, as illustrated in the number of
coronavirus-related posts retrieved shown in Tables 1 and 2.
AsTable 1 showsin more detail, a number of keywords appear
across both Weibo and Twitter batches: *coronavirus,”
“Wuhan,” and even “Li Wenliang.” Dr Li Wenliang was a
Chinese ophthalmologist known for raising awareness of the
early COVID-19 outbreak in Wuhan. Dr Li Wenliang passed
away on February 7, 2020, 1 week after the WHO announcement
and date of our second batch.

Results? Weibo (N=1,235,243) Twitter (N=2,344,322)

Batch 1 Batch 2 Batch 1 Batch 2
COVID-19 posts/tweets retrieved (raw data), n (%) 491,353 (39.78) 743,890 (60.22) 1,572,928 (67.09) 771,404 (32.91)
Relevant posts/tweets analyzed (1% random sample), /N 4914/491,353 7439/743,890 15,737/1,572,928  7726/771,404
Top 20 most frequent keywords %1% (epidemic situa- & 1% (epidemic situa-  Coronavirus Coronavirus

tion) tion)

FEH (justification) IEH (justification) China China

Ffi%¢ (pneumonia) FHi# (pneumonia) Health Wuhan

FEARFREE (coronavirus) [ = (mask) Virus Virus

35X (Wuhan) KIE (Dali) Outbreak Li Wenliang

A (new type) i3/ (to cheer on) WHOP Doctor

A= (mask) EX (Wuhan) People Outbreak

B (infect) 12 (diagnose) Wuhan People

JIN3| (to cheer on) )% (goodsand materi- Emergency Death

as)

£ (pet) SKBf (seek help) Cases Cases

12 (diagnose) IR (coronavirus)  Global Hospital

E=Fx (hospital) 18 (new type) Public News

f% 15l (case of illness)  fEF (expropriate) World World

E4 (doctor) B51% (prevent and con-  Confirmed Public

trol)

$E (resist/fight back) 223 (sufferer) Spread Hedlth

#ENX™ (Huanggang, &= (Li Wenliang)  Breaking Disease

prefecture-level city in

Hubei)

RE (virus) B (infect) First Police

B#E (prevent and con- {52 (information) IlIness Epidemic

trol)

PR (quarantine) EBz (hospital) Travel Media

T#EZE (Nationa Hii (resist/fight back) Declared Infected

Health Commission)

8Reflects data from 2 cross-sectional samples of Twitter tweets and Chinese microblogs (Weibo) on COVID-19, January 30-31, 2020 (batch 1), and
February 6-7, 2020 (batch 2). Keywords and hashtags are used in Twitter and Chinese microblogs for a number of reasons, such as emphasizing the

theme of the post.
BWHO: World Health Organization.
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Table 2. Top 10 most frequent hashtags on Weibo and Twitter.
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Result<? Weibo (N=1,235,243) Twitter (N=2,344,322)

Batch 1 Batch 2 Batch 1 Batch 2
COVID-19 posts/tweets retrieved (raw data), n (%) 491,353 (39.78) 743,890 (60.22) 1,572,928 (67.09) 771,404 (32.91)
Posts/tweets with hashtags (percentage of analyzed —3418/4914 (69.55) 4528/7439 (60.87) 4982/15,737 (31.66)  2468/7726 (31.94)
posts/tweets, /N (%)
Top 10 most frequent hashtags H[EE (Fightthe  FRBUEHZEKENEEFF  Coronavirus Coronavirus

pandemic together.) B (new COVID help

channel opened)

EOXni# (GoWuhan,)  EIX ik (GoWuhan.) China China

RIEEEWE (latest TN (fighting 2019ncov Wuhan

epidemic map) COVID movement)

HDELMTIFERE  F5MMmiES (Show  Coronavirusoutoresk  2019ncov

TEMS RS (WHO  your support chal-

saysthereisno evi- lenge.)

dence that pets can get

infected.)

MEHBBRENE FTXREEXM (DOr  Wuhan Coronavirusoutbreak

1780 (Weareactingin  Li Wenliang passed

the fight against away.)

COVID.)

BNEEARA—LE RHEE#E (atest  nCov wuhancoronavirus

=50 (Theleader of  epidemic map)

Huanggang Disease

Control doesn't know

anything.)

RIEMA T BB XEXET (Dai Breaking Liwenliang

(Theepidemicisstillin - messed up.)

the spreading stage.)

BBEREREGN  FREEEKE WuhanCoronavirus  HongKong

7 (what youwantto (COVID patients ask

eat most after theepi-  for help.)

demic isover)

HEFERFS (novel  FHEHHTE Xin- PrayforChina CoronaOutbreak

coronavirus) Hua/CCP news channel

commentary)

A FEFY

# (Many placesin
Henan urgently need
medical supplies.)

MEFBEAE—% HongKong CoronavirusChina
(thefirst line of fighting

CovID)

#Top hashtags identified in 2 cross-sectional samples of Twitter tweets and Chinese microblogs (Weibo) on COVID-19, January 30-31, 2020 (batch 1),

and February 6-7, 2020 (batch 2).

Despite high areas of overlap between the 2 platforms’ content,
Weibo's content entirely omitted several references that were
present on Twitter, including WHO and death. The only
reference of WHO on Weibo related to a popular hashtag that
underscores the message that pets cannot get infected with
COVID-19. In that period, people were not dying in the
Twitter-using world, suggesting that individual s writing about
death in the Twitter context were referencing the situation in
China, and yet “ death” was absent from the top words used on
Weibo. Weibo instead appeared to reference “pneumonia,” a
less acute and potentially survivable medical condition. In
particular, we saw that Dali, acity in Southwest China's Yunnan
Province, was also apopular keyword and hashtag in the Weibo
analysis due to the public’s reaction over a large controversy
[22]. During the 1-week period, Dali intercepted a shipment of

https://infodemiology.jmir.org/2022/1/€31793

masks that was meant for the Chongging municipality and
Huangshi in Central China's Hubei Province, which was the
epicenter of the outbreak. As aresult, many Weibo users were
angry at the city of Dali for intercepting a shipment of surgical
masks that had only 8 confirmed cases of COVID-19, whereas
the hard-hit Chongging municipality had 400 cases. Moreover,
the government of Dali had already distributed the boxes of
surgical masks and could not retrieve them after Chongging
demanded for the shipment [23]. As for the Twitter analysis,
we learned that users are interested in the “global” effects of
COVID-19 through posts on travel restrictions, Hong Kong,
the overall spread, and WHO.

Beyond excluding some topics, such as WHO, that were
common on Twitter, while including topics, such as Dali, that
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were critical of government officials, the Weibo content also
included whole categories of posts that pushed positive themes
and were intended to be reassuring compared to the absence of
those types of themes being prevalent on Twitter. Keywords
from the Weibo content focused on more positive and
encouraging messages or themes (eg, “to cheer on” or the
hashtag “ pray for China") or empathy (“sufferer”) compared to
Twitter keywords (eg, “death”), which did not appear in the
Weibo list. Generally, we found that the Weibo analysisincluded
a substantial amount of unified support in “fighting” the
COVID-19 pandemic and for health careworkers. For example,
1 Weibo post read, “#20204F 42 5k# #HZ 1 Tah# Bt F &0

B 2020—ERFEKM ! ! D SN X%k
Henry-LaubOifiEaisn  #LIEBHRFAHIE  (English
Tranglation: #2020 #Wash your hands frequently and wear a
mask. 2020 will definitely get better! Come on!!! e

Table 2 summarizesthe top 10 hashtags for each microblogging
platform. To the extent that hashtags connect social mediato a
topic and make it easier to discover posts on a particular topic,

Figurel. RR of Twitter hashtags (batch 1). RR: relative risk.

Krepset a

these provided yet another indication of where the conversation
on social mediawas directed during that period. Similar to the
most frequent words, the hashtags largely converged, although
they emphasized themes intended to bolster and galvanize the
public's fight against the virus. Further, although Twitter
highlighted Hong Kong, in reference to the prodemocracy
protests, Weibo hashtags did not register thetopicinitstop 10.

Next, we addressed the RR based on the prevalence of topics
between the 2 platforms, showing the frequency of posts on the
pandemic over the 1-week period. Although our research design
could not address self-moderation that likely occurs, in part,
because individual s anticipate that certain postswill be removed
and choose not to post certain materia at al, it did at least gauge
the moderation that took place over the week under study.
Figures 1-8 show the RR computation for the top 20 most
frequent keywords and the top 10 most frequent hashtags on
both platforms across the 2 batches (January 30-31, 2020, and
February 6-7, 2020). We found that the keyword with the highest
RR (trending) was Li Wenliang for Twitter and Dali for Weibo.
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Figure2. RR of Twitter hashtags (batch 2). RR: relative risk.
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Figure 3. RR of Twitter keywords (batch 1). RR: relative risk.
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Figure4. RR of Twitter keywords (batch 2). RR: relative risk.
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Figure5. RR of Weibo hashtags (batch 1). RR: relative risk.
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Figure 8. RR of Weibo keywords (batch 2). RR: relative risk.
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Based on the random selection of 5%-7% of tweets that we
manually coded, we found that most content focused news of
the outbreak around the world and a growing number of
COVID-19 cases across both batches. One representative tweet
stated, “Breaking: There are 6 cases of coronavirusinthe U.S,,
says @cdcgov. 1 person to person case has been confirmed in
Chicago. CDC says this is a ‘very serious public health
situation.” They expect more cases. CDC is not recommending
the general public wear face masks, as of now.” Misinformation
was |low on both sites, although it was comparatively higher on
Twitter than on Weibo. We found that 1.1% of tweets from
Twitter contained misinformation on COVID-19, with 5 (0.7%)
of 746 tweets after discarding non-English postsin batch 1 and
6 (2.8%) of 211 tweets after discarding non-English posts in
batch 2, compared to 0.3% on Weibo, with 1 (0.4%) of 279
postsin batch 1 and 1 (0.2%) of 441 postsin batch 2—ahigher
level of misinformation by a factor of amost 4 in the 1-week
period on Twitter compared to Weibo.
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RenderX

By comparison with misinformation outside the domain of
public health, Twitter reported that 0.3% of election-related
tweets were flagged as misinformation [24]. Given the large
volume of tweets posted on these topics, whether the election
or coronavirus), and the tendency of users to engage with
misinformation tweets more than accurate ones[25], therateis
notable. Textbox 1 outlines the various tweets that include
misinformation found in both batches, and Figure 9 shows a
screenshot illustrating an example of Twitter misinformation.

Misinformation was comparatively lower on Weibo, as seenin
Table 3. Figure 10 shows an illustrative case of misinformation
on the site. Of course, we cannot eliminate the possibility that
more misinformation existed but was just removed quickly.
Indeed, tweets themselves pointed to evidence of active
moderation on Weibo, with 1 tweet stating that “the two trending
topics censored by Weibo tonight: #wuhan government owes
Dr. Li Wenliang an apology #we want freedom of speech #both
had tens of thousands of views before disappearing into this
dark night.”
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Textbox 1. Misinformation tweets.

Batch 1 (5 tweets)

«  “#coronavirus possibilities:
o itisfear porn
« thisisavaccine scam
« thisisahio weapon leaked out but will be contained with a vaccine scam
« thechineselab fucked up and let a bio weapon out they cannot stop now
« thisisanilluminati depopulation plot

. “given that it's a global problem, the fact that the coronavirus only has around 10k confirmed cases and a 2% fatality rate means that you are
more likely to get into a car accident than ever being influenced by this. despite that, the number of anti-chinese commentsis crazy.”

«  “deeply ridiculous: ‘indian government slammed for recommending homeopathy for coronavirus prevention’ https.//t.co/stxcir5n2v what is the
harm of tolerating pseudoscience? sigh.”

« “here we go, this will be trump's fault because of ‘climate change’ u.n. agency declares global emergency over virus from china
https://t.co/dyyedmdthr via @aol”

. “conspiracy theories surrounding #coronavirus as a lab made bioweapon somehow reminded me of commercial classic #7aumarivu of 2011 .
this was reminded again by a friend during a conversation today. #arm was a visionary director indeed! #suriya https://t.co/vbiptndwto”
Batch 2 (6 tweets)

« “idlamic cleric discovers a cure for #coronavirus by mixing fresh camel piss and cow's milk and drinking it straight while its desert warm.
#coronavirusoutbreak https://t.co/gypisOziwf”

« “madein chinato destroy canada’

. “something tells us, if anyone wants to find out #whatreallycaused the coronavirus pandemic that has infected thousands of peoplein chinaand
around the globe, they should probably pay dr. peng a visit. dr peng can be reached at peng.zhou@wh.iov.cn, his phone# is 87197311 zh
https://t.co/kzhlotnyjl”

« “cavefull of batsin chinaidentified as source of virus almost identical to the one killing hundreds today”

. “worst part about coronavirus is how it makes you super-paranoid when you get sick yrself. i'm clearly coming down w/a sinus infection, and
obvioudly it has nothing to do w/that but man...on the other hand, i wonder if that chinese wuhan bat soup i had last week was a bad idea.”

. “df officias urge public to attend lunar new year celebration, say there's no coronavirus threat. story by”

Note: Misinformation was coded based on a 5%-7% random sample of theinitial 1% random sample, yielding 746 tweets for batch 1 and 211 tweets
for batch 2.

Figure 9. Screenshot of a public tweet that contains COVID-19 misinformation from batch 2.
Islamic cleric discovers a cure for #CoronaVirus by
mixing fresh camel piss and cow's milk and drinking it
straight while its desert warm. #CoronavirusOutbreak

1:37 | 219.2K views

2:09 PM - Feb 6, 2020 from Teronto, Ontario - Twitter for iPhone

3,570 Retweets 749 Quote Tweets 7,190 Likes
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Table 3. Misinformation posts (Weibo)a.

Krepset al

Language

Batch 1 (1 Weibo post)

Batch 2 (1 Weibo post)

Chinese

English
tranglation

&, THRHAERESES R THINZXE,
AMIEBAATRAFHN, BEROTER ), X
S5%EBENERANXF. REAZAEESHEHE
#l, RAMRBFERIMSREANNEMZY (RS, @
) |\ AERE. Hifh. BT TUHHOBSMEUE
IRAIFIAL IR SR B FH S R AAERIE . PE
INARTARFNERRE, tLMANERNEES. i
MM A ER", —SHERNEER, BRA RIS
HARESTERFME, RAWBSARIE, A (&
FTAL) H: "IESA%E, BAAF, B2E, HS
DE . MR, HRESFTEMFME, —UIBmE
ZHMSHERRDE, TARRIEIR. MIRGSHEE
1%, —ERESERRHE. Eitt, PERAES—EE
FE, MLRBNARSLLEMBAL, BRI/LEEST
FER%

Immunity. The recent novel coronavirus has aroused
widespread concern in society. It is generally believed that
people with good resistance have a smaller chance of being
infected, and this has alot to do with immunity. Immunity
isthe body's own defense mechanism. It isthe body's ability
to recognize and eliminate any foreign objects (viruses,
bacteria, etc.) that invade from the outside, deal with aging,
damage, death, and degeneration of its own cells, aswell as
recognize and process mutant cells and virus-infected cells
in the body. Chinese medicine believes that all good things,
such asimmunity and resistance, are called “zhengqi” (posi-
tive energy), and all factors that cause diseases are called
“xieqi” (evil energy). When a person's zhenggji is sufficient,
he will not be invaded by evil spirits, so the “Huangdi Nei-
jing” (thisisatraditional Chinese medicine book) says: “If
thereis azhenggi (positive energy), xieqi (evil energy) can
not interfere, if evil is combined, its energy will be empty.”
In other words, when your zhenggi is sufficient, all the xieqi
of the pathogenic factors can do nothing, and itisimpossible
to invade you. And when you get sick, it must be atime of
deficiency of zhenggqi. Therefore, Chinese medicine empha-
sizesthat there must be sufficient zhenggi, then theimmunity
will be better than other people, and the chance of illness
will be much lower.

RIRE, (BRIR) BERFDIMIRL. Ex—: ERBA
RFETERINES, KANSHARBETHE, EhEHERH
TN, 2EES, THEHK. Ex=: KiUEISH, URR
BERMELITHRZAT ARG, 2R4SERELEIRKR
T, TEARBEMMMR LA EE, —MEELIKNE, R
EEEE, ZNaiMEALRRNPERRS = RRT, &%
X, WA, fIRT! Ex=: ¥HERR, —A—7, RAEE,
BXELET, FREK, TENERE, BEUEFERTER
MW, R BRA+MEE RN, EEARAITHAE, REE
RIKER, HhERERCEE. ELl: SREREENRSE
BREHY, FEBA-BEESH. DRIFETELREHREL
i

Thelatest report, areporter from “Health Daily” interviewed Academician
Tong Xiaolin. Key point 1: Hospital patients come from fever clinics,
and fever clinic patients come from the community. Therefore, Chinese
medicine should intervene early, fully cover, and sink into the community.
Point # 2: No. 1 party Wuhan fight against SARS, according to the
symptoms and focus on ABC D plus or minus four parties prepared,
February 4 onwards has been in clinical use, and the staff are issued to
patients in overtime, made a 3 patients The amount of the day, and then
adjust, awell-known female financia person ridiculed the traditional
Chinese medicine anti-epidemic prescriptionis*“flowery”, not implement-
ed, sorry, face! Point 3: Syndrome differentiation and treatment, one
person for one party is the most ideal. However, the current pandemic,
resources aretight, and it isimpossible to be calm and elegant. Learning
from the past experience of Chinese medicine in treating plagues,
adopting the “general prescription + addition and subtraction” model is
the most feasible method at present Can retreat to the second best, please
Chinese medicine fellowswith one heart and one mind. Point 4: Patients
in Fangcang shelter hospitals are al so expected to use Chinese medicine.
Chinese medicine practitioners have been working hard. The same aca-
demician worked hard. Reason for forwarding: forward Weibo

3Mlisinformation was coded based on a 5%-7% random sample of theinitial 1% random sample, yielding 279 posts for batch 1 and 441 posts for batch
2. Weibo increased the post text limit to 2000 characters. However, posts longer than 140 characters are truncated on the platform, but users can click
a‘“seeentire’ text button to unfold the rest of the post.
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Figure 10. Screenshot of apublic Weibo post that contains COV I D-19 misinformation from batch 2. This post specifically discusses an “ antiepidemic”
prescription in treating those infected with COVID-19.

W. 20205702 06H B HUAWEI P3

mErE, (RAUE) CERBDIWERL, Ba—: ERBARRBFRERANNS, RA
MZgWAFRBETHE, BItPEHERHTA, ZEESE, FRIHE, B2 HiX
nE1sh, NRRIBRERNELNTNRZATATINER, 2R4SEMELEIRKRA

T, TFARBEMIINR ARG ESE, —TRERIRNE, AEHEE, KAOEX
MEATRHNPERRDRERT, 2EX, UFE, TRT! Ex= it

B, —A—7, BRIER, BXEHAE, BRAK, LTINS, SEUFEPESRT
BRENEZN, RIBAR+MAEER, EEAETTNRE, REEEMRER, Ed
EFERLEES. ExM: ARERSELAEMA LY, PEHA-BEESN. £

Bi:t % % Tﬁlﬂ

Discussion

Principal Findings

We found that across 2 widely used platforms in and outside
China, Weibo and Twitter, the nature of discourse converges
to a considerabl e degree, with the platforms both being used to
exchange information about the transmission, prevention, and
impacts of the COVID-19 pandemic. Similar to Wang et a [26],
however, we found far more of a positive, cheerleading valence
on Weibo compared to Twitter, with the Chinese microblogging
site frequently emphasizing the community fight against the
virus in ways that are not observable on Twitter.
Correspondingly, aswith Lu et al [17], we did see the presence
of topics that might be seen as implicating the regime in a
negative light, such as the references to the whistleblower
doctor, but those were balanced out with the supportive content
referenced above. Twitter users, corroborating the finding of
Deng et a [27], were attentive to economic implications of the
pandemic compared to the virtual nonexistence on Weibo. In
terms of misinformation, Weibo had comparatively less
misinformation than Twitter, which corroborates a previous

https://infodemiology.jmir.org/2022/1/€31793

XSL-FO

RenderX

analysis of relative cross-platform differences in the context of
Ebolathat showed less misinformation on the Chinese site [18].

Taken together, our research makes several contributionsto the
understanding of cross-platform, cross-national content
exchange and misinformation across in the context of
COVID-19. First, dthough scholars have studied misinformation
inapolitical context [28], in previous medica epidemics[29],
and increasingly in the COVID-19 context [30], comparative
study is more limited. Second, a better understanding of
misinformation mattersin apublic health context becauseit has
implications for whether individuals can make meaningful
choices about policies, for example, the risks and benefits of
complying with public health guidance [6]. Third, the
dissemination of misinformation—because of its connection
with arange of behaviors such as anxiety, self-prescription of
medication and treatments, erosion of trust in government
authorities [31], and lower compliance rates on public health
measures such as socid distancing measures[32]—foreshadows
likely public health outcomes. Thus, a closer scrutiny of both
patterns of discussion on social media and the presence of
misinformation has important implications for anticipating the
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future course of a virus that has claimed millions of lives.
Finally, understanding COVID-19 content in a cross-national
context hel ps shed additional light on differencesin agorithms
and interventions that Weibo versus Twitter use to structure
content [15], while also informing potential countermeasures
for online misinformation, such as flagging, correcting, or
removing online content [10].

Limitations

Our study does have limitations. First, we note that our results
are not generalizable due to the small sample size of tweetsand
posts that were reviewed, which was based on a 1% random
sample of content. Second, we compared posts on Weibo and
Twitter at the same point in time in the interest of internal
validity, based on WHO's declaration of a globa health
emergency, which provided acommon baseline. We recognize,
however, that the arc of COVID-19 was different in China
(expressed on Weibo) than outside China (Twitter), which may
have affected the nature of posts and the public interest or
tolerance for posting misinformation. On January 23, 2020, for
example, Wuhan's 11 million residents had been cordoned off
from the rest of the country, speaking to the intensity of the
virus already by the time of the WHO declaration. By contrast,
the first COVID-19 death in Europe was not reported until
February 12 and, New York City schools closed on March 15
[33]. Future research should compare potentia levels of
misinformation at various points during the pandemic in
different countries beyond the 1-week mark of the WHO
announcement.

Although there were only afew posts containing misinformation
across the Twitter and Weibo batches in our study, we
acknowledge that misinformation comprisesasmall percentage
of the overall content based on our manua coding. For
reference, Fung et a [18] identified 6 tweets and 2 tweets in
batch 1 and batch 2, respectively, as dternative health
information on Twitter, and 11 posts and 3 postsin batch 1 and
batch 2, respectively, on Weibo. These are not large numbers
by any meansfor both platforms, whichissimilar to our study’s
single-digit posts, which we identified as misinformation. The
1% random sampl es of tweets and Weibo posts facilitatesafair

Krepset al

way of assessing the representative content based on various
categories and minimizes biases. This study’s findings are
mostly explanatory in nature regarding the level of
misinformation found on both platforms during the 1-week
period. However, additional research could replicate our study
with different 1% random samples of tweets and Weibo posts
and examine whether thereis consensus or contrasting findings.

Further, although our analysis was agnostic about the position
of WHO, social media platforms, and the Centers for Disease
Control and Prevention (CDC) that more aggressive moderation
was warranted, given the public health crisis, we acknowledge
the possibility of overreach. Future studies might also engage
with normative questions about the potential for overreach when
it comes to content moderation, considerations about whether
organizations such as WHO should be endorsing control of
information, comparison of COVID-19 content on both
platforms with longer periods, and the inverse of our study,
which isto analyze posts or accounts that were removed due to
misinformation but ultimately found to be accurate and
permissible.

Conclusion

In May 2020, WHO observed that “managing the infodemic is
acritical part of controlling the COVID-19 pandemic: it calls
on Member States to provide reliable COVID-19 content, take
measuresto counter mis- and disinformation and leverage digital
technologies acrossthe response” [34]. We showed that Twitter
and Weibo, the 2 most widely used microblogging platforms
in the United States and China, respectively, have carried out
information management in different ways. Perhaps most
notableis not the reliability of content—both had low levels of
misinformation—nbut rather the absence of certain topics, such
as WHO, Hong Kong, and death, as well as the tendency of
Weibo posts to provide societal cheerleading, a phenomenon
absent on the US-based equivalent. One limitation of our study
is the small sample size of the overall COVID-19 content on
Twitter and Weibo during this 1-week period. However, we
invite and encourage future research to incorporate a larger
sample size of tweets and posts and examine longer periods on
thisimportant topic.
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