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ABSTRACT

The COVID-19 pandemic is an ongoing global pandemic, which has caused global social and
economicdisruption.Inadditiontophysicalillness,peoplehavetoenduretheintrusionofrumors
psychologically.Thus, it is critical to summarize thecorrelating infodemic, a significantpartof
COVID-19,toeventuallydefeattheepidemic.Thisarticleaimstominethetopicdistributionand
evolutionpatternsofonlinerumorsbycomparingandcontrastingCOVID-19rumorsfromthetwo
mostpopularrumor-refutingplatforms—JiaozheninChinaandFullFactintheUnitedKingdom
(UK)—viaanoveltopicminingmodel,textclusteringbasedonbidirectionalencoderrepresentations
fromtransformers(BERT),andlifecycletheory.Thiscomparisonandcontrastcanenrichtheresearch
ofinfodemiologybasedonthespatio-temporalaspect,providingpracticalguidanceforgovernments,
rumor-refutingplatforms, and individuals.Thecomparative studyhighlights the similarities and
differencesofonlinerumorsaboutglobalpublichealthemergenciesacrosscountries.
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INTRODUCTION

TheCOVID-19pandemic,alsoknownasthecoronaviruspandemic,isthedefiningglobalhealthcrisis
ofourtimeandthegreatestchallengesinceWorldWarTwo.Meanwhile,it’salsoanunprecedented
socio-economiccrisis,thatpeoplearetorturedbyrumorsaswellassufferingfromthediseasewith
the pandemic of misinformation through social media and mass media. Rothkopf (2003) firstly
proposed the concept of “information epidemics,” also known as “infodemic,” exclaiming that
rumorswouldaffecttheeconomic,politics,andnationalsecurityofagivencountryand,eventually
theworld.Withthecontinuousexpansionofsocialnetworks,rumorshavebeenrapidlyamplified
andtransmittedworldwidethroughadvancedinformationtechnologies.MITTechnologyReviewhas
referredtoCOVID-19asthefirsttruesocial-mediainfodemic,whichhasfueledpanic,racism,and
hope,addingenormouspressuretopandemicmanagement(Karen&Tanya,2020).Twoexamples
ofonlinerumorsofCOVID-19appearinTable1.

Anincreasingnumberofpublichealthandmanagementscholarshavebeguntofocusonresearch
aboutrumorsduringglobalpublichealthemergencies.Globally,Islametal.(2020)identified2,311
reportsabouttheCOVID-19infodemicfrom87countries,demonstratingthatcoronavirusinformation



Journal of Database Management
Volume 32 • Issue 3 • July-September 2021

47

wasmuddledbymanyunverifiedsources,affectingindividualsandsocietal.Forexample,over700
peoplediedinIranafteringestingtoxicmethanol,erroneouslythinkingitcouldcureCOVID-19
(Iran’sLegalMedicineOrganization,2020).

Asforstrategies,somestudieshavementionedthatinfodemicmanagementapproachesshouldbe
adaptedtonationalcontextsandpractices.Meanwhile,internationalcoordinationandmutuallearning
areneededforeffectivecontrol(Houetal.,2020;Hua&Shaw,2020;Tangcharoensathienetal.,
2020).However,sincealmostallthecountriessuchasChina,Iran,andtheUK,areallsufferingand
fightingtheinfodemic,whatexactlyarethedifferencesandconnectionsbetweenrumorsindifferent
countries,andhowcantheircharacteristicsandpatternsinfluenceorgaineachotherremainunknown.

Moreover, academic research on the lifecycle of emergencies has formed a mature system.
Lifecycletheoryduringemergenciesreferstothelearningofdevelopmentpatternsofeachphase
forbetterreference.Basedontheoccurrencesequenceofeventsanddevelopmentofanepidemic,
therearekindsofemergencylifecycletheories,likeathree-stagetheory,four-stagetheory,andfive-
stagetheory(Belardo&Pazer,1995;Chen&Hua,2015;Turner,1976;Zhu,Wang&Feng,2006).
Sarriegi,Torres,andLardizabal(2009)addressedtheimportanceoflifecycletheoriesonemergency
management,whichshouldbea learningprocess insteadofmerely relyingonstepsandactions
carriedoutduringacrisis.Similarly,themanagementofaninfodemicshouldalsobelearnedbased
onthelifecycleview.

Hence,thisstudyanalyzesCOVID-19onlinerumorsbasedonthespatio-temporalaspect(Ma,
Zeng,Zhao&Liu,2013),toenrichinfodemiologyresearch(Impicciatore,Pandolfini,Casella&
Bonati,1997)intheoryandpracticebycomparingandcontrastingtwoseverelyaffectedcountries:
China,asocialistcountry,andtheUK,acapitalistcountry.

ChinaandtheUKhaveapparentdifferencesinpoliticalsystemsandculturalbackgrounds.China
emphasizesthatthegovernmentandlaws,insteadofindividuals,grantcitizens’rights,whilethe
UKemphasizesthatrightstakeprecedenceoveranygovernment(Wei,2012).Moreover,Chinese
traditionalculturepromotestheideaofallegiance,emphasizingloyaltytothemonarch,andobedience
totheorganization.Incontrast,Britainemphasizesliberalism,wherepeoplefundamentallydonot
trustthegovernmentanditsofficials,thattheyalwaysdefendthegovernment’sbehavior(Deng&
Liu,2017).However,bothsocietieshaveformulatedspecificepidemiccontrolmeasuresandachieved
worthyresultsfightingthepandemicthatthenumberofconfirmedcasesofCOVID-19hasbeen
controlled in the first wave of Coronavirus, creating a “common starting point” for comparison
(Zweigert&Kötz, 1996).This studyhopes to enhance the referencevalue for battlingboth the
infodemicandpandemicthroughacomparativestudyofcountrieswithdifferentregimes.

Ingeneral,thisstudyintendstocompareandcontrastCOVID-19onlinerumorsfromChinaand
theUKbyaddressingthefollowingquestions:

• WhataretheprimarytopicsofCOVID-19onlinerumorsfromthesetwocountries,andhowdid
theserumorsevolvethroughouttheepidemicstages?

• Aretopicdistributionandevolutionpatternssimilarordifferentbetweenthetwocountries,and
dothesedistributionsandpatternsreflectsimilaritiesordifferencesineachcountry’spolitical
systemsandculturalbackgrounds?

Table 1. Examples of COVID-19 online rumors from China and the UK

Source Rumor Content URL

China EatingeffervescentvitaminCtabletscan
preventCOVID-19.(in Chinese)

https://vp.fact.qq.com/article?id=27cb4d680688502e958
f3338a062d313&ADTAG=xw-1.jz

TheUK Dettolantisepticsprayclaimstokill
coronavirus. https://fullfact.org/online/coronavirus-dettol/
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Thispaperisorganizedasfollows.Firstly,wesummarizerelatedworkaboutrumorsmining
aboutglobalpublichealthemergenciesandtopicminingtechnology.Secondly,itintroducesthedata
collectionandtopicminingmethodadoptedinthisstudy.Besides,thewordcloudsandtopicmining
resultsofthetwodatasetsaswellassimilaritiesanddifferencesinthemarediscussed.Moreover,we
summarizetheimplicationsforresearchandpractice.Finally,itconcludesourworkinthispaper.

ReLATeD wORK

Inthispaper,weusetopicminingtechnologiestoexplorethetopicdistributionandevolutionpatterns
ofonlinerumorsaboutglobalpublichealthemergencies.Therearetwoaspectsofrelatedworks:
rumorsminingaboutglobalpublichealthemergenciesandtopicminingtechnology.

Rumors Mining about Global Public Health emergencies
Globalpublichealthemergenciesaredirectlyrelatedtopublichealthandsafety,whichcaneasily
attractpeople’sattentionandhavealwaysbeengiventorumors.Manyrumorshavebeengenerated
andspreadquicklyduringvariousepidemics,suchasSARSin2003,H7N9in2013,andCOVID-19
in2019-2020.Someoftheseepidemicscreatedseveresocialpanicandinducedaseriesof“secondary
disasters”(Nie&Ma,2020).Ergo,thepopularityofstudiesonrumorsaboutglobalpublichealth
emergencies—partof Infodemiology—hascontinued to increase, attractingwidespreadattention
fromresearchersacrossavarietyofdisciplines.

WesearchedonGoogleScholarwithtwosetsofkeywords:(1)“globalpublichealthemergencies”
and“rumors”,and(2)“globalpublichealthemergencies”and“infodemic”withinaspanbetween
01/01/2000and10/28/2020.Basedontheseparameters,researchonthistopiccanberoughlydivided
into fivecategories: (1) rumorcontent, (2)generationmechanisms, (3)propagationpatterns, (4)
managementstrategies,and(5)other.Moreover,thecategoryofrumorcontentcanbesubdividedinto
staticordynamic(basedonresearchstrategies),andsingleormultiple(basedonresearchobjectives).
Consideringjournalrankings,articlecitationrates,andcontentrelevancetothisstudy,14articles
wereselectedasrelatedliterature(seeTable4,AppendixA).

Moststudiesfocusedoncontentandmanagementstrategiesofonlinerumorsduringglobalpublic
healthemergenciesviacomprehensiveanddescriptiveanalysisofvariousdatasets.Furthermore,most
ofthemarestaticandmultiple,analyzingrumorsfromnumeroussourcesinmultiplecountriesata
certainstage.Forexample,Islametal.(2020)manuallyobtained2,311COVID-19infodemicreports
fromsourcessuchasfact-checkingagencywebsites,Facebook,andtelevisionbetweenDecember
31,2019,andApril5,2020,whichweresubdividedintorumors,stigma,andconspiracytheories,
forfurthercontentanalysis.Houetal.(2020)analyzedacross-countrycomparisonof12countries’
publicawareness, rumors,andbehavioral responses to theCOVID-19epidemicandemphasized
theimportanceofmutuallearningaboutepidemiccharacteristicsandeffectivecontrolmeasures.
Someofthemalsoexploreddynamicpatterns.Forinstance,HuaandShaw(2020)summarizedthe
COVID-19infodemicinChinathroughatimeline.Whiletheyjustlistedsomeexamplesineach
phaseandtheirphasedivisionlacksthereductionstage.Thereisalsoaresearchonmultipledatasets
withadynamicview,whichanalyzedthetopicevolutionofCOVID-19rumorsusingCision’sNext
GenerationCommunicationsCloudplatform,thataggregatesalmostallEnglish-languageglobalmedia
fromtheUnitedStates,theUK,India,Ireland,Australia,andNewZealand,alongwithAfricanand
otherAsiannations(Evanega,Lynas,Adams&Smolenyak,2020).However,theyjustusedaglobal
datasetwithoutaspecificcomparisonofdifferentcountries.

Concerninggeneration mechanisms,Zhang,Chen, Jiang, andZhao (2020) analyzed that “a
public misunderstanding of the unique psychology of uncertainty, cultural and social cognition,
andconformitybehaviorjointlyinformspeople’sbeliefsinrumors”.Meanwhile,Zarocostas(2020)
proposedthatthekeyreasonfortheinfodemicwasthehigh-speedinformationdisseminationofmodern
socialmedia,makingrumorsgofasterandfurther.Generally,researchonpropagationpatternshas
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usedsimulationmethods,sortingoutsubjectsandwaysinvolvedinrumordisseminationandthen
designingcorrespondingpropagationmodels(Chen,Shen,Ye,Chen&Kerr,2013;Tian&Ding,
2019).Thevastmajorityofstudiesfocusedonmanagementstrategieshavebeendiscussionreports
andmeetingsummaries(Eysenbach,2020;Tangcharoensathienetal.,2020).Moreover,otherrelevant
researchhasdiscussedrumorsurveillance(Samaan,Patel,Olowokure,Roces&Oshitani,2005),rumor
tracking(Ghenai&Mejova,2017),andpublicattitudestowardrumors(Pulido,Villarejo-Carballido,
Redondo-Sama&Gómez,2020).

Rumor content and management strategies are nowadays the most popular research topics
aboutCOVID-19,and themostcommonpublication typesaredescriptiveanalysisandnarrative
reviews.However,asfarasweknow,nopreviousresearchhasconductedastudyonthesimilarities
anddifferencesofevolutionpatternsofCOVID-19onlinerumorsbetweencountrieswithdifferent
regimesuntilnow.Therefore,thisstudyaimstoenrichtheresearchofinfodemiologybasedonthe
spatio-temporalaspectbycomprehensiveanalysis.

Topic Mining Technology
Topic mining is topic extraction or topic identification for processing and analyzing large-scale
informationtohelpusersquicklyandeffectivelyunderstandthecontentanddiscoverthemes,broadly
usedinpublicopinionandonlinetextualreviewanalysis.Topicminingtechnologieshavetwoprimary
categories:textclusteringandtopicmodeling.

Thekeytotextclusteringischoosinganexpressivevectorrepresentationmodelandasuitable
clusteringalgorithmforclustering.Vectorrepresentationinvolvesrepresentingtextasacomputer-
recognizable realnumbervector,divided intodiscrete representations, suchasTerm frequency–
inversedocumentfrequency(TF-IDF),anddistributedrepresentationslikeWord2Vec,Recurrent
neural network language model (RNNLM) and BERT (Bojanowski, Grave, Joulin & Mikolov,
2017;Mikolov,Chen,Corrado&Dean,2013;Pennington,Socher&Manning,2014).Amongthese
methods,distributedrepresentationsbasedontheneuralnetworkarecurrentlymostwidelyuseddue
totheircapabilitytocapturewordsemanticandsequencefeaturesmorepreciselythanothermodels
vianon-linearactivationandSoftmaxfunctions.

Regarding clustering algorithms, they can be divided into four types according to different
clusteringprinciples:(1)partition-basedmethods,(2)hierarchicalmethods,(3)density-basedmethods,
and(4)model-basedmethods(Fiorietal.,2014).Partition-basedandhierarchicalmethodsaremost
commonlyusedintextclustering(Cinellietal.,2020),suchask-means,k-medoids,Partitioning
around medoid (PAM) and Clustering Using Representatives (CURE). Nevertheless, traditional
partition-basedmethodsandhierarchicalmethodscannotidentifynon-linearrelationshipsindata
(Zhangetal.,2018).

Moreover,topicmodelingisanotherpopularstatisticalmethodfortopicmining,usedtouncover
underlyingthemesbydiscoveringlatentsemanticstructuresinacollectionofdocumentssuchas
Latentsemanticindexing(LSI),Latentdirichletallocation(LDA),andDynamictopicmodel(DTM)
(Blei,Ng,&Jordan,2003;Blei&Lafferty,2006;Shethetal.,2005).However,whenfacedwith
short,sparse,andlarge-scaletexts,LDAseriesmodelsarenotappropriate.ZhouandZhang(2018)
haveidentifiedthattheWord2Vecmethodcouldimproveshort-texttopicextractionperformance
effectivelybyapracticalapplicationcase.

Inthisstudy,thetextsweusedfortopicextractionaresoshortthattraditionaltopicmodeling
methodscannotworkoutandthereisagreatneedforabettervectorrepresentationmodel.

MeTHODOLOGy

Thissectionpresentsthedatacollectionandtopicminingmethodologyinthisstudy.
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Data Collection
Givenadefinitionofrumors—verifiedwronglypublishedinformation(exceptforrumorswithobvious
purposes)—rumor-refutingplatformshavebeenthecurrentprimary“epidemicpreventiontools”for
peopleworldwide,assistingmainstreamsocial-mediaplatforms,suchasFacebook,Instagram,and
WeChat,inrecognizingmisinformation.Inthisstudy,thededicatedCOVID-19columnsofJiaozhen
(China)andFullFact(theUK)havebeenselectedasthedatasources.

Jiaozhen (“fact-checking” inChinese)was founded in2015byTencentNewswithmultiple
operatingformssuchasawebsite,anapplication,andaWeChatapplet.DuetoTencent’sadvanced
technicalprocessingcapabilitiesandreputation,Jiaozhenisconsideredoneofthemosteffective
Chineserumor-refutingplatforms.AtthebeginningoftheCOVID-19pandemic,Jiaozhenadded
anewcolumnnamed“COVID-197*24real-timerumor-refuting”(anHTML5page),whichaims
to directly clarify online rumors and minimize their negative impact on pandemic management
(Jizohen_TencentNews,2020).

In theUK,Full Fact, aLondon-basedcharity founded in2009, is responsible forverifying
andcorrectingnewsreportsfacts.FullFacthaspartneredwithmediaorganizations,includingthe
BBC,ITV,SkyNews,andFacebook.AnewcolumnnamedCoronavirus(awebsite)wasaddedat
thebeginningof theepidemic, fighting toprotectpeople frommisinformationaboutCOVID-19
(Coronavirus-FullFact,2020).

Theimpartialityofthetwoplatformsisguaranteedtoacertainextent.Basedonourresearch,
usersareallowedtoaskquestionsonJiaozhenfreely,andthequestionsarevisibletoeveryonewithout
revision,astheplatformanswersthequestionsandextractsthemintothelistofrumors.Notably,Full
Facthasguaranteeditsneutralityonitsofficialwebsite,whichhasgainedacceptancefrompoliticians
andmediaoutletsfromacrossthepoliticalspectrum.

WedesignedwebcrawlersbasedonPythonandRequestsforthetwoplatforms,fetchingtherumor
summary,rumor-refutingtime,andrumor-refutingargumentofeachpieceofdataandstoringthemin
Excelforms.Toensuretheintegrityofthedata,wecaptureddatafromthefirstpieceofinformation
releasedoneachplatformuntilthepointwhenthefirstwaveofCOVID-19wasbasicallycontrolled
ineachcountry/region.Thus,wecollected471rumorsonJiaozhen(01/21/2020to04/08/2020)and
143rumorsonFullFact(01/27/2020to06/23/2020).SamplesofthedataareshowninTable2.

Rumor summaries were used for topic mining, and are similar both in length and sentence
structurebetweenthetwodatasets.Duetothediversificationofonlinemedia,mostrumorsareso
difficulttotracebacktotheirsources,especiallywhenspreadinarelativelyclosedsocialenvironment
suchasWeChat,thatrumor-refutingtimewasadoptedforanalysis(Wang,2019).Throughsampling
statistics(seeTable5andTable6,AppendixB),wefoundthatJiaozhen’sdelayinfact-checking
waslessthantwodaysonaveragethroughoutthedatacollectionperiod.Comparatively,FullFact’s
delaywasapproximatelyfourdays.Bothplatforms’delayratesremainedalmostconstantthroughout
thecollectionperiod.Moreover, rumor-refutingargumentswereusedas references formanually
checkingtopicminingresults.

SinceJiaozhenisChinese,wetranslatedthelanguageintoEnglishforcomprehensionwhen
presenting.Inthisstudy,twoauthorstranslateddataseparatelyaccordingtopreviousstudiesand
discussedambiguitiesuntilbothpartiesweresatisfied.

Topic Mining Methodology
Thisstudy’sprimarypurposeistoanalyzethetopicdistributionandevolutionpatternsofCOVID-19
onlinerumorsinChinaandtheUK.Alldatasetsinthisarticleareshorttextsfocusedononespecific
eventwith a less ambiguous semanticdistributionofwords.Thus,we selected a text clustering
methodfortopicextraction,thatusesoneofthemostrobustfeaturerepresentationmodelsinthe
currentnaturallanguageprocessing(NLP)fieldforwordembedding:BERT(Devlin,Chang,Lee,&
Toutanova,2019),andtheimprovedpolynomialfunction-basedkernelk-meansclusteringalgorithm,



Journal of Database Management
Volume 32 • Issue 3 • July-September 2021

51

whichcanmaprelatively low-dimensionaldata intoahigh-dimensionalfeaturespace to identify
non-linearrelationshipsinnaturallanguagetexts(Zhangetal.,2018).

TheoverallframeworkappearsinFigure1:(1)collectingonlinerumorsfromChinaandtheUK
andconvertingtheirsummariesintocomputablevectorrepresentationsbyBERT;(2)usingakernel
k-meansalgorithmtoimplementclusteringofthesevectorrepresentationsandsummarizingtopics
ofeachclusterbyhigh-frequencywords; (3) revising theclustering resultsmanually throughan
expertgroupanddeterminingtheappropriatenumberofclustersandthefinaltopicofeachcluster;
(4)extractingkeytimepointsanddividingentireperiodsofdatacollectionofthetwocountriesinto
differentphases;and(5)countingthenumbersoftypesofdifferenttopicsineachphaseafterunanimous
confirmationofphasespartitionbytheexpertgroupfordescribingrumorevolutionpatterns.Our
methodology includes twomajor improvements: (1) incorporatinganadvancedwordembedding
methodology,BERT,toeffectivelyandefficientlyextracttextfeatures,skippingthehumancostsof
traditionaldatacleaning;and(2)applyinganimprovedcosinesimilarity-basedpolynomialkernel
k-meansclusteringalgorithmtoenhancetheperformanceofrumortopicextraction.Itisinnovative
andeffectivetoconductatopicminingtaskbycombiningkernelk-meanswithBERT.

Bidirectional encoder Representations from Transformers embedding
BidirectionalEncoderRepresentationsfromTransformers(BERT)isanNLPmodeldevelopedby
Googleforpre-traininglanguagerepresentation,whichobtainsnewstate-of-the-artresultson11NLP
taskswhenpromoted.Sincepre-trainingaBERTmodelisafairlyexpensive,one-timeprocedurefor
eachlanguage,weadoptedGooglereleasedpre-trainedmodelsBERT-base-Chinesewith12-layer,
768-hidden,12-heads,and110MparametersforChineseembedding,whileBERT-base-uncasedwith
24-layer,1024-hidden,16-heads,and340MparametersforEnglishembedding.Bothareavailable
fromtheGoogleBERTmodelsite.

Table 2. Samples of the data

Platform Rumor summary Rumor-
refuting time Rumor-refuting argument

Jiaozhen

Drippingsesame
oilinthenostrils
canresetallfluand
plagueinfections.(in 
Chinese)

0 1 / 2 4 / 2 0 2 0

Inf luenza and plague are caused by virus
infection. Dripping sesame oil in the nostrils
can neither prevent viruses from entering the
human body nor can it affect its replication: it
doesnotaffect the fluandplague. (in Chinese)

Drinking60degrees
ofboilingwatercan
preventCOVID-19.
(in Chinese)

0 1 / 2 7 / 2 0 2 0

First,nomatterhowhighthewatertemperature
is,itflowsintothedigestivetractinsteadofthe
respiratorytract,whileCOVID-19mainlyinfects
therespiratoryepithelium.Oncewaterflowsinto
therespiratorytract,itwillcauseastrongcoughand
eveninduceaspirationpneumonia…(in Chinese)

Full Fact

Twoauthors
predictedthe
coronavirusdecades
beforetheoutbreak.

0 2 / 2 1 / 2 0 2 0

A 1980s sci-fi novel describes a disease called
“Wuhan-400” that bears little similarity to the
newWuhancoronavirus.Abookof“prophecies
about the end of the world” written in 2008
predicted that a pneumonia-like illness would
spread across the world in the year 2020.

BorisJohnsonhas
died. 0 4 / 0 7 / 2 0 2 0 Incorrect. This was claimed by a Twitter

a c c o u n t  m a s q u e r a d i n g  a s  t h e  B B C .
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Kernel K-means Algorithm
Kernelk-means is an improvedalgorithmofk-means.Themain ideaofkernelmethods locates
mappingrelativelylow-dimensionaldataintoahigh-dimensionalfeaturespace,makingthesample
linearlyseparableinthenewkernelspace.ExperimentalresultsconductedbyZhangetal.(2018)
indicatedthatacosinesimilarity-basedpolynomialkernelk-meansclusteringalgorithmperforms
betterinwordembeddingsofbibliometricdata.Therefore,weadoptedthismethodinourstudy.The
productoftwovectors,aandb,wascomputedusingthepolynomialkernelfunctionshownasequation
(1),andthesimilaritymeasurementfunctionSim a b,( ) .wascalculatedasequation(2).

K a b a b
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d
, ·( ) = +( )γ τ . (1)
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Weusedasilhouette-analysis-basedapproach toevaluate thequalityofdifferentclusterings
obtainedwithdifferentnumbersofclusters(sayk .todefinetheaboveparametersandk .value.The
valuerangeof thesilhouettecoefficient isfrom-1to1.Generally, if thevalueexceeds0.1, it is
consideredasuccessfulclustering.Notably,thelargerthevalue,thebettertheclusteringquality.

word Frequency Statistics
WordfrequencystatisticsplayanimportantroleintheNLPfield.Thisstudysummarizedtopics
corresponding to clusters according to frequency lists of words. We used Jieba and the Natural
LanguageToolkit(NLTK)Pythonpackagestotokenize,lemmatize,andremovestopwordsoftexts
ineachcluster,andthencalculatedtokenfrequenciesofeachclustertoacorrespondingsortedlist.

Figure 1. Overall study design
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Timeline Analysis
Timelineanalysisisanimportantcomponent.Thevisualizationofatimelinecombinedwithfrequency
statistics can be used to determine a temporal pattern of topic evolution. This study adopted a
commonlyusedresearchmethodologyfortimelineanalysis:artificialstatisticsbasedonatimeline
(Hua&Shaw,2020;Xie,Zhang,Ding&Song,2020;Yanetal.,2014).First,wecontinuedtocollect
allepidemictrendsandmanagementmeasuresreleasedbytheNationalHealthCommissionofthe
People’sRepublicofChina,theNationalHealthService(NHS),andtheWorldHealthOrganization
(WHO).Next,weextractedkeytimepoints,includingepidemicstatusesandessentialpolicies,and
dividedthedatacollectionperiodsintoparticularphasesaccordingtoexistingpublicemergency
lifecycletheoriesandCOVID-19-relatedwork.Finally,wecountedthenumberofdifferenttopicsin
eachphaseandanalyzedthetopicevolutionpatternsvisibly.Althoughthismethodistime-consuming,
itisthemosteffectiveandaccuratemethod.

Delphi Method
TheDelphimethodisaprocessusedtoarriveatagroupopinionordecisionbysurveyingapanel
ofexperts(George,Schmitz&Storey,2019).Toguaranteethetopicanalysis’saccuracy,weinvited
threeinformationsystemsresearcherstoformanexpertgroup,manuallyrevisingtheclustering,topic
summarizing,andphasepartitionresults.

wORD CLOUDS AND TOPIC MINING ReSULTS

Thissectionpresentsthewordcloudsandthetopicminingresultsincludingthetopicdistribution
andtopicevolutionofbothdatasets.

word Clouds
Awordcloudisanimagemadeofwordsthattogetherresembleacloudyshape.Thesizeofaword
showsitsfrequency,typicallyusedtoeasilyproduceasummaryoflargedocuments.Tohaveanoverall
graspofCOVID-19onlinerumors,andmakeapreviousclearcomparisonofthetwocountries,we
usedJiebaandWordcloudPythonpackagestodrawwordcloudimagesofrumorsummariesinthe
twodatasets(seeFigure2).Datacleaningincludestokenizationandstopwordsremoval.Referred
toSun’swork(Sun,2020),wemanuallytranslatedwordswithafrequencygreaterthanfourtodraw
awordcloudinEnglishoftheJiaozhendatasetforcomprehension.

“Infection”(感染),“Wuhan”(武汉),“mask”(口罩),and“prevent”(预防)appearmorefrequently
onJiaozhen,while“people”,“NHS”,“deaths”,“vaccine”,“home”,and“5G”appearmoreoftenon
FullFact.Thefrequenciesof“lockdown”(封城)and“school”(开学)onthetwodatasetsarealmost
equivalent.

Topic Distribution

We experimented with k .from 8 to 18, and the results appear in Figure 3. When k =14 . the
clusteringqualityoftheJiaozhendatasetperformedthebest,whilewhen k =11 .theclustering
qualityoftheFullFactdatasetperformedthebest.

Aftertheexpertgrouprevisedtheclusteringresultsandtopicsofeachcluster,wefinallyobtained
14topicsfromtheJiaozhendatasetand11topicsfromtheFullFactdataset.Furthermore,tosummarize
thepatternsofthedistributionofCOVID-19onlinerumorsplainly,weabstractedthetopicsinto
generalcategoriesreferringtothedistancesofclusteringcentersandtheCOVID-19misinformation
classification (i.e.,disease, illness, treatment, andviolence)ofWHO(VictoriaKnightofKaiser
HealthNews,2020)andIslametal.(2020).Forexample,“transport,”“lockdown,”“school,”and
otherusualmanagementmeasurescanbegeneralizedintothecategoryof“strategyandplanning”.
Theexpertgrouprevisedallcategoriesforconfirmation.
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Eventually,theJiaozhendatasetwasdividedintofivecategorieswith14topics,whiletheFull
Factdatasetwasdividedintosixcategorieswith11topics(seeFigure4).Eachcategorygivesthe
toptenmostfrequentlyappearingwordsinaboxwithacorrespondingcolor.

TheresultsshowedthattheCOVID-19onlinerumorsinthetwodatasetsincludefivemajor
categories:“preventionandcure,”“strategyandplanning,”“disease,”“events,”and“international

Figure 2. Word clouds of the two datasets from Jiaozhen(left) and Full Fact(right)

Figure 3. Silhouette coefficient of clusterings
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issues.”Moreover, theUKhasanothercategory:“governmentandcitizens.”Definitionsofeach
categoryappearinTable3.

In terms of the number of rumors in each category, they were sorted from high to low as
“preventionandcure,”“strategyandplanning,”“internationalissues,”“events,”and“disease”for
theJiaozhendataset.ForFullFact,theywererankedfromhightolowas“strategyandplanning,”
“preventionandcure,”“events,”“disease,”“internationalissues,”and“governmentandcitizens.”

Topic evolution
AlthoughthespecifictimeoftheepidemicinChinaandtheUKisdifferent,thedatacollectionperiods
inbothcountriescanberegardedasthefulllifecycleoftheglobalepidemic,inwhichthenumber
ofconfirmedcasesofCOVID-19wasbasicallycontrolledinthefirstwave.Usually,thelifecycleof

Table 3. Definitions of categories in the study

Categories Definitions

Preventionandcure WrongorunverifiedpreventionortreatmentskillsofCOVID-19,includingtopicssuch
as“disinfect,”“mask,”“infection,”etc.

Strategyandplanning
FalsestepsornoticesforpreventingtransmissionofCOVID-19wronglypointed

towardgovernmentsordiseasecontrolcenters,includingtopicssuchas“hospital,”
“school,”“transport,”etc.

Disease Misinformationabouttheorigins,symptoms,causes,andotherrelevantknowledgeof
COVID-19withonlyonetopic.

Events Fakecases,comments,andbehaviorsofpublicunitsandwell-knownpersons,
includingtopicssuchas“cases,”“pandemic,”etc.

Internationalissues MisinformationaboutCOVID-19ofallothercountrieswithonlyonetopic.

Governmentandcitizens Rumorsrelatedtotheinterestsofgovernments,diseasecontrolcenters,andcitizens,
includingtwotopics:“government”and“citizens.”

Figure 4. Topic distribution of the two datasets from Jiaozhen and Full Fact Note: The middle sector represents categories, the 
outermost sector represents topics, and sector areas correspond to the proportion.
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anemergencycanbedividedintothreephases:incubation,physicalmanifestation,andrestoration
(Sarriegietal.,2009).However,accountingfortheglobalnatureoftheCOVID-19pandemic,we
definedthelifecyclewithfourphases:incubation,explosion,reduction,andexternaldefense,based
onthepreviousmatureresearchonlifecycletheoriesofemergencies(Hartley&Perencevich,2020;
Hua&Shaw,2020).Moreover,duetothedifferentsequenceoftheoutbreakofCOVID-19across
countries,theexternaldefensephasemaybelast(Chinaetal.)orfirst(theUKetal.)inthelifecycle.

ForChina,sixkeytimepointswerechosen,and79daysofdatacollectionweredividedintofive
phases(seeFigure5).SinceChinawasthefirstcountrywithafull-downCOVID-19pandemic,its
externaldefensephasecameaftertheepidemicgraduallysubsided.Comparatively,theUKfirstly
entered theexternaldefensephasedue to the lateroutbreakofCOVID-19.Therefore,sevenkey
timepointswerechosenfortheUK,andthe155daysofdatacollectionweredividedintosixphases
(seeFigure6).Thetimespanofeachphasewassimilar,ensuringabalanceofthetotalnumberof
rumorsduringeachphase.

Thetopicevolutionresultsshowthat“preventionandcure”rumors inChina trendedhighly
similar to the epidemic trend.Moreover, before the external defensephase, this rumor category
alwaysaccountedforthehighestproportionsofvariousphases.WhileintheUK,“preventionand
cure”rumorsmainlyexistedduringtheincubationphase,andtheproportionoftheserumorswas
lessevidentthaninChina.

Furthermore, tworisingpointsof“strategyandplanning”rumors inChinaexisted: thefirst
explosionphaseandtheexternaldefensephase.Duringthefirstexplosionphase,categoryrumors
weremainlyrelatedtodomesticmanagementmeasures,whileduringtheexternaldefensephase,
attentionwaspaidmorecloselytothecancellationofblockmeasuresandthereopeningofschools
andcompanieswhilepreventingimports.Similarly,therisingpointof“strategyandplanning”rumors
intheUKwasduringthefirstexplosionphase,continuouslyaccountingforthehighestproportions
inallthesubsequentphases.Moreover,thenumbersof“disease”rumorsremainedstableduringall
phasesinbothcountries,withcontinuedattentionexceptduringapparentoutbreaks.Thenumber
of“events”rumorsmainlyroseduringtheexplosionphaseinChinaandremainedrelativelystable
afterwardwithcontinuedattention.

Contrastingly, two rising points of “events” rumors in the UK were identified: the external
defensephaseandthesecondexplosionphase.Proportionsof“events”rumorsduringeachphase
intheUKwerehigherthanthoseinChina.Thenumberof“internationalissues”rumorsshoweda
clearupwardtrendinChina,finallybreakingoutduringtheexternaldefensephase,accountingfor
thehighestnumberofrumorsduringagivenphase.AsfortheUK,thisrumorcategorycontinuedto
receiverelativelylessattentionduringeachphaseinastablestate.“Governmentandcitizens”rumors
aroseduringthemiddletolatephasesoftheepidemicintheUKandreceivedincreasingattention
duringthereductionofthepandemic.

Notably,thereisadelaybetweenrumor-refutingandrumor-release.IntheDataCollectionsection,
weexplainedthatthetwodatasets’averagerumor-refutingtimeiswithintwodaysonJiaozhenand
approximatelyfourdaysonFullFact.Thatistosay,somedaysofmismatchmayhaveexistedwhen
analyzingtopicevolutionpatterns,buttheinfluenceislittle,wethink,duetothemuchlongerspan
ofeachphase.

Note: The color shade of the box corresponds to the proportion. Events with a light pink
backgroundarenationalevents,whilealightbluebackgrounddesignateseventsinothercountries.

Note: The color shade of the box corresponds to the proportion. Events with a light pink
backgroundarenationalevents,whilealightbluebackgrounddesignateseventsinothercountries.
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DISCUSSION

ChinaandtheUKrepresentsocialistcountriesandcapitalistcountries,respectively,withapparent
differencesinpoliticsandculture(Deng&Liu,2017;Wei,2012).Thesedifferencescontributeto
differentcharacteristicsofgenerationandgovernanceofepidemicandinfodemic.

Similarities and Differences in word Clouds
Inthisstudy,wordcloudsidentifiedthattherebothexistedrelativelylotsofrumorsaboutlockdown
and school in China and the UK, indicating common concerns about governance strategy and
planning.Moreover,morerumorsaboutmasks,prevention,infection,anddisinfectionappearedin
China,revealingthattheChinesearemoredisturbedandpanicaboutdeath.Additionally,theearliest
pandemicinChinamayattributetothisphenomenonaswell.UntiltheepidemiccameintotheUK,
peoplehavebeenfamiliarwithCOVID-19anditscorrectpreventionmeasures.Thence,theBritish
paidmoreattentiontolocalcasesandmanagementmeasures,insteadofpreventionmethods.Toa
certainextent,wordcloudscanpointoutthediversityofrumorsandpopularparts.

Similarities and Differences in Topic Distribution
RegardingthetypesofCOVID-19onlinerumortopics,ChinahadagreaterabundancethantheUK.
WhilealldatasetcategoriesfromtheUKwereincludedintheChineserumorcategoriesexceptfor
“governmentandcitizens”withtwotopics:“government”and“citizens”.Thisfindingmayreflect

Figure 5. Topic evolution of the Jiaozhen dataset in China with key points and phases
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ahigherdegreeoftrustforanddependenceupontheChinesegovernmentandtheBritishconcerns
aboutindividualrights(Deng&Liu,2017;Wei,2012).

Asforthenumberineachcategory,“preventionandcure”rumorsaccountedforalmosthalfthe
Chinesedataset.Despiterumorsaboutmasks,infection,anddisinfection,therearestillestablished
preventionandtreatmentremedies.Notably,theproportionofthiscategoryintheUKwassignificantly
lessthaninChina.ThesequenceoftheoutbreakofCOVID-19ineachcountryandtraditionalChinese
medicineculturemayattributetothisdifference.

Furthermore,thenumberof“strategyandplanning”rumorsrankedsecondinChinaandfirst
in the UK, indicating a shared concern about pandemic management measures, especially with
educationduringtheepidemic.Importantly,“strategyandplanning”rumorsshouldbethemosteasily
blockedascorrectcontrolmeasuresareusuallyimmediatelyannouncedbygovernmentsordisease
controlcentersonofficialmedia.Therefore,raisingpublicawarenesstoreconfirmthesemeasures
onunofficialplatformssuchasonlinesocialmedia,caneffectivelyblockandpreventtheinfection
ofsuchrumorsdirectly.

Nevertheless,fromanotherperspective,itissurprisingthatmany“strategyandplanning”rumors
wereconsistentwithorsimilartotheactualstrategiesandplansproposedbytheofficialsatalater
time.Forinstance,manypoliciesfordelayingandreopeningschoolscoincidedwiththepreviously
spreadrumors.Thisphenomenoninvolvesthatthisrumorcategoryusuallyreflectsthepublic’surgent
demandsformanagementmeasuresthatplayanessentialroleinpolicyformulation.Extractingthe
publics’needsandfeedbackingthemtothegovernmenttosupportdecision-makinghasmassivevalue.

“Disease”rumorsweremorefrequentintheUKdatasetthantheChinesedataset,suggestingthat
theBritishpaycloserattentiontoinformationaboutthedisease.Moreover,theproportionof“events”
rumorsinChina’sdatasetwasslightlysmallerthanintheUKdataset.Thisrumorcategoryisclosely
relatedtoinformationdisclosurebygovernmentsanddiseasecontrolcenters.Aftertheoutbreakof
COVID-19,theChinesenewsmedia,togetherwithscience,rumor-refuting,andgovernmentplatforms,

Figure 6. Topic evolutions of the Full Fact dataset in the UK with key points and phases
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establishedmanydedicatedcolumnstoannouncingdetailedcasestatusesandactivitypathsdirectly,
especiallylocalofficialWeChataccounts.Thisactionlargelysuppressedthespreadofonlinerumors
andmisinformation(Hua&Shaw,2020;Song&Karako,2020).

Toourbestknowledge,officialNHSandUKgovernmentwebsitesalsoregularlypublishcases.
However,onlygeneralstatisticsareavailableaboutthesecases,lackingspecificinformationthatcan
leadtomisleadingfabrications.Ultimately,theproportionof“internationalissues”rumorsinthe
datasetfromChinawasrarelylargerthantheUKdataset,whichmayberelatedtomanyentrycases
inChinaduringtheexternaldefensephase,rekindlingthemassivepanicoftheChinese.

ComparedwiththeclassificationofWHOandIslametal.(2020),oursecondaryclassification
candisplayavarietyofrumortopicsmorecompletely.Andweenrichedthreenewrumorcategories:
“events”,“internationalissues”,and“governmentandcitizens”basedonthem.

Similarities and Differences in Topic evolution
Ouranalysisofrumorevolutionpatternsaimstoexplorethepotentialrelationshipbetweenrumor
categoriesandthephasesoftheepidemiclifecycle,whichcanbeareferenceforrumorprediction
andinformationguidanceduringasubsequentoutbreakofCOVID-19andotherfutureglobalpublic
healthemergencies.

Incubation phase: The initial stage of the epidemic lifecycle.Inthisstage,“preventionand
cure”rumorsand“events”rumorsfirstemerged,duetothepublic’seagerdemandsforvirusprevention
(VictoriaKnightofKaiserHealthNews,2020;Zhangetal.,2020).Moreover, theproportionof
“disease”rumorswasrelativelylessinChinathanintheUK,indicatingthatthisrumorcategory
mostlikelyproliferatedduetolackofinformation.

Explosion phase: The climax stage of the epidemic lifecycle. In this stage, “strategy and
planning”and“events”rumorsbothshowedanoutbreaktrendinChinaandtheUK,whichmayhave
beenrelatedtothepublic’simperativeneedsformanagementmeasures,excessivepanicaboutthe
epidemic,andevendesiretorubhotspots(Alecu,2019).“Preventionandcure”rumorscontinued
toascendinChinaduringthisstagewhilediminishingintheUK,whichmayhavebeenduetothe
standardization and recognition of prevention and treatment methods after the accumulation of
worldwideexperienceuntiltheoutbreakoftheepidemicintheUK.Thisfindingalsosuggeststhat
rumorscanbereducedbyincreasingpublicknowledge(Eysenbach,2020).

Reduction phase: The recession stage of the epidemic lifecycle.Duringthisstage,“prevention
andcure”and“strategyandplanning”declinedinbothcountries,althoughtheirproportionswere
stillrelativelysizable.“Events”rumorscontinuedtoriseinChinabutdeclinedintheUK,whichmay
beassociatedwithpublicconcernabouttheepidemic.Moreover,“governmentandcitizens”rumors
cameintobeingduringthisstage.TheBritishbegantoquestiontheirgovernments’management
measuresinlightofindividualinterestsandrights.Forexample,theyfocusedonwhethertheNHS
track-and-trace application had been automatically downloaded onto phones, violating personal
privacy.ThisfindingmayindicatethattheBritishhavelowerlevelsoftrustanddependenceontheir
governmentthantheChinese,payingmoreattentiontopersonalrightsandinterests,especiallyafter
theepidemicwasbasicallycontrolled.

External defense phase: A unique stage of global public health emergencies.InChina,the
externaldefensephaseoccurredat theendof the lifecycleofCOVID-19.Hence, thenumberof
“strategyandplanning”rumorsaboutexternalmeasuresand“internationalissues”rumorsfurther
increased.However,intheUK,thisphaseoccurredduringthefirststageofthelifecycleofCOVID-19.
Neitherthegovernmentnorthepublicpaidenoughattentiontotheepidemic;therefore,mostrumors
mainlyfocusedonincidentsaboutthevirus(Houetal.,2020).Specifically,fabricatedinformation
transferredfrompreviousemergencieswasthemostcommon.

Totally,fromouranalysis,thereindeedexistsomerelativelyfixedtopicevolutionpatternsof
onlinerumorsinglobalpublichealthemergencies.Ontheonehand,wecandeterminecommon
characteristicsinnationsworldwidefacedwithepidemics,suchasthepsychologicalstateofworry
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andattentiontoepidemiccontrolmeasures.Ontheotherhand,wecanalsoexaminethepublic’s
differentattentiontoepidemicaspectsduetodifferentoccurrencesequenceoftheepidemic,political
systems,andculturalbackgrounds, suchas theurgentneed fordiseasepreventionand treatment
inthecountryoftheepidemic’sorigin.ComparedwiththeresearchofHua&Shaw(2020),the
phasesofourresearcharemorecomplete,andthecharacteristicsofeachphasecansupportpractical
governancesuggestions.

CONCLUSION

ThisstudycomparesandcontrastsCOVID-19online rumors in twocountries:asocialistnation
where the epidemic first broke on a full scale, and a capitalist nation that experienced a severe
pandemicoutbreak.Forallweknow,thisresearchisthefirsttostudyrumorsaboutglobalpublic
healthemergencieson thespatio-temporalaspect thatcan ina sense fillgaps in the researchof
infodemiology.Theanalysisgivesanovelideatoeffectivelytransformingrumors—inherentsocial
elements—intoavaluableresearchfocusduringthisinternettimeandbigdataage.

Intermsoftime,weredefinedphasesoftheepidemiclifecycleconsideringthecharacteristicof
globalizationoftheepidemic,discussingtheevolutionpatternsofrumorsbasedonthelifecycle.In
termsofspace,wereferencedsocialistcountriesbyusingChinaasanexampleandcapitalistcountries
byusingtheUKtoanswerthequestionofwhetherthereareindeedsomedifferencesinthecurrent
infodemicacrosscountries.

Regardingthecategoriesofonlinerumors,wefoundsharedconcernsbetweencountriesanda
uniquecategoryofrumorsintheUKassociatedwithBritishcallsforpersonalinterestsandquestions
aboutthegovernment.Regardingtopicevolutionpatterns,rumorsweremainlyfocusedonprevention
anddiseaseduringtheincubationphase,whilestrategyandplanningrumorsbrokeoutduringthe
epidemic’sexplosionphase.Thereductionphasemainlyincludedeventsrumorsandotherrelated
thinkingaboutaconflictofinterestbetweenindividualsandgovernments.Theexternaldefensephase
haddifferenthotspotsaccordingtothespecifictimeofeachcountry’soutbreak.

Furthermore,thesefindingsaretransferableandworthyofreferenceduringasubsequentoutbreak
ofCOVID-19orasimilarglobalpublichealthemergency.Accordingtoouranalysis,attheincubation
phase,thegovernmentshouldgathermultipleresources(i.e.,researchinstitutions,medicalinstitutions,
media) toestablishanofficial informationdisclosureplatformtoprovidethepublicwith timely,
comprehensiveinformation.Rumor-refutingplatformsshouldmaketimelypreparations,including
creatingdedicatedcolumns,rumor-refutingteams,andrumorsurveillanceprogramstotrackrumor
originsandclarifyinformationwithin24hours.Individualsshouldaccessinformationdisclosure
andrumor-refutingplatformsandbewareoffalsifiedcontrolmeasuresandcases,officiallyverifying
thembeforedissemination.

Notably,duringtheexplosionandreductionphases,thegovernmentshoulddiscloseconfirmed
casesdailywithdetailedinformationtoreducefalsificationandmaliciousexpansion,atthesame
time,payattentiontopublicvoicesonsocialmedia,includingrumor-refutingplatformstosupport
policyformulation,andensurethepublicstabilityofemotionstofight theepidemic.Duringthe
externalphase,governmentsshouldpromptlylearnandconveyknowledgeandexperiencefromother
countriestotheircitizens,providingdailynotificationofinternationalepidemicsandimportedcases.
Individualsshouldbewareofincorrectlytranslatedinformation.

Thepresentstudyhaslimitations.First,thestudyonlycollecteddatafromonerumor-refuting
platform in each country and cannot guarantee that all rumors related to COVID-19 have been
fully included. Future studies can include more data sources to improve the scope of the study.
Second,becauserumorsaredifficulttotrace,theauthorsignoredtheinfluenceofthedelaybetween
rumor-refutingtimeandreleasetime.Futureworkcanconsiderthecontinuouscollectionofonline
information.Finally,therehavebeensomestudiesonintegratingtimeintotopicmodelingalgorithms
thatcanautomaticallyanalyzetopicevolutionpatterns(Blei&Lafferty,2006;Wang,Wang&Qin,
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2018).Inthefuture,researchersshouldalsoconsiderembeddingtimeintotextclusteringmodelsto
supporttopicevolutionresearchinanautomatedway.Twoideascanbeconsidered:(1)manually
dividingtimewindowsandusingtextclusteringalgorithmstoextract topicsof texts indifferent
windowsseparately;(2)definingatimewindowsimilarityindextocomprehensivelyevaluatetext-
similaritywithinawindowandbetweenwindows,andadjustingthewindowdivisionbasedonthe
indexvalue,torealizeatrulyautomaticevolutionanalysis.
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APPeNDIX A

Table 4. Analysis of related literature on rumors mining about global public health emergencies

Papers Themes Data

Research content
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ul
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le

Islametal.,2020.

COVID-19,
stigma,

conspiracy
theories

Fact-checking
agencywebsites,

Facebook,
televisionetal.

√ √ √

Houetal.,2020.

COVID-19,
awareness,
behavioral
responses

Baidu,Google
Trends,AliIndex,
GoggleShopping

√ √ √

Cinellietal.,2020. COVID-19,
Platforms

Twitter,Ins,
YouTubeetal. √ √ √

Hua&Shaw,2020. COVID-19,
timeline

Sina,CSMmedia
research,Mob-
Techresearch

etal.

√ √

Evanegaetal.,
2020.

COVID-19,
sources,topics

Cision’sNext
Generation

Communications
Cloudplatform

√ √

Zhangetal.,2020. COVID-19,
Healthrumors Interview √ √ √

Zarocostas,2020. COVID-19,
Fighting / √ √

Tian&Ding,2019. debunking
behavior / √ √

Chenetal.,2013. kineticmodel / √ √

Eysenbach,2020. COVID-19,
Fighting / √

Tangcharoensathien
etal.,2020.

COVID-19,
managing

2-dayglobal
online

consultation
√

Samaanetal.,
2005.

AvianInfluenza
H5N1,

surveillance

Mediasources,
email-based
publichealth

discussion

√

Ghenai&Mejova,
2017.

ZikaFever,
tracking

Artificial
Intelligencefor

DisasterResponse
platform

√

Pulidoetal.,2020. COVID-19 Twitter √
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APPeNDIX B

Table 5. Rumor-refuting delay of Jiaozhen

Index
Rumor-
refuting 

time

Rumor-
release 

time

Time 
interval 

(day)
Rumor source

Incubation phase (2019.12.31-2020.1.23)

400 2020-01-22 2020-01-
21 1

https://graph.baidu.com/pcpage/similar?originSign=122cd46f87649009
7a9e101604949968&srcp=crs_pc_similar&tn=pc&idctag=nj&s
ids=10006_10803_10915_10913_11006_10922_10905_1001
6_10901_10941_10907_11012_10958_10971_10968_10974_
11031_11121_12201_13203_16207_17005_17013_17023_17-

030_16104_17106_17050_9999&logid=1567015710&entrance=gener
al&tpl_from=pc&image=https%3A%2F%2Fss1.baidu.com%2F6ON1b
jeh1BF3odCf%2Fit%2Fu%3D865552423,1036525882%26fm%3D15%

26gp%3D0.jpg&carousel=503&index=1&page=1

403 2020-01-22 2020-01-
21 1 https://baijiahao.baidu.com/s?id=1656407649120465897&wfr=

spider&for=pc

Explosion phase (2020.1.23-2020.2.3)

157 2020-01-24 2020-01-
21 3 https://news.tianyancha.com/ll_6y3y501bki.html

406 2020-01-24 2020-01-
22 2 http://www.gaobei.com/gaobeizt/article_89300.html

420 2020-02-02 2020-02-
01 1 https://www.sohu.com/a/370097475_617717

Explosion phase (2020.2.3-2020.2.13)

242 2020-02-03 2020-02-
02 1 https://www.taoguba.com.cn/Article/2695882/1

241 2020-02-03 2020-02-
03 1 https://www.sohu.com/a/370383247_120214231

247 2020-02-06 2020-02-
05 1 https://www.sohu.com/a/370879449_467457

45 2020-02-06 2020-02-
05 1 https://bbs.rednet.cn/thread-48316533-1-1.html

Reduction phase (2020.2.13-2020.2.28)

324 2020-02-22 2020-02-
21 1 https://vp.fact.qq.com/article?id=a39855f7c1b1e65b052ebc849

d13779d

External defense phase (2020.2.28-2020.4.8)

470 2020-04-02 2020-03-
31 3 https://www.chinanews.com/sh/2020/04-03/9147123.shtml

Note: Index: the index of the rumor on the Jiaozhen dataset excel file.
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Table 6. Rumor-refuting delay of Full Fact

Index
Rumor-
refuting 

time

Rumor-
release 

time

Time 
interval 

(day)
Rumor source

External defense phase (2020.1.21-2020.3.6)

8 2020-2-17 2020-2-
16 1 https://fullfact.org/health/coronavirus-government-laboratory/

9 2020-2-18 2020-2-
17 1 https://fullfact.org/health/coronavirus-covid-disease-x-express/

26 2020-3-11 2020-3-4 7 https://fullfact.org/health/can-animals-catch-coronavirus-from-
humans/

Incubation phase (2020.3.6-2020.3.21)

28 2020-3-11 2020-3-
10 1 https://fullfact.org/health/new-coronavirus-not-genetically-

engineered/

Explosion phase (2020.3.21-2020.4.3)

43 2020-3-25 2020-3-
23 2 https://www.facebook.com/photo.php?fbid=10158212584185600

&set=a.10150989063300600&type=3&theater

54 2020-3-26 2020-3-
25 1 https://www.facebook.com/photo.php?fbid=225318005255141&

set=a.111585426628400&type=3

58 2020-3-27 2020-3-
19 8 https://news.sky.com/story/coronavirus-government-using-

mobile-location-data-to-tackle-outbreak-11960050

Explosion phase (2020.4.3-2020.5.5)

67 2020-4-6 2020-4-3 3 https://www.dailystar.co.uk/news/latest-news/harrowing-video-
shows-coronavirus-medics-21806540

Explosion phase (2020.5.5-2020.5.22)

102 2020-5-7 2020-4-
29 8 https://www.facebook.com/photo.php?fbid=239571554051060&

set=a.103002594374624&type=3&theater

109 2020-5-14 2020-5-6 8 https://fullfact.org/health/care-homes-starmer-johnson/

113 2020-5-15 2020-5-
15 0 https://fullfact.org/health/infection-illness-children-coronavirus/

Reduction phase (2020.5.22-2020.6.23)

127 2020-5-27 2020-5-
14 13 https://fullfact.org/health/19m-coronavirus-manchester/

128 2020-5-29 2020-5-
29 0 https://www.facebook.com/photo.php?fbid=545525469434858&

set=a.140205856633490&type=3&theater

Note: Index: the index of the rumor on the Full Fact dataset excel file.
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