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TrackingandAnalyzingIndividualDistressFollowing
TerroristAttacksUsingSocial MediaStreams

Yu-RuLin1,Drew Margolin2,Xidao Wen3

Riskresearchhastheorizedanumberof mechanismsthat mighttrigger,prolong,or
potentiallyalleviateindividuals’distressfollowingterroristattacks.Thesemechanismsare
difficulttoexamineinasinglestudy,however,becausethesocialconditionsofterrorist
attacksaredifficulttosimulateinlaboratoryexperimentsandappropriatepre-attack
baselinesaredifficulttoestablishwithsurveys.Toaddressthischallengewepropose
theuseofcomputationalfocusgroupsandanovelanalysisframeworktoanalyzesocial
mediastreamthatarchivesuserhistoryandlocation.Theapproachusestimestamped
behaviortoquantifyanindividual’spre-attackbehaviorafteranattackhasoccurred,
enablingtheassessmentoftime-specificchangesintheintensityanddurationofan
individual’sdistress,aswellastheassessmentofindividualandsociallevelcovariates.
Toexemplifythe methodologywecollectedover18 milliontweetsfrom15,509users
locatedinParisonNovember13,2015andmeasuredthedegreetowhichtheyexpressed
anxiety,anger,andsadnessaftertheattacks.Theanalysisresultedinfindingsthatwould
bedifficulttoobservethroughother methods,suchasthatnews mediaexposurehad
competing,time-dependenteffectsonanxiety,andthatgenderdynamicsarecomplicated
bybaselinebehavior.Opportunitiesforintegratingcomputationalfocusgroupanalysis
withtraditionalmethodsarediscussed.
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1.INTRODUCTION

Terrorismprovokesstrongemotionalresponses,
suchasanxietyandanger,inlargepopulations(1).
Thoughfeltmostintenselybythoseintheareaofan
attackinitsimmediateaftermath(2),theemotional
impactofanattackcandiffusetothosewithpersonal
orsocialconnectionstotheareaunderattack(3),and
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lingerformonthsafterward(4).Theseimpactshave
short-termandlonger-termeffectsonindividuals’
well-being,theirperceptionsoffuturerisk,andtheir
policypreferencesforaddressingtheserisks(5,6),such
asavoidingmodesoftransportationassociatedwith
apriorattack(7,8).
Thoughpotentiallypowerfulandfar-reaching,

thelonger-termnegativeeffectsofterroristattacks
arehardlyconsistent.Someindividualsandcom-
munitiesshowresilienceinresponsetoattacks(9,10),
experiencingsocialbondingandcommunalsupport
astheresultofexperiencingasharedthreat.Others
endurelongertermnegativeconsequences,such
aschronic mentalhealthproblems(11),including
PTSD(12,13,14).Someuseangertotargetoutsiders
asthesourceofrisk(15),othersturninwardlywith
grief(10).
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Thisdiversityofresponsesraisesthequestionof
howandwhyindividualsandcommunitiestakethese
differentpaths.Forexample,whenfirstexposedto
informationaboutanattack,whydosomepeople
becomefearfulbutothersangry?Furthermore,how
andwhydosomewhoareinitiallyfearfulbecome
angry(3),whileothersfindtheirfeardissipate?
Asriskresearchers havelongargued, peo-

ple’semotionalreactionstoshocking,threatening
eventshave manycomplexcauses(16). Moreover,
thesecomplexcausesoperateatmultiplelevels(17).
Forexample,atthe microlevel,individualpre-
dispositionsandcharacteristicsplayarole(18),butso
dointerpersonalsocialinteractions(19).Macro-social
processes,suchasreportingbynewsmedia,alsohave
aninfluence(20).Emotionsarealsosubjecttorapid
changeandfluctuation(21,22), makingitcriticalto
understandtheirtemporaldynamics(5).
Thedynamic, multi-levelnatureofthesepro-

cessescreatesa methodologicalchallenge. Tradi-
tionalmethodstendtoexcelinisolatingtheinfluence
ofprocessesatonelevelwhileobscuringtheinfluence
ofothers.Forexample,controlledexperimentscan
trackindividuals’emotionaldynamicsandbehaviors
inresponsetosimulatedthreats(23,24). However,
therearepracticallimitationsoncontrolledexper-
iments’abilitytocaptureimportantaspectsofthe
macro-socialcontextinwhichrealterroristattacks
areexperienced,suchasinteractionswithinpersonal
socialnetworks(19,25)andnewsstoriesthat“trend”
oraresharedoverinterpersonalconnections(26,27).
Surveymethods,suchasthoseusinglong-term

panels(6),canaccountforthesebroaderinfluences,
asindividualsrespondbasedonthetotalsetof
influencesthey haveexperiencedinthe world.
However,sincesurveypanelscanonlyaddressthe
specificsofanattackafterithastakenplace,surveys
tendtolackimportantpriorinformationsuchas
therespondent’sbaselinelevelofanxietyabout
terrorism(28).Inaddition,surveysoftencannotbe
deployedintheimmediateaftermathofattacks,
forcingrespondentstorecallhowtheyfeltafterthe
immediatethreathassubsidedandtheirreactionhas
alreadybeenshapedbymultipleinfluences.
Theseconcernshaveleadtotheuseofsocial

mediastreamstotrackcollectiveresponsesto
terroristattacksand natural disastersasthey
unfold(29,30,31,21,32,33)

Δi 

Δt 

baseline 

. However,todate,analyses
ofsocial mediastreamshavereliedondatafrom
keywordsearchesthatselectallpoststhatare
relevanttoatopic,suchastweetsthatcontainterms
orhashtagsreferringtoanattacksiteorcommunal

Fig.1. Illustrationofouranalysisframework. Wequantify

theemotionaloutcomeofindividualusersintwoaspects,

distressintensityincrease(∆i)andrecoveryduration(∆t),
bothmeasuredrelativetoapre-eventbaseline.

response(34,31,35,36).Theseapproachescanbeused
tounderstandnovelcommunityphenomena(37),or
totracknovelmessages,suchasrumors,whichare
intendedtobeinrelationtoanevent(35,38).However,
theyarerestrictedtoemotionsexpressedinreference
totheeventbyindividuals whoarenecessarily
attendingtoit,ratherthantheeffectedcommunity
asawhole(39).Furthermore,thesekeywords,which
typicallyrefertotheattacklocation(22),areonly
relevantaftertheattackordisasterhastakenplace.
This makesitdifficulttousethistechniqueto
evaluatechangesinstatesorbehavior,suchas
individualorcommunaldistress,thatrequirea
meaningfulpriorbaseline.
Currentlythereislittleworkexploringresearch

designscapableof measuringandcomparingthe
multi-levelinfluencesonreactionstoterroristat-
tacks.Inthispaper weattempttoaddressthis
gap by proposinga newstudy designtermed
computationalfocusgroupsandanaccompanying
analysisframeworkfocusingontheintensityand
durationofdistressexpression.

1.1Presentwork:Tracingdistressdynamics
atafine-grainedlevel

Inthispaper wecreateandanalyzecompu-
tationalfocusgroups(40)toaddresstheaforemen-
tionedlimitations.Computationalfocusgroupsare
comprisedofsocial mediauserswhoaretypically
neartothesiteofanattack.Theirpre-attackand
post-attacksocialmediabehavioristhencollected.
Thismethodintegratestheadvantagesofmobileand
socialcommunicationinfrastructurebyincluding
preciselytimestampedbehaviordrawnfrommultiple
levelsofobservationofindividualswithdiscoverable
priorcharacteristics. These dataenable usto
evaluatethedisparateeffectsofanattackina
morecomprehensivemodel,allowingforinferences
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thataredifficulttomakewithtraditionaldesigns.
Thetechniquecanalsobeeasilyre-appliedinnew
circumstances,enablingthestudyofresponsesto
multipleattacks(24).
Weconstructthesegroupsintheaftermathof

theNovember,2015terroristattacksonParisand
includeobservationsfromtheattacksonBrussels
several monthslater. Ouranalysisfocusesonthe
expressionofemotionaldistress,specifically,onthe
expressionofthethreeprimarynegativeemotions:
anger,anxiety,andsadness(41).Specifically,ouranal-
ysistakesadvantageofbothanindividual’sbaseline
emotionalexpressionandfine-grainedtimestamps
oftheiremotionsaftertheattackstoanalyzetwo
distinctdimensionsofeachdistressemotion:

(1)Theintensityofdistress,thatis,howmuchdid
theattacksincreasetheextenttowhichpeople
expressedtheseemotions?

(2)Thedurationofdistress,thatis,forhowlongdid
individualsexpressheightenedlevelsofdistress?

Thesedistincttheoreticalconceptsareillus-
tratedinFig.1.Inbrief,thedistressintensityin-
crease(∆i)measureshowauser’srateofexpressing
emotionaldistressincreasedfromhis/herownbase
rateimmediatelyaftertheevent,andtherecovery
duration(∆t)measureshowlongittookforauser’s
heightenedratetoreturntothepre-impactstate.
Usingthesetime-dependentmeasuresincomparison
totheirbaselinelevelswillallowfortheexamination
ofnoveldynamicrelationshipsbetweenterrorist
attacks,individualandsocialcharacteristics,and
distress.

1.2Theoretical Motivations

Emotions. Emotionsdifferinboththecir-
cumstancesthatstimulatethemandthekindsof
judgmentstheysubsequentlyinduce.Anxietyorfear
istriggeredbyathreatforwhichanindividuallacks
aclearresponse(42).Bycontrast,angeristriggered
byathreatfor whichanindividualisconfident
intheappropriateresponseandfrustratedbythe
failuretotakeaction.Thetendencyforangerto
directblameoutwardatothers(43)alsodistinguishes
itfromsadness.Sadnessisanemotionthatsolicits
cooperationandassistance(44), nurturing bonds
betweensympatheticothersratherthanstrainingthe
bondsbetweentheestranged.Thereisalsoevidence
thatsadnessisdirectedtowardspecificindividuals,
suchasvictims(45),whereasangerisoftendirected
towardsgeneralothers,suchasout-groups(46).

Emotionalexpressionisimportantforunder-
standingresponsestoterrorismforanumberof
reasons.First,emotionsunderliemanyaspectsofrisk
perception(5,47).Forexample,anxiousindividuals
appeartorely moreonanecdotalevidencewhen
makingdecisions(48),orchoosemorecertain,appar-
entlylessriskyoptionsthanangryindividuals(42,43).
Emotionsexpressedonsocialmediaalsoappearto
influencethetrustworthinessandusefulnessofthe
messages(49).Thelingeringnatureoftheseemotions
canalsoinfluenceotherjudgments(50).Forexample,
thereisevidencethatanxietyaboutterrorismis
associatedwithanxietyaboutdiseaseoutbreak(47)

andthatchronicangeratout-groupmemberscan
leadtoviolence(15).
Second,theexpressionofemotionitself–the

actofsharingafeeling–canfurtheramplifyit
inasocialgroup(51).Furthermore,theexpression
ofsharedemotionshasbeenassociatedwithsocial
bondingandcollectiveefficacy(52).Thiseffecthas
beenusedtoaccountforthepro-socialandpro-
communalbehaviorsoftenobservedafterterrorist
attacks(53,9).
Thus,understandingthemechanismsthatlead

totheintensityanddurationwithwhichindividuals
express distressfollowingattackscan helprisk
researchersaddressanumberofimportantquestions.
However,isolatingtheseeffectsandtheirantecedents
withtraditionalmethodsischallenging.Theproblem
istwo-fold:theseemotionaldynamicsarelikely
tobeinfluencedby macro-socialfactorsandthus
hardtoberealisticallyrecreated withcontrolled
experiments;yet,theyarealsotemporallydynamic
andreflexiveandthushardtobereliablyrecordedin
surveys.Belowwediscussfourbasicfactors,drawn
fromtheliterature,thataredifficulttoaddress
withthesemethods,andhowtheseshortcomingsare
addressedwithcomputationalfocusgroups.
Proximity(toanattack).Individualsinclose

proximitytoanattack willlikelyexpress more
distressthanthosefartheraway(29,22).The most
apparentexplanationistheimmediatethreatof
physicaldanger(50,54).However,manysocialfactors
canalsohaveinfluence.Inparticular,individuals
closetoanattackarealsolikelytohavefriendsand
familyclosetotheattacks(55,10),aswellastoidentify
withvictimsasin-group members(56,3).Proximity
isalsolikelytohaveanimpactonthedurationof
distressexpression(6).
Studyingtheeffectofproximityis morecom-

plicatedthanitwouldappear.Inparticular,while
experimentally manipulatingindividualproximity
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toanattackcanbeachievedthroughimmersive
experimental methods(see Rosoffetal.(23)),it
isgenerally notfeasibletorecreatethesocial
conditionsoftheattack,suchascallsfromloved
ones(57).Bycontrast,becausetheobservationsfrom
computationalfocusgroupsaredrawnfromreal
attacksthatactuallyaffectnotonlyresearchsubjects
buttheircommunities,theyincludetheinfluenceof
subjects’socialinteractions.
Gender.Surveyresponsesalsoincludetheinflu-

enceofsubjects’realsocialinteractions.However,a
weaknessofsurveysinthecontextofterroristattacks
isthedifficultyofestablishingabaseline.Survey
questionsprobingtheimpactofaparticularattack
cannotbescheduledinadvance.Thus,respondents
mustalwaysanswer aftertheattackhastaken
place. Thisdistanceintimealreadyaddserror
toresponses(58).Furthermore,theextenttowhich
anattackaltersanindividual’sperceptionofthe
world(59) willalsoaltertheir memoryoftheir
emotionalstateandbehaviorspriortotheevent.
Thuswhilesurveyscanaddressthemacro-social

limitationsofexperiments,theypresentdifficulties
foraccountingfortheinfluenceofsimpleindividual
characteristicswhich maybecorrelatedwithboth
emotionalreactionstoterroristattacksandthe
influenceofthesereactionsonmemory.Forexample,
thereissomeevidencethatgenderinfluencesterror-
ismriskperceptions(18),butevidenceismixed(6,23).
Unfortunately,asurveythatfindsthatwomenshow
morefearthanmenafteranattackisproblematic
becauseitisdifficulttoknow,first,whetherthe
womensurveyedare morefearfulingeneraland,
secondly,whethertheirhigherleveloffearisthe
resultofahigherinitialincreaseinfearoraslower
recovery.Computationalfocusgroupstrackfearasit
isexpressed,andincludedatafrombeforetheattacks
aswellasintheirimmediateaftermathwhenitis
difficulttosurveysubjects.
Interpersonal communication. Conversa-

tionswithothers,eventhosenotindangerorsus-
pectedtobeindanger,canalsoamplifyorattenuate
theemotionalresponsetoanattack(19,60,20).The
understandingofriskisalsoconstructedandmade
senseofviaconversationwithinsocialcommunities
aboutwhatisriskyandworthworryingabout(59,61).
Conversationwithinpersonalnetworkscanthuslead
individualsinonesocialgrouptodreadanoutcome
thatisacceptedasnormalinanother(8,62).Atthe
sametime,interpersonalinteractioncanalsohelpto
enhancesocialcapitalthatcanbeleveragedtosolve
problems(63,64)orprovidesocialsupport(3,65).

Unfortunately,neitherexperimentsnorsurveys
arewell-equippedtohandlethisvariable. Asde-
scribedabove,thecapacitytoallowindividualsto
interact withtheirnaturalarrayofsocialties–
friends,family,co-workers–withinanexperiment
iscostprohibitive.Atthesametime,whilesurvey
responsesincludetheeffectsthatinterpersonalin-
teractionshavehadonindividuals,accuratelyquan-
tifyingtheirextentasatime-dependentcovariateis
problematicduetopeople’sdifficultyinaccurately
recallingtheirsocialinteractionfrequency(58).While
computationalfocusgroupscannotfullyaccountfor
therangeofinteractionsthattakeplaceoutsideof
aparticularsocialmediaplatform,theycancapture
anindividual’stendencyandtemporalvariationto
engageor withdrawsociallyintheirinteractions
withinthesocialmediaobserved.
Mediaexposure. News mediacanhavean

importantimpactontheperceptionofrisksof
violenceandterrorism,particularlyatthesocietal
level(66).Individualsexposedtonewsmediareports
aboutterroristattackstendtobeheightenedin
theirperceptionthatthoseintheirsocietyareat
risk,whichinturncanstimulatestrongemotional
reactions(56).Theheightenednewsmediaattention
giventoterroristattacksisalsolikelytoinduce
astrongereffectthan mediareportsaboutless
spectacularrisks(20).
News mediaexposurecanbeexperimentally

controlled(23,24);however,itisincreasinglydelivered
throughsocialchannels(26).Thus,thenaturalsetting
throughwhichindividualsreceivenews mediais,
likesocialinteractionitself,increasinglydifficultto
simulateandalsoincreasinglydifficultforindividuals
toreportinsurveys. Peoplearenotlikely,for
example,torecallwhethertheyread manynews
storiesorsimplysawfriendssharing manynew
stories withthem. As withsocialinteractions,
computationalfocusgroupscannotcaptureallofan
individual’sattentiontonewsmedia;however,they
canallowforthemeasurementofengagementwith
newsmediathroughsocialmedia.
Dynamicsofemotions. Thereisagrowing

literatureonhowemotionsatonepointintimegive
risetodifferentemotionsatalaterpointintime.
Thoughnotyetawell-theorizedarea,tworecent
studiesusedTwittertotrackchangesinemotions
overtimeinresponsetoviolentacts.Forexample,
inastudyoftweetssentaftertheshootingsin
Newtown,CT,Doŕeetal.(21)foundthatsadness
wastheinitialemotionexpressed,butthatthis
eventuallyturnedtoanxiety.Linand Margolin(3)
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foundthatcommunitiesthatexpressedmoreanger
aftertheBostonMarathonBombingslaterexpressed
moresolidaritywiththevictims.
Assessingtherelationshipbetweenandfactors

thatinfluenceshort-termandlong-termemotional
responsesisalsochallengingwithtraditionalmeth-
ods.Experimentscantrackshorttermshiftswith
fine-grained measuresofemotionalresponse.How-
ever,maintainingecologicallyvalidconditionswithin
anexperimentisdifficultoverdaysorevenhours.
Subjectsmusteitherbekeptinsidetheexperimental
manipulationforanunnaturallylongdurationor
bereleasedtoreturnlater,duringwhichtimethey
haveaccesstoinformationandsocialresourcesthat
arenotinfluencedbytheexperimentaltreatment.
Meanwhile,surveysaregenerallyadministeredat
sparsetimeintervals,particularlyafteranevent
suchasaterroristattack.Thus,importantchanges
thattakeplacewithinthefirstdayortwoafter
anattackareunlikelytobecapturedbysurveys.
Computationalfocus groups use detailedtime-
stampedbehaviorthatenablethemeasurementof
fine-grainedtemporaldynamics.

2. METHODS

Thestudyfocusesontheemotionaltrajectories
followingterroristattacks. Wedesignastudybased
onallusersidentifiedtoberelevanttothe2015
terroristattacksonParis,andsubsequentlytrack
theiractivityfollowingtheattackson Brussels
severalmonthslater.Thissectiondetailsourstudy
designandanalysismethod.

2.1Datacollection

Tostudytheemotionalresponsetotheeventswe
collectedTwitterdataformorethanfiveconsecutive
monthscoveringthetwoattackevents.Asdiscussed
earlier,thisstudyaimstoexaminethefine-grained,
emotionaltrajectoryofindividualusersduringand
aftertheeventsbyobservingsocialmediastreams.
Unfortunately,thecommonlyusedkeywordbased
selection methodislikelytohavetheissueof
selectiononoutcome–meaningthatuserswhoare
selectedbasedontheuseofspecifickeywordsmay
behighlycorrelatedwithcertaintypesofemotional
response.Tocircumventthisproblem,weadopta
novelquasi-experimentmethodcalledcomputational
focusgroup(40,67). Wedefine“focusgroups”asusers
ofsocialmediawhosepriorbehaviorshowsthemto
beinterestedininformationrelevanttothestudy

contentbutindependentoftheshocks.Inthiscase,
therelevantinformationweutilizeisthelocation
ofusers.Oncegroupmembershavebeenidentified,
theirindividualfeaturesandcommunicationhistory
areextractedtocomparetheirbehaviorsbeforeand
aftertheeventsofinterest. Usingthisapproach
permitsustotreattheattackasaquasi-naturalex-
perimentinwhichalargenumberofindividualswith
differentobservablebackgroundcharacteristicsare
subjectedtoacommon,unexpectedtreatment(40).
Userselectioncriteriaandthecreationoffocus

groups. Basedonthisdesignthedatacollection
followsamulti-stepprocess.

1) Wefirstconstructapanelofusersbasedonthegeo-
locationsoftheirtweets.Inparticular,withatime
windowoffourweeksaftertheattacks,weobtained
16,950userswhopostedgeo-taggedtweetswithinthe
Parisarea4,throughtheTwitterAPI(68).
2)Foreveryuserinourcandidateset, wecollect
his/herfullhistorictweetsthroughthe Twitter
RESTAPI.Intotal,weobtained15,509uniqueusers
whosefirsttweetinourcollectionwaspostedbefore
October1,2015.Inthisway,wehavetheircomplete
setoftweetssinceOctober1,2015.

Ourfinaldatacollectionincludesover18 million
tweets,amongwhichover1.4milliontweetshavegeo-
coordinates(about7.7%).Wefurtherfilteredoutthe
userswhodidnotposttweetswithgeo-coordinatesin
theParisareapriortotheattackssinceOct1,2015,
whichreducesthenumberofusersto6,514.Theusers
consideredinthisstudyareextractedaccordingto
theaforementionedcriteriaandnofurthersampling
stepisapplied.
Ithasbeenreportedthatsocialmediausersare

notrepresentativesamplesoftheentirepopulation
intermsofage,gender,andsocio-economicstatus.
Forexample,Twitterismorepopularamongyounger
adultsandwithinurbanareas(69,70).Nevertheless,
thelocationdemographicsinourdatacollectioncov-
eringParisisrelativelycomprehensive.Toestimate
thelocationcoverageofourdata,wepartitionthe
wholeParisareaintogridcellsofequalsize(1km2),
andcomparethefractionofourtweetdatacovering
thosegridswiththehourlytrafficoccupancyrate
inParis(71). Thetrafficoccupancyrate,i.e.,the
fractionoftimetheroadsegmentisoccupiedwith
traffic,isusedasaproxyfordynamicpopulation

4Theregionisdefinedwithinarectangleboundary(48◦43’

21.5”N,2◦04’59.5”E,48◦59’4.8”N,2◦36’47.8”E)to
coverthegreaterParisarea.
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persmallregion.Ourestimationindicatesthatover
77.2%spaceinParisiscoveredbyourdatacollection,
withmorepopulousgridshavinghighercoveragerate
–over64.9%coverageforgridswith1%orhigher
trafficoccupancyrate,and83%–100%coveragefor
gridswith5%orgreatertrafficoccupancyrate.The
detailedestimationcanbefoundinAppendixand
TableA-I.
Fig.2showsarandomsampleof2,000tweets

postedaroundthesixattacksiteswithinthefirst
twodaysaftertheParisattackevent.Ourdataset
indicatestherewasaburstinthenumberofusers
andtweetsonthedayoftheattacks.Theaverage
volumeoftweetsbefore,duringandaftertheParis
attacksare82,346tweets/day,161,188tweets/day,
and100,388tweets/day. Theproportionsofgeo-
taggedtweetsdonotexhibitsignificantdifference
acrosstheeventperiod(basedonpaired Wilcoxon
signedranktestwithcontinuitycorrection).

Fig.2. Arandomsampleof2000tweetspostedaround

the6attacksites(yellowdots1-6)withintwodaysafterthe
2015Parisattackevent.Sitemarkersindicate(72):(1)Stade

deFrance,(2)LePetitCambodgerestaurantandLeCarillon
bar,(3)RuedelaFontaineauRoi,(4)Bataclanconcerthall,
(5)LaBelleÉquipe,and(5)BoulevardVoltaire.

2.2Distressresponse

Thisresearchleveragesthe psycho-linguistic
lexicon LIWC (Linguistic Inquiry and Word
Count)(73,74)todeterminetheemotionalexpression
ofindividual Twitterusers.LIWCisoneofthe
mostwidelyadoptedlexicon-basedpsycho-linguistic
measuresthatrelyonapredefinedsentimentlexicon
oraffectivewordlisttodeterminethesentiment
categoriesofgiventexts. Suchalexicon-based

approachhasbeenwidelyadoptedtoanalyzereal-
worlddatasets(3,40,75,76)becauseitcanbeeasily
scaledtolargedatasets,easilyinterpretedanddoes
notdependonlabeleddata.Inparticular,LIWChas
beenusedaslinguisticmarkersofthepsychological
changesurroundingSeptember11,2001(77).
WeutilizeLIWCasitisoneofthefewlexicons

thatsupportavarietyoflanguages,includingFrench.
Thisisparticularlyhelpfulinthis worksincea
considerableportionofourdataarein French
(46%in French,30%in English,4% Spanish,
2%Portuguese,andothersareundefined).Inour
analysiswefocusonFrenchandEnglishwritten
tweetsandapplyeitherEnglishandFrenchlexicons
toobtainthemeasures.
Theemotionalstatesofusersovertimeare

determinedasfollows.Foreveryuseru,therateof
anemotionalcategorycatagiventimet,denoted

asr
(c)
u (t),isdefinedas:

r(c)u (t)=N
(c)
u (t)/Nu(t), (1)

whereNu(t)isthetotalnumberoftweetsposted

byuseruwithintimet,andN
(c)
u isthenumber

oftweetsfromthissetthatcontainsatleastone
wordfromthecategorycinthelexicon.Basedon
LIWC,weidentifyratesofthepositiveandnegative
emotioncategories,aswellasthreesub-categories
ofnegativeemotions:anger,anxiety,andsadness.In
thiswork,weconsiderthesethreenegativeemotions
asdistressresponse. Fig.3showsthetemporal
variationsofthethreetypesofdistressresponsein
periodscoveringbothParisattacksonNovember13,
2015andBrusselsattackson March22,2016.All
threedistressmeasures,measuredonadailybasis,
exhibitedasuddenincreaseimmediatelyafterthe
twoevents.ThespikesduringParisattacksare1.7–
2.1timesstrongerthanthoseintheBrusselsattacks,
astheformaleventwasmoreintensetotheParis
users.
Wechoosetomeasureindividualusers’distress

responseonadailybasismainlyfortworeasons:(a)
toeliminatethediurnalvariationofuseractivity,
and(b)toreducethedatasparseness(duetothe
lackoftweetsforeachuserateachhour).Weprovide
detailedhourlybreakdownsforthenumberoftweets
perhourintheAppendix(seeFig.A-I).

2.3Individualcovariates

Wedescribethetheoreticalvariables,followed
bythecontrol variablesthat will be usedin
thisstudy.Theoreticalvariablesincludeproximity,
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Thetrendofdistressresponse.Verticaldashedlinesindicatethedayoftheevents.Eachdatapointshowstheaverage

affectmeasureofthesamesetofidentifieduserswitherrorbarsindicatingstandarderrors.Twoeventsare(a)Parisattackson

November13,2015,and(b)Brusselsattackson March22,2015.

Fig.4. Thedistributionofnumberoftweetspostedwithin
one monthpriortotheParisattackevent.Thex-axisison
abase2logarithmicscale,andthereddashedlineindicates

themediancount,indicatingthedistributionisskewedtothe
right(right-tailed).

gender,interpersonalcommunication,andmedia
exposure.
Geographic proximity. Geographic proximity

measureshowcloseauser’scurrentlocationisto
theattacklocations.Therearesixattacksitesin
theParisattacks(asshowninFig.2).Geographic
proximityisaninverse measureofthegeographic
distancefromtheattacksites.Foreveryuser,the
distanceis measuredbycomputingthedistance
betweentheuser’slocationatagiventimetto
theclosestattacksite, wheretheuser’slocation
attisestimatedbasedonthecentroidofallgeo-
coordinatesextractedfromtheuser’sgeo-tagged
tweetswithinthetimet.
Gender. Users’genderinformationisnotdi-

rectlyavailablefromtheirTwitterprofile.Inthis
workweleveragethegenderizeAPI(78)toinferusers’
genderbasedontheirfirstnames. This method
hasbeenreportedasoneofthebestname-based
approaches, withaccuracyabove0.8for English
namesand0.96forFrenchnames(79). Usingthis

approach,weareabletoinferthegenderfor11,107
users,amongwhich47.8%oftheusersarefemale.
Interpersonal communication. Interpersonal

communication measures howfrequentlya user
directlyinteractswithothersonsocial media.In
this work weusethe @-mentionasaproxyfor
measuringtheinterpersonalcommunication. On
social media, @-mention has been adopted by
usersasaconventiontodirectapublic message
toaparticularuser,orreplytoanotheruser’s
message. Weconstructavariable,mentionrate,asa
time-variantmeasurewhichestimatestheextentto
whichauser’stweetmessagescontain@-mentions.
Itisquantifiedastheproportionofauser’stweets
containingtheexpression“@username”relativeto
thetotalnumberoftweetspostedbytheuserwithin
aparticulartime.
Mediaexposure. Mediaexposuremeasuresthe

extentto whichauserengagedinsharingnews
information.Itisquantifiedastheproportionofa
user’stweetscontainingnewsURLsrelativetothe
totalnumberoftweetspostedbytheuserwithina
particulartime.WeusetweetscontainingnewsURLs
asaproxyforestimating mediaexposure,which
isaparsimoniousmeasurefor“exposure”asusers
mightbeexposedtonews mediacontentwithout
activelysharingthenewslinksintheirtweets.After
theevent,wefurtherrestrictthenewstweetstobe
tweetsthatcontainnewsURLsandhavekeywords
“attack”or“terro*”(anywordstartingwiththe
prefix“terro”)toavoidtheinclusionofnewssharing
irrelevanttotheevent.
Controlvariablesincludeactivitylevel,positive

rate,andsocialnetworksize.
Activitylevel. Theactivitylevel measuresa

user’sexpectedtweetrate,i.e.,numberoftweets
postedwithinagivenperiodoftime.Thismeasure
maybeinfluentialtotherobustnessofthedistress
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measuresasthoserelyonusers’havingacertain
numberoftweetswithinagivenperiodoftime.
Hence,inouranalysis,wefurtherdistinguishusers
intohighandlowactivitygroupsusingthemedian
tweetrate.Fig.4showsthehistogramofnumber
oftweetsperuserwithinone monthpriortothe
event.Itcanbeobservedthatthedistributionof
users’tweetcountishighlyskewed,andthelower
activitygroupofusersonaveragepostedlessthan
1.1tweetsperday.
Positiverate. Thepositivelevel measuresa

user’sproportionoftweetscontainingpositivewords

atagiventime(i.e.,r
(positive)
u foruseru).This

isusedasacontrolvariableforcomparingusers’
negativeemotion withvariouslevelsofpositive
emotion.
Social networksize. Social networksizeis

measuredasthenumberofsocialconnectionsfor
eachuser. We measurea Twitteruser’snetwork
connectionsbasedonhis/herfriendcountandfol-
lowercount,acquiredthroughtheTwitterAPI(68).
Weassumeauser’sfriendandfollowercountsare
relativelystableanddonotchangeovertheanalysis
period.Thesevariablesenableascrutinyontheeffect
ofinterpersonalcommunicationwithindifferentsizes
ofsocialnetworks.

2.4Analysisframework

Inthisworkweseekanempiricalunderstanding
ofusers’immediateemotionalresponseaswellas
thesubsequentrecoveryprocessfollowingtheattack
events.Thisapproachisconceptuallysimilartothat
deployedineventstudies,aneconometrictechnique
usedtodeterminetheimpactofspecificevents,such
asearningsannouncements,onstockreturns(28).
Aswithstockreturns,ourvariableofinterest,the
expressionofdistress,followsatrajectorythatis
independentoftheeventitself.Isolatingtheimpact
oftheeventthusrequirescomparingtheobserved
response(returns,distress)tothatwhichwouldhave
beenexpectedundernormalcircumstances.
Asillustratedin Fig. 1, we quantifythe

emotionaloutcomeofindividualusersintwoaspects,
distressintensityincreaseandrecoveryduration,
both measuredrelativetoapre-eventbaseline.In
thisstudy,thetimeunitisoneday.
Baseline. Wemeasureapre-eventbaserateof

auseru’sdistressmeasureb
(c)
u as:

b(c)u =
1

m t0≤t<te
r(c)u (t), (2)

wheretedenotesthetimeoftheevent,andm is
thenumberofdatapoints(ofthemeasure)collected

intheobservationduration(betweent0andte).b
(c)
u

capturesthepre-eventaveragerater
(c)
u (t),wherein

ourstudy,thetimetcovers28dayspriortothe

event.The measuresb
(sadness)
u ,b

(anger)
u ,b

(anxiety)
u ,

withrespecttothethreedistresscategories,provide
baselineestimatesofeachindividualuser’sdistress
rateduringnormaltime.
Distressintensityincrease. Asillustratedin

Fig.1,thedistressintensityincrease(∆i)measures
howauser’sdistressincreasedfromhis/herown
baserateimmediatelyaftertheevent. Wequantify
thedistressincreaseasthedifferencebetweenthe
immediatedistressrateandbaserateb

(c)
u ,as:

∆i(c)=
1

δ te≤t<te+δ
r(c)u (t)−b

(c)
u , (3)

wherethefirstterm,theimmediatedistressrate,

iscomputedastheaveragerater
(c)
u (t)wherein

thisstudy,thetimetcovers4daysstartingonthe
eventday. Weincludethesubsequentthreedays
immediatelyaftertheeventinordertocopewith
thedatasparsenessduringashortperiodoftime.
Distressrecoveryduration. Asillustratedin

Fig.1,therecoveryduration(∆t) measureshow
longittookforauser’sdistresstoreturntothe
pre-impactstate.Similarly,tocopewiththedata
sparsenessduringashortperiodoftime,thedistress
rateondaytiscomputedasarolling(smoothed)

rater̃
(c)
u (t) =1/δ t−δ<t≤tr

(c)
u (t)whereinthis

study,weuseδ=4.Then,therecoveryduration
foradistresscategory(sadness,anger,oranxiety)
isquantifiedasthenumberofconsecutivedaysafter
theeventonwhichauser’sdistressrateisgreater
thanhis/herbaseratefortherespectivecategory,
whichisgivenby:

∆t(c)=mins≥0{s:̃r
(c)
u (te+s)−b

(c)
u ≤0}, (4)

wheresisanon-negativeintegerindicatingthepost-
eventdaysonwhichauser’sdistressrateisnogreater
thanthebaserate.
Analysisofresponseintensity. Weuse mul-

tivariateregressionanalysistoidentifyimportant
variablesthatcanexplainusers’variationindistress
intensityincreaseinresponsetotheevent. The
analysisfocusesonuserswhosedistressintensity
hadpositiveincreasecomparedwiththeirindividual
baserate.Theimmediateresponseperiod–four
daysstartingonthedayoftheevent–ischosen
asthemajorityofusersreturnedtotheirbaseline
emotionalstate.Theexplanatoryvariablesinclude
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aforementionedindividualcovariatessuchasgeo-
graphicproximity,gender,socialinteraction(social
networksizeandmentionrate),andmediaexposure.
Threevariables,geographicproximity,mentionrate,
andmediaexposure,aremeasuredbothinthepre-
eventperiod(within28dayspriortotheevent)and
intheimmediateresponseperiod(withinfourdays
startingattheeventday).Becauseoftheirskewed
distribution,thevariablesforfriendcount,follower
count,andtweetratearelog-transformed,andthe
geographicdistanceissquare-roottransformed.
Analysisofrecoveryduration. Weusesurvival

analysistoidentifyimportantvariablesthatcan
explainusers’variationindistressrecoveryduration
followingtheevent.WeconsiderWeibulldistribution
inthesurvivalanalysis,whichisalsoageneralization
oftheexponentialdistribution withoutassuming
constanthazardrates. Whentheshapeparameter
γ >1,thehazardfunctionisincreasing; when
γ<1itisdecreasing,andthe Weibulldistribution
reducestotheexponentialdistributionwhenγ=
1.Similartotheanalysisofdistressdifference,
theexplanatoryvariablesincludeaforementioned
individualcovariates.Thethreevariables,geographic
proximity, mentionrate,and mediaexposure,are
measuredbothinthepre-event28-dayperiodandon
eachday(thetime-varyingvariablesarecalculated
foreachdaytwitha4-dayrollingsumcovering
[t−3,t]).
Analysisofresponseintensityinthenewattacks.
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TheanalysisofParisusers’responseintheBrussels
attacksaresimilartotheanalysisofParisattacks.
Weuse multivariateregressionanalysistoexplain
users’variationindistressintensityincreaseinthe
firstfourdaysimmediatelyfollowingtheBrussels
attackevent.Thisanalysisfurtherfocusesonusers
whosedistressintensityhadpositiveincreaseduring
theimmediateresponseperiodcomparedwiththeir
individualbaserate.Theexplanatoryvariablesare
similartotheanalysisoftheParisevent,except
thatthegeo-proximityvariableisremovedasthe
Brusselsattacks weredistantfromallthe Paris
users.Thebaseratevariablesare measuredboth
inthepre-eventperiod(within28dayspriorto
theBrusselsevent). Wealsoincludeusers’distress
intensityincreaseinresponsetotheParisattacks
inordertoexaminepotentialemotionalresponse
correlationbetweenthetwoevents.
Theproposedanalysisframeworkhasaunique

contributionintermsofestablishingbaselinemea-
suresforresponsevariablesandcreatingtime-
sensitiveco-variates,whicharetypicallyunobserv-
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UseractivitychangesbeforeandaftertheParis
attacks. Thethree barsshowthecorrespondingaverage

measureswithinoneweekbeforeandinthefirstandsecond

weeksaftertheevent. The measuresare(a)averagerate
ofobservingpositiveandnegativetweets,and(b)average
tweetingrateperday.Themeasuresintheweekimmediately

aftertheeventaresignificantlyhigherthanthoseinother
periods,whilethe measuresinthesubsequentweekdidnot
showsignificantdifferencefromthoseinthebefore-eventweek.

Fig.6. TheaffectresponsesbeforeandaftertheParis
attacks. Thethree barsshowthecorrespondingaverage

measureswithinoneweekbeforeandinthefirstandsecond
weeksaftertheevent. Allaffect measuresinthe week
immediatelyaftertheeventaresignificantlyhigherthanthose
inotherperiods,whilethemeasuresinthesubsequentweek

didnotshowsignificantdifferencefromthoseinthebefore-
eventweek.

ableintraditional methods.TableI summarizes
thestrengthsoftheproposedanalysisframework
comparedwiththetraditionalstudydesigns.
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TableI.Theadvantagesoftheproposedanalysisframeworkcomparedwithtraditionalmethods.

Variable
Temporal
dimension

Prior methods
andlimitations*

Presentwork

Emotion
General/
baseline

E(42)
Computedastime-dependentandcontinuous
variables;bothbaselineandpost-attack
dynamicsofemotionsaremeasurable

Post-attack
E(23,24),S(42,80,81),
K(22,29,21)

Gender N/A S(6) Identifiable(inferred)

Proximity(to
attacksite)

General/
baseline

E(23,82),S(54)

Identifiable–thegeocode(exactlatitudeand
longitude)allowsforcreatingtime-dependent
andcontinuousvariables;bothbaselineand
post-attacklocationsaremeasurable

Post-attack
E(82),S(80,50),
K(22,29,21)

Social
interactions

General/
baseline

S(83)

Identifiable–theobservablesocialmedia
interactions(@-mention)allowsforcreating
time-dependentandcontinuousvariables;both
baselineandpost-attacklocationsare
measurable

Post-attack U

Media
exposure

General/
baseline

E(43)

Identifiable–theobservablesocialmediatraces
(newssharing)allowsforcreating
time-dependentandcontinuousvariables;both
baselineandpost-attacklocationsare
measurable

Post-attack E(23,24),S(80,54)

*Abbrev.of methodsand majorlimitations:

(E)Measuredbyexperimentsthatsimulateeventsorthreats

Issues:hardtosimulatesocialinteractionsandconcernspresentinrealevents
(S)Measuredbysurveys

Issue:difficultyofobtainingaccuratepre-eventbaselinesforsomevariablesduetosubjects’recallbias
(K)Poststosocialmediaselectedbyuseofkeywords
Issues:Keywordsonlyrelevantpost-event;dataonlyincludesindividuals&poststhatexplicitlyaddress

eventtopics
(U)Unmeasuredorunobservableinpriorwork

3. RESULTS

3.1Impactofattacksonemotional
expression

Tostatisticallyevaluatethedifferencesinthe
emotionalstatesofusersbefore,duringandafterthe
attackeventwedividetheusers’tweetsintothree
timeperiods:oneweekbeforetheevent(“before”),
oneweekaftertheattacks(“after”),andtheweek
subsequenttotheafterperiod(“after1”).Because
theactivity measuredfromrepeatedobservations
ofthesameindividualsdonotexhibitnormal
distribution(asshowninFig.4), weusepaired

Wilcoxonsignedranktesttoassessthestatistical
significancesamongthethreeperiods.
Fig.5comparestheaveragetwitterbehavior

ofourpanelmembersfortheseperiods.Errorbars
indicate95%confidenceintervals.Fig.5(a)shows
thatfortheParisattacks,theexpressionofnegative
emotionissignificantlygreaterduringthe“after”
periodwhencomparedwiththeothertwoperiods
(bothwithp<0.001).Thiseffectdoesnotapply
toemotioningeneral,however,asthechangeinthe
expressionofpositiveemotionissubstantiallyless
pronounced,asshowninFig.5(a),andstatistically
insignificant.
Fig.6providesthesameanalysisbrokenout
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TableII.Correlationamongtweetactivityanddistressmeasures:before(B)vs.immediateresponses(I).Spearman’srank

correlationcoefficientsarereportedduetotheskeweddistributioninvariables.Allcorrelationsaresignificantwithp<0.001.

Baseline(28daysbeforetheevent) Immediate(day0-3)

tw.cnt.
(B)

anx.(B)ang.(B)sad.(B)pos.(B)
tw.cnt.
(I)

anx.(I)ang.(I)sad.(I)pos.(I)

tweetcount(B) 1.000
anxiety(B) 0.456 1.000
anger(B) 0.449 0.439 1.000
sadness(B) 0.410 0.377 0.389 1.000
positive(B) 0.112 0.168 0.114 0.159 1.000

tweetcount(I) 0.746 0.426 0.434 0.396 0.089 1.000
anxiety(I) 0.330 0.268 0.300 0.254 0.108 0.466 1.000
anger(I) 0.337 0.288 0.349 0.276 0.072 0.474 0.402 1.000
sadness(I) 0.295 0.265 0.248 0.262 0.161 0.410 0.285 0.308 1.000
positive(I) 0.126 0.115 0.102 0.127 0.302 0.156 0.112 0.118 0.097 1.000

TableIII.Regressionresultsforimmediatedistressincreaseresponse.Time-variantvariablesincludebaseline(B)measured

within28daysbeforetheeventandimmediate(I)measuredwithintheimmediateresponseperiod.Coefficientsarestandardized
tofacilitatecomparisonamongvariables.

M1 M2

anxiety anger sadness anxiety anger sadness

geo-proximity(B) 0.01∗∗ 0.01 0.01 0.01 0.01 −0.002
gendermale −0.0001 −0.004 −0.02∗∗ −0.001 −0.004 −0.02∗∗

mentionrate(B) −0.01 −0.03 −0.07∗∗ −0.01 −0.02 −0.01
mediaexposure(B) 0.03 0.02 0.03 0.02 0.02 0.03
activityhigh −0.12∗∗ −0.27∗∗∗ −0.18∗∗∗ −0.10∗∗ −0.27∗∗∗ −0.20∗∗∗

tweetrate −0.04∗∗∗ −0.10∗∗∗ −0.10∗∗∗ −0.04∗∗ −0.10∗∗∗ −0.11∗∗∗

positiverate −0.01 −0.01∗∗ 0.02∗∗∗ −0.01 −0.01∗ 0.02∗∗∗

friendcount −0.01 0.001 −0.01 −0.01 0.001 −0.01
followercount 0.002 −0.001 −0.002 0.002 −0.0004 −0.002
geo-proximity(I) 0.004 0.004 0.01∗

mentionrate(I) −0.02 −0.02 −0.11∗∗∗

mediaexposure(I) 0.28∗∗∗ 0.14 −0.03
activityHigh:tweetRate 0.01 0.07∗∗∗ 0.04∗∗∗ 0.01 0.07∗∗∗ 0.04∗∗∗

Constant 0.42∗∗∗ 0.57∗∗∗ 0.58∗∗∗ 0.42∗∗∗ 0.57∗∗∗ 0.61∗∗∗

Observations 785 807 846 785 807 846
R2 0.36 0.36 0.34 0.37 0.36 0.35
AdjustedR2 0.35 0.35 0.34 0.36 0.35 0.34

Note: ∗p<0.1;∗∗p<0.05;∗∗∗p<0.01

bynegativeemotioncategories. Theattackshad
asignificantimpactontheexpressionofeach
negativeemotion.Thedifferencesbetween“before”
and“after”forallthreecategoriesarestatistically
significant(all withp <0.001). Thedifferences
between“before”and“after1,”whilemuchsmaller,
arealsosignificantatthe0.05significancelevel
(p=0.021foranxiety,p=0.028forsadness,and
p <0.001),indicatingthelingeringeffectsofthe
attacks.

Analysisoftweetratesalsoindicatesthat
measuringemotionalexpressionastheproportion
oftweets may understatetheextentto which
emotionsareamplifiedthroughtheTwitternetwork
immediatelyaftertheattacks.Thisisbecausethe
rateoftweetingalsoincreasesinthisperiod,as
showninFig.5(b)(p<0.001).Unlikethenegative
emotions,thishigherrateisnotsustainedintothe
subsequentweek,asthetweetratedifferencebetween
“before”and“after1”isnon-significant(p=0.199).
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TableIV.Survivalanalysisfordistressrecoveryduration.Time-variantvariablesincludebaseline(B)measuredwithin28days

beforetheeventandtime-dependent(T)measuredonadailybasis.Theshapeparameterγinthe Weibulldistributionis

estimatedas1/scale.Theestimatedriskincreasesovertimeasγ>1inallcases.Coefficientsarestandardized.

M3 M4

anxiety anger sadness anxiety anger sadness

geo-proximity(B) 0.01 −0.02 −0.01 0.01 −0.03∗ −0.03
gendermale −0.04 −0.03 −0.06∗ −0.04 −0.03 −0.06∗

mentionrate(B) 0.01 −0.04∗∗ −0.03 0.01 −0.05∗∗∗ −0.03
mediaexposure(B) −0.03∗ 0.03 0.003 −0.03∗ 0.03 −0.002
activityhigh −0.06 0.11 0.09 −0.05 0.12 0.09
tweetrate 0.14 0.04 0.01 0.14 0.02 0.01
positiverate 0.004 0.04 0.01 −0.01 0.05 0.002
friendcount 0.02 −0.02 0.02 0.02 −0.02 0.02
followercount −0.02 0.004 −0.04∗ −0.01 0.01 −0.03∗

geo-proximity(T) 0.04∗∗ 0.05∗∗∗ 0.06∗∗∗

mentionrate(T) −0.004 0.03 0.002
mediaexposure(T) −0.02 0.08 −0.14∗∗

activityHigh:tweetRate −0.07 0.02 0.11∗ −0.07 0.03 0.11∗

Constant 1.70∗∗∗ 1.63∗∗∗ 1.60∗∗∗ 1.73∗∗∗ 1.67∗∗∗ 1.65∗∗∗

Log(scale) −0.77∗∗∗ −0.79∗∗∗ −0.77∗∗∗ −0.77∗∗∗ −0.80∗∗∗ −0.79∗∗∗

Observations 747 750 795 747 750 795
LogLikelihood -1,577.83 -1,639.54 -1,721.71 -1,574.04 -1,632.93 -1,712.42
χ2(df) 35.77∗∗∗(10)49.49∗∗∗(10)35.34∗∗∗(10) 43.33∗∗∗(13)62.70∗∗∗(13)53.91∗∗∗(13)

Note: ∗p<0.1;∗∗p<0.05;∗∗∗p<0.01

Table V.Regressionresultsforimmediatedistressincreaseresponse(ParisusersduringBrusselsattacks).Time-variant

variablesincludebaseline(B)measuredwithin28daysbeforetheeventandimmediate(I)measuredwithintheimmediate
responseperiod. MeasuresofdistressintensityincreaseinParisattacks(PI)arealsoincluded.Coefficientsarestandardized.

M5 M6

anxiety anger sadness anxiety anger sadness

gendermale −0.16 −0.09 −0.08 −0.10 −0.11 −0.08
mentionrate(B) 0.55 0.18 −0.02 0.77 0.20 0.09
mediaexposure(B) −0.13 0.31 −0.13 −0.04 0.35 −0.16
activityhigh −2.42∗∗∗ −0.80 −4.14∗∗∗ −2.20∗∗∗ −0.76 −4.40∗∗∗

tweetrate −0.88∗∗∗ −0.45∗∗ −1.37∗∗∗ −0.73∗∗∗ −0.45∗∗ −1.46∗∗∗

positiverate 0.03 0.14 0.004 −0.02 0.14 0.01
friendcount −0.03 −0.04 0.06 −0.07 −0.05 0.05
followercount −0.03 −0.03 0.04 −0.02 −0.03 0.04
mentionrate(I) −0.49 0.04 −0.50 −0.58 0.09 −0.52
mediaexposure(I) 1.02 −2.84 −2.95 0.05 −2.70 −2.06
sadness(PI) 0.09 −0.003 0.05
anger(PI) 0.12 −0.07 0.01
anxiety(PI) 0.08 0.03 −0.19∗∗∗

activityHigh:tweetRate 0.52∗∗∗ 0.06 1.04∗∗∗ 0.46∗∗ 0.06 1.12∗∗∗

Constant 4.44∗∗∗ 2.26∗∗∗ 5.24∗∗∗ 4.09∗∗∗ 2.25∗∗∗ 5.58∗∗∗

Observations 165 233 234 165 233 234
R2 0.36 0.22 0.37 0.39 0.23 0.40
AdjustedR2 0.31 0.18 0.34 0.33 0.18 0.36

Note: ∗p<0.1;∗∗p<0.05;∗∗∗p<0.01
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3.2Predictorsofimmediateemotional
expression

Toevaluatetheemotionalstatesduringnormal
andeventperiodswedividethetweetsintotwo
segments:themostrecent28daysbeforetheattacks
(B),andthe4daysimmediatelyaftertheattacks
(I). Wefocusonthefirstfourdaysastheimmediate
responseperiodsinceforaboutorabovehalfofthe
usersdistressreturnedtothepre-impactstatewithin
fourdays–55%foranxiety,52%foranger,and48%
forsadness.
Wethenexplorethecorrelatesoftheseincreases

insentiment. Thecorrelation matrixshownin
TableII indicatesthat,thoughtheattacksare
disruptiveandcauseanincreaseinaggregatetwitter
activity,thehighcorrelation(r=0.746,p<0.001)
betweenanindividual’s(B)and(I)tweetcounts
indicatesthatusersofallbaselineactivitylevels
becameincreasinglyactiveaftertheattackstoa
similarextent.
Theinclusionofindividuals’baselinebehavioris

afeatureofourapproach. Thelevelofindividual
users’baselineactivity,i.e.,tweetcount(B),hasa
strongassociationwiththeirbaserateofexpressing
negativeemotion(r=0.456foranxiety(B),r=
0.449foranger(B),andr=0.410forsadness(B);
allsignificantwithp<0.001).Inotherwords,active
tweeterstendtotweetwithmorenegativeemotion.
Thisisnotageneralpropertyofallemotional
expression,asthereisonlyaweakassociationwith
thebaserateofexpressingpositivesentiment(r=
0.112forpositiverate(B)).Aftertheattacks,the
associationsbetweenusers’tweetrate(inI)andthe
ratesofexpressingnegativeemotions(inI)slightly
increase. Duringthistime,therateofexpressing
positivesentiment,i.e.,positive(I),remainsweakly
associatedwithusers’tweetactivity(inI). This
patternsuggeststhereisariskofconfoundingwhen
usingthekeywordapproachtocapturesentiment.
Morespecifically,evenneutraleventsthatstimulate
anincreaseintweetsfromactiveuserswillincrease
thenegativesentimentmorethanpositivesentiment
becauseofthetendencyforactivetweeterstoexpress
negativeemotion.Theweakerresultsforpositive
emotionalsoindicatethatobservedchangesbrought
onbytheattackareconsistentwithitsmeaningasa
horrifyingeventandarenotanartifactofageneral
increaseinemotion.
The multivariate modelreportedinTableIII
allows a morecomprehensiveexamination of
theserelationships.Thedependentvariableinthese

modelsistheintensityincreaseinthethreetypesof
emotionexpressedduringtheimmediateaftermath
(I)ascompared withthepriorperiod(B). The
firstsetofmodels(M1)predictsthechangeineach
negativeemotionexpressedbasedonfactorsthat
precedetheattacks,whilethesecondsetofmodels
(M2)includevariablesthatcaptureotheraspectsof
theusers’response.
Geographicproximity. Theclosertotheattack

siteanindividualtypicallywas,the moreanxiety
expressiontheattackinduces.Theeffectofproximity
beforetheattacksissignificant(M1,geo-proximity
(B)β =0.01,p <0.05).Similarly,the model
withoutincludinggeo-proximity(B)showsthatgeo-
proximity(I)isnotsignificantatthe0.05level
(p=0.052)(seeappendixTableA-II).However,
neitherissignificantinM2,whenbothareincluded
together.Inspectionrevealsthatgeo-proximity(B)
and(I)aresubstantiallycorrelated(Spearman’srank
correlationr=0.470,p<0.01).ThoughtheVIF
testforcollinearityshowsthattheyarenotcollinear,
thisappearstoexplainthenon-significanceofeach
term.
Thoughthe modelsuggeststhereisalsoa

potentialrelationship between proximityinthe
aftermathandsadnessexpressed(M2,geo-proximity
(I)β=0.01,p <0.10),inspectionofconfidence
intervalsshowsthisnotstatisticallysignificant(see
appendixTableA-IX).
Gender. Menshowasignificantlysmallerin-

creaseintheexpressionofsadnessthan women
doinboth M1and M2,gender maleβ= −0.02,
p <0.05).Thecoefficientsforangerandanxiety
arealsonegativebutarenotsignificantinthese
models.Examiningthebaserateoftheseemotions
bygenderisuseful,however,becauseitprovides
someindicationsofhowthisdifference(andthese
non-differences)areproduced(seeFig. A-IIand
thedescription).Unsurprisingly,thewithin-subject
differencesbetween“before”and“after”theattacks,
intheexpressionofallthreeemotioncategories,
areallsignificantforbothgenders.Sadnessshows
theexpecteddynamics:beforetheattack,menand
womenshownosignificantdifferenceinsadness
expressionrate(p=0.16);aftertheattack,both
gendersshowasignificantwithin-subjectincrease,
andtheincreaseforwomenissignificantlylarger
(p <0.001).Dynamicsforangerfollowasimilar
logic.Beforetheattack menandwomenshowno
significantdifferenceinangerexpression,afterthe
attackbothgendersshowasignificantwithin-subject
increase,bothincreasesareofsimilarmagnitude(not
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significantlydifferent).Dynamicsforanxietyareless
intuitive,however.Foranxiety,itisthepre-attack
baselinethatissignificantlydifferent, with men
expressinglessanxietythanwomeninthisgeneric
context. Aftertheattacks,bothgendersexpress
significantly moreanxietywithin-subjects,butthe
men’sincreaseinanxietyisenoughtoreducethe
gapwithwomen’sanxietyexpression,leadingthem
tonolongerbestatisticallydifferent.
Interpersonalcommunication. Socialrelation-

shipsandinteractionappeartoplayaroleinthe
expressionofsadnessbutnottheotheremotions.M1
indicatesthatindividualswho,ingeneral,aremore
interpersonallyinteractive withspecificotherson
Twittershowasmallerincreaseintheexpressionof
sadness(mentionrate(B)β=−0.07,p<0.05).This
effectisnotsignificantinM2,however,whenmention
rate(I)isincluded.Rather,itisthetendencyto
interactwithothersduringtheaftermathperiodthat
isassociatedwitharelativelyreducedexpressionof
sadness(mentionrate(I)β=−0.11,p<0.01)
Mediaexposure. Generalinteractionwithme-

dia, measuredbytheuser’stendencytoshare
news media URL’spriortotheattacks,isnot
asignificantpredictorofincreasesinemotional
expression(M1).However,interactionwithmediain
theimmediateaftermathoftheattacksisassociated
withheightenedanxietyexpression(M2,β=0.280,
p<0.01),thoughnottheotheremotions.

3.3Shorttermdynamics

Inthissection weexplorethecorrelatesof
individuals’recovery,thatis,thedurationforwhich
theyreturntotheirbaselinelevelsofemotional
expression.
TableIV presentstheresultsusingsurvival

analysisforheightenedexpressionofeachparticular
emotion.Anindividualisdefinedasbeinginthe
heightenedexpressionstateforanemotionif,since
theattack,therehasnotyetbeenaday where
theirexpressionofthatemotionisatorbelowtheir
baselinelevel. Weusea Weibullsurvival model,
withashapeparameterγindicatingincreasingor
decreasinghazard. Asshownin TableIV,the
estimatedriskincreasesovertimeasγ=1/scale>
1inallcases.Positivecoefficientsinthe models
indicatelongersurvival,thatis,thatthepredictoris
associatedwiththeperiodofheightenedexpression
forthatemotionextendingformoredays.Negative
coefficientsthusindicate moreresilienceorfaster

recovery,thatis,thatexpressionofthatemotion
returnstonormalmorequickly.
Geographicproximity. Proximitytoanattack

siteduringtheaftermath(T)showsasignificant
positiveeffectforeachemotion(M4:β=0.060,
p <0.01forsadness;β=0.050,p <0.01for
anger,β=0.040,p<0.05foranxiety).Inother
words,theclosertothesiteanindividualtendsto
beaftertheattacks,thelongerittakesforthem
toreturntotheirnormallevelsofanxiety,anger,
andsadnessexpression.Unlikewiththeintensityof
distressexpression,proximitypriortotheattack(B)
doesnotshowaclearrelationshiptothedurationof
expression.
Gender. Thoughboth M3and M4showthat

men’sexpressionofsadnessappearstolastfora
shorterperiodoftime(β=−0.060,p<0.10inboth
M3and M4),inspectionoftheconfidenceintervals
forthesemodelsdoesnotsupportadifference(see
appendixTablesA-XIIandA-XV).
Interpersonalcommunication. Asdescribedin

theprecedingsection,interpersonalinteractionsvia
@-mentionshadasignificanteffectontheintensity
ofsadnessexpressedintheaftermath.Bycontrast,
thereisnoeffectofinterpersonalinteractiononthe
durationofsadness.Conversely,whileinterpersonal
communicationhadnoeffectontheincreaseinanger
expressed,itisassociatedwithashorterdurationof
anger.Specifically,angerexpressionsubsidedmore
quicklyforindividualswhotendtouseTwittermore
ingeneral(B)forinterpersonal,directedmessaging
throughtheuseof@-mentions(β=−0.040,p<0.05
in M3,β=−0.050,p<0.01in M4).Engagingin
moreinteractiononTwitter,capturedby mention
rate(T)aftertheattacks,wasnotassociatedwith
adifferenceinangerexpressionduration,however.
Aswithintensity,mentionratesdidnotshowany
significantassociationwiththedurationofanxiety
expression.
Mediaexposure. Asdescribedintheprevious

section,sharing mediastoriesintheaftermath
wassignificantlyassociated witha moreintense
expressionofanxiety. Thereisnosignificantre-
lationship,however,between mediaexposureand
thedurationofanxietyexpression.Instead,an
individual’sgeneral,baselinerateofmediaexposure
(B)isassociatedwithashorterdurationofanxiety
expression(β=−0.003,p<0.10inboth M3and
M4).
Conversely,whilesharing mediastoriesinthe

aftermathshowednosignificantassociation with
anincreasedintensityofsadnessexpression,it
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isassociated withashorterdurationofsadness
(β=−0.140,p<0.05).Sharing mediastoriesin
general,orintheaftermath,showednosignificant
relationshiptothedurationofangerexpression.

3.4Responsestonewattacks

Table V reportsresultsofthesame models
reportedin TableIIbutappliedtoindividuals’
responsestotheBrusselsattackfivemonthslater.
ConsistencywithParisattacksresponse. The

modelsdonotshowmanysignificantrelationships
betweentherespondentscharacteristicspriortothe
attacks(B)ortheiractivityduringtheattacks(I)on
emotionalexpression.Thisislikelyduetotheprior
findingthatproximitytotheattacksisanimportant
predictor,andParisrespondentsmaybetoofarfrom
Brusselstobeimpactedinthesameway.
ParisresponsebehaviorasapredictorofBrus-

selsresponse. Parisresponsebehaviorsweremod-
estpredictorsoftheresponsetotheBrusselsattacks.
Model performance,captured by R2,increases
between1–3%whentheseParisexpressionvariables
areincluded.Surprisingly,thisexplainedvariation
isnotduetoauto-correlationwithinemotions,as
theextenttowhichanindividualshowedincreased
intensityinexpressinganxiety(anger,sadness)
afterthe Parisattacks wasnotassociated with
atendencytoincreaseanxiety(anger,sadness)
expressionaftertheBrusselsattacks.Rather,the
onesignificantrelationshipisbetweentwodistinct
emotions.Individualswhoexpressed moreintense
anxietyaftertheParisattacksexpressedlesssadness
aftertheBrusselsattacks(M6,β= −0.190,p <
0.01).

4. DISCUSSION

Belowwesummarizetheresultsintwoways.
Foreachindependentvariable,wefirstsummarize
thesignificantfindingsinourstudy. Next, we
assesswhetherthisfindingwouldlikelybedetected
usingalternativemethods.Finally,inthelimitations
sections,wediscusshowtraditionalmethodscanbe
usedtocomplementthelimitationsofcomputational
focusgroupsinlightofthesefindings.
Proximity. Asexpected, proximitytothe

attacksiteshadasignificantrelationshiptothe
intensitywithwhichusersexpressedanxietyafter
theattacks(thoughnottheotheremotions).Also,
aftertheattacks,continuedproximitytothesites

wasassociatedwithalongerdurationofheightened
distressmeasuredbyeachemotion.
Whilethefindingsforintensityareeasyto

anticipate,the findingsfor durationindicatea
usefulcontributionofthecomputationalfocusgroup
approach.Thiseffectwouldbedifficulttocapture
viaexperiments,surveysorkeywordsearchesalone.
Whileexperimentscanmanipulateproximitytoan
attackatthe momentitoccurs(i.e.througha
treatmentthatspecifieswhetheranattackoccurrs
nearorfarfromanindividual),itisdifficultto
simulatetheexperienceofspendingseveraldays
nearanattacksite,observingdamage,dealingwith
distraughtneighborsandsoforth. Atthesame
time,whilesurveysandkeywordsearchescanpick
uptheeffectsoftheseecologicalinfluences,itis
difficultforthemtoestablishapriorbaselinelevel
ofdistressforeachsubject. Thisisbecausean
unbiased measurementofarespondent’sbaseline
distresswouldrequiremeasuringthatdistressprior
toknowledgeoftheattackoritslocation.
Gender.Ourresultsindicatethatwomenin-

creasetheirexpressionofsadnesstoagreaterdegree
thanmendo. Withacarefulmeasureofindividuals’
baserateofexpressingnegativeemotion,weshowed
thattheresultdoesnotcomefromahigherinitial
levelofsadnessoraslowerrecoveryfor women
(seetheresultsof M3, M4,andFig.A-II).Thus,
surveyswhichshowpost-attackdifferencesbetween
menandwomenintermsofsadnessexpressionare
likelytellinganaccuratestory:eachgenderstarts
inroughlythesameplace, womenexperiencea
greaterintensity,andthentheyrecoverinasimilar
manner.Baserateinspectionalsoshows,however,
thatsurveys whichshowpost-attacksimilarities
acrossgenderforanxiety maybe misleading.In
particular, menappeartobegin withlowerpre-
attacklevelsofanxiety.Thisimpliesthatthereis
thepossibilitythatpost-attacksimilaritiesacross
gendersactuallysuppressameaningfuldifference.
Socialinteraction.Resultsforsocialinterac-

tionindicatethatindividualswhotendtointeract
sociallyexpressbothlessintensesadnessandexpress
angerforashortertime. Whetherthiseffectisdue
toanindividual’scharacteristictendencytointeract,
ortheextenttowhichtheyinteractinthewakeof
aparticularattack,islessclear.Angeramelioration
appearstorelatetoanindividual’sgeneraltendency
forinteraction. Thisisanencouragingresultfor
experimenterswhomightstruggletosimulatereal-
worldinteraction,asitsuggeststhatconcernsabout
theinfluenceofpost-attackconversationsonanger
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maybesomewhatlimited.However,thefactthatthe
intensityofangerisnotrelatedtointeraction,but
thedurationofangerexpressionabovenormallevels
is,suggeststhatsurveysandkeywordsearchesthat
donotcaptureindividualbaselineratesofemotional
expressionmaybemisleading.
Mediaexposure. Resultsformediaexposure

indicatesa morecomplex,dynamicroleforthis
variablethanfortheothervariables.Engagement
with mediaintheaftermathoftheattacksis
associated witha higherspikeofone distress
emotion(anxiety);however,itisalsoassociated
withafasterrecoverytonormalfromanother
(sadness). Moreover,itappearsthat,unlikewith
socialinteraction,itisactualengagement with
mediaintheaftermath,ratherthananindividual’s
tendencytoengagewith mediaingeneral,which
hastheeffect.Takentogether,theseresultsindicate
thatmediaexposureisanimportantvariablewhose
effects maybedifficulttocapturewithoutaccess
tobothbaselinedataandfine-grainedtemporal
measures.

4.1LimitationsandFurtherResearch

Theadvantageofcomputationalfocusgroups
isthattheycapturefine-grainedbehavioralchanges
in multi-level,real-worldsocialenvironments.Our
goalinintroducingthisapproachisnottosuggestit
replacetraditionalmethodsbutthatitcomplement
them.Computationalfocusgroupshaveanumber
oflimitations. Below wediscusstheseandhow
traditionalmethodsmightbeusedtoaddressthem.
First,aswithany methodologythatrelieson

datafromsocial media,thereisthepotentialfor
selectionbias(40).Inparticular,activeTwitterusers
maybehavedifferentlyfromthegeneralpopulation.
Forexample,theregionsofParisthatshowthe
mostanxietyorangerinourdata maynotbe
thosewheretheseemotionsweremoststronglyfelt.
Thus,futureresearch mightexploretheextentto
whichselectionbiasinTwitterusersinfluencesthe
measurementoftheseemotionsbypairingcompu-
tationalfocusgroupanalysis withgeographically
targetedsurveys. Morespecifically,surveyscanbe
usedtomeasuretheoveralllevelofemotionacross
differentgeographicareas.This measurementcan
thenbecomparedtoexpressionsofemotionon
Twitterwithincomparableareas.Ifselectionbias
is minimal,thetwo measurementsshouldbewell
correlated.Researcherscanthenrelyonthe more

temporallyfine-grainedcomputationalfocusgroup
datawithmoreconfidence.
Nonetheless,dependingontheresearchquestion,

theselectionofover-activeusers may,infact,be
desirable.Incomputationalfocusgroups,selection
biasleadstoanover-representationoftheindividuals
inatheoreticallyimportantcategory–thosewho
expressthemselvesonsocialmedia.Theseindividu-
alsarelikelytohavemoresocialinfluenceintimes
ofterrorandthusare worthyoffurtherstudy.
Futureresearchmightfocusmoreontherolesthat
theseactivemembersplayinspreadinginformation
oremotion(84).Inparticular,experimentaldesigns
mightrecruitpoolsdrawnfromactiveandinactive
socialmediauserstoseeiftheyresponddifferently
tohypotheticalstimuli.
Finally,inthisstudywealsodonotmakeadis-

tinctionbetweenemotionsexpressedandemotions
felt.ThoughLIWChasbeenvalidatedinnumerous
studies(74),itcannotdistinguishbetweennormsof
expressionandsincerefeelings.Asmentionedabove,
geographicallytargetedsurveyresearchmightlook
forcorrespondencebetweenwhatpeoplesayandhow
theyfeel.Morebroadly,experimentaldesignsmight
includemockTwitterinterfacesinwhichindividuals
areencouragedtotweetinresponsetohypothetical
disastersaswellasrespondtosurveyquestionsthat
probetheirtruefeelings.Suchstudies may more
preciselydeterminetherelationshipbetweenwhat
peoplefeelandwhattheysaywhenconfrontedwith
terrorism.

5. CONCLUSION

Inthispaperweintroducecomputationalfocus
groupsforanalyzingsocial mediaresponsesto
terroristattacks. Results werelargelyconsistent
withpriortheories,confirminginparticularboth
theassociationbetweengeographicproximityand
distressandtheemotion-attenuatingeffectofsocial
support.Thetechniquealsoaffordedthedetectionof
noveleffects,suchasthedualroleofnewsmediain
relationtoanxiety,aswellasevidenceforadynamic
relationshipbetweenanxietyandsadness.Future
researchmayseektofurthervalidatetheapproach
aswellasexplorethesenewavenues.
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APPENDIX

Locationrepresentativeness

WepartitionthewholeParisareaintogridcells,
each1km2 ingridsize,andcompareourtweet
datacoveragewiththehourlytrafficoccupancyrate
inParis.Thegridcoverage,ρ,isdefinedasthe
fractionofgridswithatleastonegeo-taggeduser
andhis/hertweetsinourcollectionateachhour.
Thetrafficoccupancyrate,TOR,isdefinedasthe
fractionoftimetheroadsegmentisoccupiedwith
traffic,e.g.,10%occupancyrateindicatestheroad
segmentisoccupiedwithtrafficforsixminutes. We
usethetrafficoccupancyrateasaproxyfordynamic
populationpersmallregion,astheexistingcensus
statisticsaretoocoarsetoreflectthefine-grained
populationdistribution.Theestimationisbasedon
thedatacollectionwithinoneweekpriortotheParis
attacks,witha4-hourmovingaveragewindowfor
bothρandTORtoavoidaboundaryeffect.The

Table A-I.Locationcoveragebytrafficoccupancyrate

TOR ρ

<1% 42.4%
1–5% 64.9%
5–10% 88.0%
10–15% 86.8%
15–20% 83.4%
20–25% 85.1%
≥25% 85.1%
Overall 77.2%

tableindicatesthatourdatasethascomprehensive
locationcoverage,withhighercoverageingridswith
5%orgreatertrafficoccupancyrate.

Choiceoftemporalresolution

InFig.A-Iweplotthehourlycountsoftweets
postedbyalltheParisuserswithinthetwoweeks
centeredonthe Parisattackevent. Theevent
occurredat November1320:16 UTC,andthe
numberoftweetsperhourpeakedtwohoursafter
thefirstattack.Specifically,therawcountsofhourly
tweets,andtweetsexpressinganxiety/anger/sadness
reachedtheirhighestpointsat22:00–23:00(see
Fig. A-I(a–d)respectively). Theextractionof
thethreedifferentexpressionsarebasedonwords
containedintheLIWClexicon,asdescribedin2.2.
Thehourlycountsquicklydroppedinthenexttwo
hoursastheusers’activitywentdownatmidnight.
Thehourlycounts(shownasblacklines)exhibita
clearcyclicpatternreflectingthediurnalrhythms
ofusertweetingactivity. Toeliminatethecyclic
pattern,weaveragethehourlycountsthrougha
24-hourrollingwindow(shownasredlines).Itcan
beseenthattheheightenedresponse,intermsof
theaveragehourlycounts,graduallydeclinedinthe
nextfourdayscomparedwiththepre-eventhourly
counts.

EffectofTime-variantvariables

Theeffectoftime-variantvariablesmeasuredin
twotimeperiodscanbecompetinginthefullmodels
(M2,M4,andM6)duetotheirstrongcorrelations.
Hereweprovideadditionalmodelswhereonlyone
setofvariablesispresent.TableA-IIshowsthesame
specificationas M2,exceptthatthebaseline(B)
variablesareexcludedandonlyvariablesmeasuredin
theimmediateresponseperiod(I)remain.Compared
with TableIII,theimpactofgeo-proximity(I)

https://genderize.io/
https://genderize.io/
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Fig. A-I. HourlycountsoftweetspostedbytheParisusersbeforeandaftertheParisattackevent.Thefigureshowshourly

countsof(a)tweetsintotal,(b)tweetsexpressinganxiety,(c)tweetsexpressinganger,and(d)tweetsexpressingsadness.Blue
verticaldashedlinesindicatethetimeoftheevent–November1320:16UTC.Blacklinesshowtherawcountsofthetweets
ineachhour,andredlinesaretherollingaverageofhourlytweetsafterremovingthedailycyclictrendwitha24-hourrolling

window.

ontheanxietyintensityisclearlyshown,andthe
model M2a(withimmediateresponsevariables)
slightlyoutperforms M1(withbaselinevariables)
intermsofadjusted R2. Table A-IIIshowsthe
samespecificationas M4,withoutthebaseline(B)
variablesandonlytime-dependentvariables(T)
measuredonadailybasisremain. This model,
M4a,alsohasbetterpredictionperformancethan
M3.TableA-XXIIshowsthesamespecificationas
M6,witheitherthebaseline(B)variablesorthe
immediateresponsevariables(I).Comparedwith
TableVandIII,weseeasimilarimpactofmention
rate(I)onthesadnessintensityinthesecondevent
asintheParisattacks.

Distressresponsesbygender

Fig A-IIshowsagenderbreakdownofthe
distressresponsesbeforeandaftertheParisattacks.
Forboth menand women,theattackshada
significantimpactontheexpressionofallthree
emotioncategories,asthewithin-subjectdifferences
between“before”and“after”areallsignificant(all
withp<10−4basedonapaired Wilcoxonsigned

Table A-II.Regressionresultsforimmediatedistress

increaseresponse,usingonlythevariablesmeasuredinthe
immediateresponseperiod(I)

M2a

anxiety anger sadness

gendermale −0.002 −0.004 −0.02∗∗

activityhigh −0.10∗∗ −0.26∗∗∗ −0.20∗∗∗

tweetrate −0.04∗∗ −0.10∗∗∗ −0.11∗∗∗

positiverate −0.01 −0.01∗ 0.02∗∗∗

friendcount −0.01 0.001 −0.01
followercount 0.002 −0.0001 −0.002
geo-proximity(I) 0.01∗ 0.01 0.01∗∗

mentionrate(I) −0.03 −0.03 −0.11∗∗∗

mediaexposure(I) 0.29∗∗∗ 0.15 −0.03
activityHigh:tweetRate 0.01 0.07∗∗∗ 0.04∗∗∗

Constant 0.42∗∗∗ 0.56∗∗∗ 0.62∗∗∗

Observations 785 807 846
R2 0.37 0.36 0.35
AdjustedR2 0.36 0.35 0.34

Note: ∗p<0.1;∗∗p<0.05;∗∗∗p<0.01

ranktest). However,thedifferencesbetweenthe
twogroupsvaryacrossemotioncategories.Before
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TableA-III.Survivalanalysisfordistressrecoveryduration,

usingonlythetime-dependentvariablesmeasureddaily(T)

M4a

anxiety anger sadness

gendermale −0.03 −0.02 −0.06∗

activityhigh −0.04 0.11 0.10
tweetrate 0.14 0.03 −0.01
positiverate −0.01 0.04 0.004
friendcount 0.02 −0.02 0.02
followercount −0.01 −0.003 −0.04∗

geo-proximity(T) 0.04∗∗∗ 0.05∗∗∗ 0.06∗∗∗

mentionrate(T) 0.0004 0.01 −0.005
mediaexposure(T) −0.02 0.16 −0.13∗∗

activityHigh:tweetRate −0.06 0.001 0.12∗

Constant 1.72∗∗∗ 1.68∗∗∗ 1.63∗∗∗

Log(scale) −0.77∗∗∗ −0.79∗∗∗ −0.78∗∗∗

Observations 747 750 795
LogLikelihood -1,575.62 -1,638.40 -1,714.91
χ2(df=10) 40.17∗∗∗ 51.76∗∗∗ 48.93∗∗∗

Note: ∗p<0.1;∗∗p<0.05;∗∗∗p<0.01

theattacks,women’srateofanxietyexpressionwas
significantlyhigherthanmen’s(p=0.01basedona
Wilcoxonsignedranktest);aftertheattacks,therate
increasewassignificantattheindividuallevel,but
thedifferencebetweentwogroupswasinsignificant
(p=0.08).Forsadness,therewasnosignificant
differenceinthesadnessexpressionratebetween
menand womenbeforetheattack(p=0.16);
however,aftertheattack,notonlywasthewithin-
subjectrateincreasesignificant,butthedifference
betweentwogroupswasalsosignificant(p<10−3).
Intermsofangerexpressionrate,therewereno
significantdifferencesbetweenmenandwomenboth
beforeandaftertheattacks(p=0.60andp=
0.15,respectively),andonlytheindividual-levelrate
increasewassignificant.

Modelestimationdetails

Insection3,wesummarizetheanalysisresults
basedonmodels M1–M6(TableIII,IV,andV).
Hereweprovidethemodelestimationdetailsforeach
ofthemodels,includingtheestimatesofthemodels’
theoreticalvariablesandeffectsize.Theinterpre-
tationofsignificanteffect,iffoundintheoretical
variables,arealsosummarized.TableA-IV,A-V,
andA-VIincludethedetailsof M1withrespectto
anxiety,anger,andsadness,respectively.Similarly,
TablesA-VII–A-XXIsupplementthedetailsforM2–
M6.

Table A-IV.M1-anxiety:theoreticalvariablesandmodel
estimationdetails.

Covariate Coef. p-value 95%CI

geo-proximity(B) 0.01 0.044 (0.0003,0.02)
gendermale -0.0001 0.986 (-0.02,0.02)
mentionrate(B) -0.01 0.650 (-0.08,0.05)
mediaexposure(B) 0.03 0.178 (-0.01,0.08)

MultipleR2:0.36;AdjustedR2:0.35;Cohen’sf2:0.53
F-statistic:42.94on10and774DF,p-value:<2.2×10−16

Controlvariables:tweetrate× activityhigh,positive
rate,friendcount,followercount
Maineffectinterpretation:
geo-proximity(B):1%decreseindistancefromattack
sitesisassociatedwitha0.01%unitincreaseinanxiety
rateonaverage,allelseconstant.

Table A-V.M1-anger:theoreticalvariablesandmodel

estimationdetails.

Covariate Coef. p-value 95%CI

geo-proximity(B) 0.01 0.110 (-0.002,0.02)
gendermale -0.004 0.658 (-0.02,0.01)
mentionrate(B) -0.03 0.380 (-0.10,0.04)
mediaexposure(B) 0.02 0.392 (-0.03,0.07)

MultipleR2:0.36;AdjustedR2:0.35;Cohen’sf2:0.55
F-statistic:45.18on10and796DF,p-value:<2.2×10−16

Controlvariables:tweetrate× activityhigh,positive
rate,friendcount,followercount
Maineffectinterpretation:N/A.

Table A-VI.M1-sadness:theoreticalvariablesandmodel

estimationdetails.

Covariate Coef. p-value 95%CI

geo-proximity(B) 0.01 0.356 (-0.01,0.02)
gendermale -0.02 0.014 (-0.04,-0.004)
mentionrate(B) -0.07 0.048 (-0.14,-0.001)
mediaexposure(B) 0.03 0.190 (-0.01,0.08)

MultipleR2:0.34;AdjustedR2:0.34;Cohen’sf2:0.50
F-statistic:43.59on10and835DF,p-value:<2.2×10−16

Controlvariables:tweetrate× activityhigh,positive
rate,friendcount,followercount
Maineffectinterpretation:
gender male: Userswithgenderfemaleareassociated
witha0.02unitincreaseinsadnessrateonaverage,all
elseconstant.
mentionrate(B): Each unitincreasein mention
(proportionoftweetscontaining@-mention)priortothe
eventisassociatedwitha0.07unitdecreaseinsadness
rateonaverage,allelseconstant.
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Fig. A-II. TheaffectresponsesbeforeandaftertheParisattacks,bygendergroup.

Table A-VII.M2-anxiety:theoreticalvariablesandmodel
estimationdetails.

Covariate Coef. p-value 95%CI

geo-proximity(B) 0.01 0.179 (-0.004,0.02)
gendermale -0.001 0.892 (-0.02,0.01)
mentionrate(B) -0.01 0.716 (-0.09,0.06)
mediaexposure(B) 0.02 0.460 (-0.03,0.07)
geo-proximity(I) 0.004 0.507 (-0.01,0.02)
mentionrate(I) -0.02 0.517 (-0.08,0.04)
mediaexposure(I) 0.28 0.0005 (0.13,0.44)

MultipleR2:0.37;AdjustedR2:0.36;Cohen’sf2:0.55
F-statistic:34.46on13and771DF,p-value:<2.2×10−16

Controlvariables:tweetrate× activityhigh,positive
rate,friendcount,followercount
Maineffectinterpretation:
media exposure(I): Each unitincreasein media
exposure(proportionoftweetscontainingmediaURLs)
immediatelyaftertheeventisassociatedwitha0.28unit
increaseinanxietyrateonaverage,allelseconstant.

Table A-VIII.M2-anger:theoreticalvariablesandmodel

estimationdetails.

Covariate Coef. p-value 95%CI

geo-proximity(B) 0.01 0.265 (-0.01,0.02)
gendermale -0.004 0.668 (-0.02,0.01)
mentionrate(B) -0.02 0.644 (-0.10,0.06)
mediaexposure(B) 0.02 0.463 (-0.03,0.07)
geo-proximity(I) 0.004 0.571 (-0.01,0.02)
mentionrate(I) -0.02 0.526 (-0.09,0.05)
mediaexposure(I) 0.14 0.193 (-0.07,0.36)

MultipleR2:0.36;AdjustedR2:0.35;Cohen’sf2:0.55
F-statistic:34.9on13and793DF,p-value:<2.2×10−16

Controlvariables:tweetrate× activityhigh,positive
rate,friendcount,followercount
Maineffectinterpretation:N/A.

Table A-IX.M2-sadness:theoreticalvariablesandmodel
estimationdetails.

Covariate Coef. p-value 95%CI

geo-proximity(B) -0.002 0.853 (-0.02,0.01)
gendermale -0.02 0.012 (-0.04,-0.01)
mentionrate(B) -0.01 0.725 (-0.10,0.07)
mediaexposure(B) 0.03 0.255 (-0.02,0.07)
geo-proximity(I) 0.01 0.085 (-0.002,0.03)
mentionrate(I) -0.11 0.007 (-0.18,-0.03)
mediaexposure(I) -0.03 0.860 (-0.33,0.28)

MultipleR2:0.35;AdjustedR2:0.34;Cohen’sf2:0.52
F-statistic:34.65on13and832DF,p-value:<2.2×10−16

Controlvariables:tweetrate× activityhigh,positive
rate,friendcount,followercount
Maineffectinterpretation:
gender male: Userswithgenderfemaleareassociated
witha0.02unitincreaseinsadnessrateonaverage,all
elseconstant.
mentionrate(I):Eachunitincreaseinmediaexposure
(proportionoftweetscontainingmediaURLs)immedi-
atelyaftertheattacksisassociatedwitha0.11unit
decreaseinsadnessrateonaverage,allelseconstant.

Table A-X.M3-anxiety:theoreticalvariablesandmodel

estimationdetails.

Covariate Coef. p-value 95%CI

geo-proximity(B) 0.01 0.473 (-0.02,0.05)
gendermale -0.04 0.290 (-0.11,0.03)
mentionrate(B) 0.01 0.563 (-0.02,0.04)
mediaexposure(B) -0.03 0.081 (-0.07,0.004)

Weibulldistribution;Scale=0.465
Loglik(model)=-1577.8;Loglik(interceptonly)=-1595.7
χ2=35.77on10DF,p=9.2×10−5

Controlvariables:tweetrate× activityhigh,positive
rate,friendcount,followercount
Maineffectinterpretation:N/A.
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Table A-XI.M3-anger:theoreticalvariablesandmodel

estimationdetails.

Covariate Coef. p-value 95%CI

geo-proximity(B) -0.02 0.262 (-0.05,0.01)
gendermale -0.03 0.385 (-0.10,0.04)
mentionrate(B) -0.04 0.031 (-0.07,-0.004)
mediaexposure(B) 0.03 0.117 (-0.01,0.06)

Weibulldistribution;Scale=0.453
Loglik(model)=-1639.5;Loglik(interceptonly)=-1664.3
χ2=49.49on10DF,p=3.3×10−7

Controlvariables:tweetrate× activityhigh,positive
rate,friendcount,followercount
Maineffectinterpretation:
mentionrate(B): Each unitincreasein mention
(proportionoftweetscontaining@-mention)priortothe
eventisassociatedwithafasterrecoveryinangerrateby
afactorof0.96.

Table A-XII.M3-sadness:theoreticalvariablesandmodel
estimationdetails.

Covariate Coef. p-value 95%CI

geo-proximity(B) -0.01 0.396 (-0.05,0.02)
gendermale -0.06 0.057 (-0.13,0.002)
mentionrate(B) -0.03 0.120 (-0.06,0.01)
mediaexposure(B) 0.003 0.838 (-0.03,0.04)

Weibulldistribution;Scale=0.461
Loglik(model)=-1721.7;Loglik(interceptonly)=-1739.4
χ2=35.34on10DF,p=0.00011

Controlvariables:tweetrate× activityhigh,positive
rate,friendcount,followercount
Maineffectinterpretation:N/A.

Table A-XIII.M4-anxiety:theoreticalvariablesandmodel

estimationdetails.

Covariate Coef. p-value 95%CI

geo-proximity(B) 0.01 0.732 (-0.03,0.04)
gendermale -0.04 0.318 (-0.11,0.03)
mentionrate(B) 0.01 0.713 (-0.03,0.05)
mediaexposure(B) -0.03 0.076 (-0.07,0.003)
geo-proximity(T) 0.04 0.011 (0.01,0.07)
mentionrate(T) -0.004 0.824 (-0.04,0.03)
mediaexposure(T) -0.02 0.307 (-0.06,0.02)

Weibulldistribution;Scale=0.461
Loglik(model)=-1574;Loglik(interceptonly)=-1595.7
χ2=43.33on13DF,p=4×10−5

Controlvariables:tweetrate× activityhigh,positive
rate,friendcount,followercount
Maineffectinterpretation:
geo-proximity(T):1%decreaseindistancefromattack
sitesisassociatedwithaslowerrecoveryinsadnessrate
byafactorof1.04onaverage,allelseconstant.

Table A-XIV.M4-anger:theoreticalvariablesandmodel

estimationdetails.

Covariate Coef. p-value 95%CI

geo-proximity(B) -0.03 0.072 (-0.06,0.003)
gendermale -0.03 0.377 (-0.09,0.04)
mentionrate(B) -0.05 0.007 (-0.09,-0.01)
mediaexposure(B) 0.03 0.135 (-0.01,0.06)
geo-proximity(T) 0.05 0.001 (0.02,0.08)
mentionrate(T) 0.03 0.010 (-0.01,0.06)
mediaexposure(T) 0.08 0.758 (-0.45,0.61)

Weibulldistribution;Scale=0.449
Loglik(model)=-1632.9;Loglik(interceptonly)=-1664.3
χ2=62.7on13DF,p=1.7×10−8

Controlvariables:tweetrate× activityhigh,positive
rate,friendcount,followercount
Maineffectinterpretation:
mentionrate(B): Each unitincreasein mention
(proportionoftweetscontaining@-mention)priortothe
eventisassociatedwithafasterrecoveryinangerrateby
afactorof0.95.
geo-proximity(T):1%decreaseindistancefromattack
sitesisassociatedwithaslowerrecoveryinsadnessrate
byafactorof1.05onaverage,allelseconstant.
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Table A-XV.M4-sadness:theoreticalvariablesandmodel

estimationdetails.

Covariate Coef. p-value 95%CI

geo-proximity(B) -0.03 0.118 (-0.06,0.01)
gendermale -0.06 0.079 (-0.12,0.01)
mentionrate(B) -0.03 0.145 (-0.06,0.01)
mediaexposure(B) -0.002 0.924 (-0.03,0.03)
geo-proximity(T) 0.06 <0.0001 (0.03,0.09)
mentionrate(T) 0.002 0.911 (-0.03,0.04)
mediaexposure(T) -0.14 0.041 (-0.27,-0.01)

Weibulldistribution;Scale=0.454
Loglik(model)=-1712.4;Loglik(interceptonly)=-1739.4
χ2=53.91on13DF,p=6.3×10−7

Controlvariables:tweetrate× activityhigh,positive
rate,friendcount,followercount
Maineffectinterpretation:
geo-proximity(T):1%decreaseindistancefromattack
sitesisassociatedwithaslowerrecoveryinsadnessrate
byafactorof1.06onaverage,allelseconstant.
mediaexposure(T): Each unitincreasein media
exposure(proportionoftweetscontainingmediaURLs)
eachdayisassociatedwithafasterrecoveryinsadness
byafactorof0.86onaverage,allelseconstant.

Table A-XVI.M5-anxiety:theoreticalvariablesandmodel
estimationdetails.

Covariate Coef. p-value 95%CI

gendermale -0.16 0.245 (-0.42,0.11)
mentionrate(B) 0.55 0.310 (-0.51,1.61)
mediaexposure(B) -0.13 0.681 (-0.73,0.48)
mentionrate(I) -0.49 0.220 (-1.28,0.29)
mediaexposure(I) 1.02 0.659 (-3.52,5.56)

MultipleR2:0.36;AdjustedR2:0.31;Cohen’sf2:0.45
F-statistic:7.687on11and153DF,p-value:<1.7×10−10

Controlvariables:tweetrate× activityhigh,positive
rate,friendcount,followercount
Maineffectinterpretation:N/A.

Table A-XVII.M5-anger:theoreticalvariablesandmodel

estimationdetails.

Covariate Coef. p-value 95%CI

gendermale -0.09 0.493 (-0.33,0.16)
mentionrate(B) 0.18 0.738 (-0.86,1.21)
mediaexposure(B) 0.31 0.291 (-0.26,0.87)
mentionrate(I) 0.04 0.911 (-0.72,0.81)
mediaexposure(I) -2.84 0.254 (-7.69,2.02)

MultipleR2:0.22;AdjustedR2:0.18;Cohen’sf2:0.22
F-statistic:5.711on11and221DF,p-value:<4.3×10−8

Controlvariables:tweetrate× activityhigh,positive
rate,friendcount,followercount
Maineffectinterpretation:N/A.

Table A-XVIII.M5-sadness:theoreticalvariablesand
modelestimationdetails.

Covariate Coef. p-value 95%CI

gendermale -0.08 0.493 (-0.29,0.14)
mentionrate(B) -0.02 0.967 (-0.87,0.84)
mediaexposure(B) -0.13 0.611 (-0.63,0.37)
mentionrate(I) -0.50 0.165 (-1.19,0.20)
mediaexposure(I) -2.95 0.157 (-7.03,1.12)

MultipleR2:0.37;AdjustedR2:0.34;Cohen’sf2:0.51
F-statistic:11.75on11and222DF,p-value:<2.2×10−16

Controlvariables:tweetrate× activityhigh,positive
rate,friendcount,followercount
Maineffectinterpretation:N/A.

Table A-XIX.M6-anxiety:theoreticalvariablesandmodel

estimationdetails.

Covariate Coef. p-value 95%CI

gendermale -0.10 0.477 (-0.36,0.17)
mentionrate(B) 0.77 0.160 (-0.30,1.83)
mediaexposure(B) -0.04 0.885 (-0.65,0.56)
mentionrate(I) -0.58 0.150 (-1.38,0.21)
mediaexposure(I) 0.05 0.983 (-4.52,4.62)
sadness(PI) 0.09 0.205 (-0.05,0.22)
anger(PI) 0.12 0.103 (-0.02,0.26)
anxiety(PI) 0.08 0.303 (-0.07,0.22)

MultipleR2:0.39;AdjustedR2:0.33;Cohen’sf2:0.49
F-statistic:6.735on14and150DF,p-value:<1.6×10−10

Controlvariables:tweetrate× activityhigh,positive
rate,friendcount,followercount
Maineffectinterpretation:N/A.
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Table A-XX.M6-anger:theoreticalvariablesandmodel

estimationdetails.

Covariate Coef. p-value 95%CI

gendermale -0.11 0.415 (-0.36,0.15)
mentionrate(B) 0.20 0.702 (-0.84,1.25)
mediaexposure(B) 0.35 0.237 (-0.23,0.92)
mentionrate(I) 0.09 0.818 (-0.68,0.86)
mediaexposure(I) -2.70 0.288 (-7.67,2.27)
sadness(PI) -0.003 0.962 (-0.13,0.12)
anger(PI) -0.07 0.301 (-0.19,0.06)
anxiety(PI) 0.03 0.591 (-0.09,0.15)

MultipleR2:0.23;AdjustedR2:0.18;Cohen’sf2:0.21
F-statistic:4.553on14and218DF,p-value:<3.3×10−7

Controlvariables:tweetrate× activityhigh,positive
rate,friendcount,followercount
Maineffectinterpretation:N/A.

Table A-XXI.M6-sadness:theoreticalvariablesandmodel

estimationdetails.

Covariate Coef. p-value 95%CI

gendermale -0.08 0.474 (-0.30,0.14)
mentionrate(B) 0.09 0.835 (-0.76,0.94)
mediaexposure(B) -0.16 0.515 (-0.65,0.33)
mentionrate(I) -0.52 0.136 (-1.21,0.16)
mediaexposure(I) -2.06 0.330 (-6.19,2.07)
sadness(PI) 0.05 0.341 (-0.06,0.16)
anger(PI) 0.01 0.866 (-0.10,0.12)
anxiety(PI) -0.19 0.001 (-0.29,-0.08)

MultipleR2:0.40;AdjustedR2:0.36;Cohen’sf2:0.57
F-statistic:10.53on14and219DF,p-value:<2.2×10−16

Controlvariables:tweetrate× activityhigh,positive
rate,friendcount,followercount
Maineffectinterpretation:
anxiety(PI):Eachunitincreaseinanxietyratefollowing
Parisattackscomparedtotheindividual’spre-impact
stateisassociatedwitha0.19unitedecreaseinsadness
ratefollowing Brusselsattacksonaverage,allelse
constant.
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Table A-XXII.Regressionresultsforimmediatedistressincreaseresponse(ParisusersduringBrusselsattacks). M6ausesonly

thevariablesmeasuredpriortotheevent(B),and M6bonlythevariablesmeasuredintheimmediateresponseperiod(I).

M6a M6b

anxiety anger sadness anxiety anger sadness

gendermale −0.08 −0.12 −0.09 −0.09 −0.09 −0.08
mentionrate(B) 0.24 0.34 −0.30
mediaexposure(B) −0.07 0.32 −0.18
activityhigh −2.06∗∗∗ −0.67 −4.46∗∗∗ −2.16∗∗∗ −0.70 −4.39∗∗∗

tweetrate −0.73∗∗∗ −0.44∗∗ −1.48∗∗∗ −0.77∗∗∗ −0.45∗∗ −1.46∗∗∗

positiverate 0.02 0.14 0.01 0.04 0.12 0.02
friendcount −0.07 −0.07 0.05 −0.07 −0.02 0.05
followercount −0.03 −0.01 0.04 −0.03 −0.02 0.03
mentionrate(I) −0.17 0.09 −0.42∗

mediaexposure(I) −0.36 −2.53 −2.35
sadness(PI) 0.07 0.005 0.04 0.08 0.004 0.05
anger(PI) 0.10 −0.07 −0.002 0.11 −0.06 0.01
anxiety(PI) 0.09 0.03 −0.19∗∗∗ 0.07 0.03 −0.18∗∗∗

activityHigh:tweetRate 0.42∗∗ 0.04 1.14∗∗∗ 0.45∗∗ 0.04 1.12∗∗∗

Constant 4.01∗∗∗ 2.22∗∗∗ 5.61∗∗∗ 4.15∗∗∗ 2.36∗∗∗ 5.49∗∗∗

Observations 165 233 234 165 233 234
R2 0.38 0.22 0.39 0.38 0.22 0.40
AdjustedR2 0.33 0.18 0.36 0.33 0.18 0.37

Note: ∗p<0.1;∗∗p<0.05;∗∗∗p<0.01
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