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ABSTRACT

Althoughbusinessandresearchersacknowledgetheimportanceofsocialmedia,littleresearchhas
been conducted to explore what attracts people to follow brand Twitter accounts. This research
attemptstoachieveananalyticalunderstandingofthefactorsthatcontributetobrandTwitterfollower
countbasedonsocialnetworkandcommunicationtheories.Usingdatafrom346Twitteraccounts
spanning48industriesand31countries,theauthorsfoundthatthequalityandquantityoftweets,
aswellassociallearningofbrandTwitteraccountsarepositivelyrelatedtobrandTwitteraccount
followers;contrarytopopularbelief,theuseofhashtagsandlinksandinteractivitywithusersare
notpositivelyrelatedtobrandTwitteraccountfollowers.Thestudyisamongthefirsttoinvestigate
whatattractsbrandTwitteraccountfollowers,whichoffersimportantstrategicrecommendationsfor
brandsocialmediamanagersonhowtomanagetheirsocialmediaaccounts.
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INTROdUCTION

The era of social media has afforded new communication channels for businesses in attracting,
developing,andmaintainingcustomers(Li,Berens,&Maertelaere,2013;Wamba,Akter,Bhattacharyya
&Aditya;2016).Socialmedia,i.e.,theInternet-basedapplicationsthatallowthecreationandexchange
ofuser-generatedcontent(Kaplan&Haenlein,2010)hasgainedstrategicimportanceasapowerful
newformofelectronicwordofmouth,reportedbeingapproximatelytwentytimesmoreeffective
thanmarketingeventsandthirtytimesmoreeffectivethanmediaappearances(Trusov,Bucklin&
Pauwels,2009).Researchfoundthatfollowersofbrandonsocialmediahavehighertrustandbrand
identification(Kim,Sung,&Kang,2014;Maldonado&Sierra;2016;Díaz-Díaz&Pérez-González;
2016),aremoreloyaltothebrand(Laroche,Habibi,Richard&Sankaranarayanan,2012;Laroche,
Habibi&Richard,2013),havehighercustomerpurchaseintentions(Goh,Heng&Lin,2014;Kim&
Ko,2012),buymorefrequently,andaremoreprofitable(Rishika,Kumar,Janakiraman&Bezawada,
2013).Socialmediaengagementsalsoenhancebrandequity,relationshipequity,andvalueequity
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(Kim&Ko,2012;Yu,Duan&Cao,2013).Twitter,amicrobloggingandsocialnetworkingservice,
inparticular,isnoteworthy.Launchedin2007,Twitternowhas330millionmonthlyactiveusers,
500milliontweetsperday,and80%usersonmobile(asofSeptember2019).Twitterhasbecome
thesocialplatformofchoiceforbrands’customerengagement,with413companies(83%)ofthe
Fortune500activeonTwitter(Barnes&Andonian,2014).

Althoughbusinessandresearchersacknowledgethestrategicimportanceofsocialmedia,little
research has been conducted to explore what attracts people to follow brands’ twitter accounts.
Followercount isakeymetric forsocialmediamarketingas it isTwitter’smostbasiccurrency
(Hutto,Yardi,&Gilbert;2013).Thefollowersformanaudiencetothebrandandprovidethebrand
accesstoanetworkofsocialties,resources,andinfluence(Huttoetal.,2013).Mostpriorresearch
hasaddressedbrands’Twitterfollowersfromeitherthebrandrelationshiportheneedsatisfaction
perspective.ResearchreportedthatusersfollowabrandonTwittertoengageinthebrandcommunity
(Phua,Jin&Kim;2017),orasaresultofbrandattachment(Chu,Chen,&Sung;2016).Yang(2011)
arguedthatbyfollowingabrand’sTwitteraccount,individualsfulfillthesenseofbelongingand
citizenship.Zhu&Chen(2015)thoughtthatindividualsseekself-esteemandrelatednessbyfollowing
brandsonTwitter.However,theseresearchesarefromafollower’sperspective,i.e.,whatfollowers
needandwant.Mostofthemhaveusedpsychologicalmeasuresasthedependentvariable,rather
thanactualfollowercounts.Furthermore,littleresearchhasexploredthefeaturesofbrandactivities
(e.g.,interaction,frequencyofposting)andtheirimpactonfollowercounts.

Afewscholarlyworkshaverevealedsomepreliminaryfindingsregardingfollowercountfrom
theaccountactivityperspective.Huttoetal.(2013)reportedthatmessagecontent,socialbehavior,
andnetworkstructurecouldpredictfollowercountsforTwitteraccounts.Unfortunately,theresearch
wasonlygearedtowardindividualTwitteraccounts,notbusinessorbrandaccounts,withnobrand-
relatedvariablesinthemodel.Levine,Mann&Mannor(2015)foundthatlearningactivelyonline
canprovidedeeperinsightsintohowtoattractfollowers.Stevanovich(2012)arguedthatengaging
users,developingrelationshipsandcompellingcontentarekeycomponentsofsuccessinsocialmedia
discourse.Mueller&Stumme(2017)exploredhowuserprofilesonTwitteraffectfollowercounts.
Despite thesepioneerworks,nocomprehensiveresearch that integratesboth thecommunication
perspective and social network perspective has been conducted specifically on business Twitter
accounts.Thispaperattemptstoachieveananalyticalunderstandingofthefactorsthatcontributeto
thenumberoffollowersforbrandsonTwitterbasedonanintegrativemodelencompassingboththe
communicationperspectiveandsocialnetworkperspectivewithacomprehensivesetofvariables
selectedbasedonsoundtheoreticalframework.Specifically,weseektoexaminehowGrice’sMaxims
ofcommunication,sociallearningandsocialinteractivitycontributetobrands’twitterfollowercounts
andpresentstrategicrecommendationsforsocialmediamarketingmanagers.Ourresultshighlight
theimportanceofqualityofthetweets,tweetpresentation,tweetfrequencyandsociallearningto
followercounts.

Thisresearchcontributestotheliteratureintwoways.First,forpractitioners,thenumberof
followershaslongbeenusedasamainperformanceindexforsocialmediametrics(Adweek,2011).
However,mostoftheresultsarefromtradejournalsorbloggers,whileacademicresearchthatisbased
ontheoryandempiricallytestedislittle.Thus,thisresearchhelpstoclarifythequestionofhowto
attractTwitterfollowersforbrandsmanagingtheirTwitteraccounts,andgivesaclearpicturetobrand
socialmediamanagersaboutwhattodobasedonatheory-guided,andempiricallyvalidatedresearch.
Second,theoretically,thisresearchcontributesbyintegratingresearchfromboththecommunication
perspectiveandthesocialnetworkperspectivetodevelopandtestatheoreticallyandempirically
drivenmodelofcontributingtobrands’Twitterfollowercounts.Bygroundingourmodelintheories
ofcommunicationandsocialnetworks,wehighlightthesignificantroleofqualityandquantityof
Tweets,thepresentationofTweetsfromthecommunicationsperspective,andsociallearningfrom
thesocialnetworksperspectiveaskeydriversofTwitterfollowercounts.
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In thefollowingsections,wewill firstgiveanoverviewofbrands’Twitteraccountsandan
explanationofthewaysinwhichbrands’Twitteraccountsoperate.Wewillnextdescribethenature
oftheTwitterdataweuseforourexploratoryanalyses,offerbasicdescriptiveresults,anddevelop
ourhypotheses.Then,thepaperwillprovideafewin-depthanalysesofthevariableslinkedtobrand
twitterfollowercounts.

BRANd TWITTER ACCOUNT ACTIVITIES

Twitterallowscorporationstobuildbrandpageswithcustomizablelogosandfeatures.Brandsareable
tobuildaprofilethatconsistsoftheirusername,photo,bio,aswellastheirwebsiteonTwitter,which
people,aswellasotherbrands,canfollowtoseeallthepostingsbythebrand.BrandspostTweets,
shortmessagesthatareupto280-charactersinlength,whicharevisibletoallusersandupdatedin
theirfollowers’timelines.Userscanchoosetoretweetoriginalmessagesfromotheraccounts.Retweets
enableuserstospreadinformationoftheirchoicebeyondthereachoftheoriginaltweetaccount’s
followers.UserscanalsoexpresstheirloveforacertainTweetbymarkingitasa“Favorite”,which
isasmallstariconatthebottomoftheTweet.TwitterdesignedtheFavoritemechanismtoallow
usersavirtualwayofsayingthemlikeitenoughtomarkit.

Twitterofferssometoolstoorganizeusers’posting.Forexample,youcanaddcategoriestoyour
tweetbyusing“hashtag”,i.e.,the#symbol(e.g.#BlackFriday)eitherastheyappearinasentence,
e.g.,“FindtheBest#BlackFridayDeals”orappendedtoitlike“FindtheBestBlackFridayDeals.
#BlackFriday”. A hashtag allows grouping of similarly tagged messages, as well as allowing a
keywordsearchtoreturnallmessagesthatcontainit.Thehashtagfunctionhasbeenimplemented
acrossdifferentsocialplatformsbesidesTwitter,suchasFacebook,Pinterest,andInstagram,toallow
foreasysearchingandcontent-categorization.Youcanalsomentionotherusersintweetstodirect
ittowardsthembyusingthe@symbol(e.g.@twitter).Theusersthatarementionedinthetweets
willbeabletoseethemessageattheirtimelineandrespondtoit.Figure1(a)belowshowshowwe
canusethe@symboltodirecttheconversation.

AlthoughTwitterhasa280characterslimit,youcanembedlinkstoyourtweetstodirectusers
tomoredetails.Ifthelinkpointstoapicture,thepicturewillautomaticallybedisplayedinnon-
mobilebrowsers.Figure1bbelowshowsonembeddedlinkslooklikeintweets.Astweetsarea
blendofmessagesandsymbolssuchas#andlinkstootherresources,thepresentationsoftweets
canvaryfromeasilyreadabletoneedingeffortstodecipher.Forexample,ThisTweetfromIBM,
“RT@IBMWatson:#ChefWatsoncancreatehundredsofnewrecipestosuityourtastes.cnnmon.
ie/1DyjIrCvia@CNNMoneyhttp://t.co/JLBPcyc...”takesmoreprocessingtounderstandthanplain
Englishdoes.Figure1cshowsanexampleofcomplextweetswithhashtagsandlinks.

THEORETICAL BACKGROUNd ANd HyPOTHESES

Althoughnopriorresearchhasdirectlyaddressedfactorscontributingtobrands’Twitterfollowers
count,therehavebeensomerelatedpioneerworkinthisfield.Huttoetal.(2013)selectedatotal
of 22 variables based on various theories and reported that for individual accounts on Twitter,
informationalcontent,theburstinessoftweeting,andprofileelements(i.e.,lengthofdescription,
URL,andlocation)emergedassignificantpositivepredictorsoffollowergrowth.Broadcastcontent
(e.g.,contentnotaddressedtoaspecificrecipient)andnegativesentimentsinTweetsarenegatively
relatedtofollowergrowth.Thenumberoffollowersandnetworkoverlapalsocontributestofollower
growth.Levinetal.(2015)designedamechanismforonlineagentstomanageTwitteraccountsvia
learningfromitsownhistory.Theirresultfoundthatlearningactivelyisaneffectivewaytoattract
followers.Stevanovich(2012)emphasizedthesimilaritiesofTwitterandothercommunicationmedia
andapproachedTwitterfromacommunicationtheoryperspective.Throughrhetoricalanalysis,the
research showed that brands can achieve success in socialmediaby engagingusers, developing
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relationships and providing compelling content (Stevanovich, 2012). Mueller & Stumme (2017)
proposedaclassifierthatlabelsuserswhowillincreasetheirfollowersbasedondifferenttypesof
profilenamesandprofilefeaturessuchaswhetherthereisadescriptionorURL.

Twitter,asanewformofcomputer-mediatedmedia,combinesbothsocial interaction/social
networks and news media (Fischer & Reuber, 2011; Kwak, Chun & Moon; 2011). Indeed, as
Stevanovich(2012)observed,socialmediaislikeothercommunicationvehiclethatdemandsthe
useofsoundrhetoricandcommunicationtheoriesandapplications.Twitterisusedasasourceof
information(Westerman,Spence&vanderHeide;2012)aswellasasocialnetworkplatform(Lee
&Kim,2014).Thus,itishelpfultoexamineTwitterfromboththecommunicationperspectiveand
thesocialnetworkperspective.

Reeves&Nass(1996)observedthatpeopletendtotreatcomputersandnewmediaasiftheywere
eitherrealpeopleandrespondtothemnaturallyandsocially,astheywouldeithertoanotherperson,
suchasbybeingpolite,cooperative,attributingpersonalitycharacteristicssuchasaggressiveness,
humor,expertise,andevengender.Thisobservationbroadenstheapplicationofsomecommunication
theoriestotherealmofhuman-computerinteraction,ofwhichGrice’sMaxims(Grice,1975)isone.
Gricearguedthatpeoplegenerallyfeelthatconversationsshouldbeguidedbyfourbasicprinciples:
quality,quantity,relevance,andmanner(Grice,1975).First,themaximofquantityrequiresthatthe
communicatortobeasinformativeasonepossiblycan,andgivesasmuchinformationasisneeded,
andnomore.Second,themaximofqualityasksfortruthfulandevidence-basedcontent.Third,the

Figure 1. 
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maximofrelevanceseeksrelevantandpertinentcontent.Finally,themaximofmannerdemands
clear,brief,andorderlycommunicationwithoutobscurityandambiguity.

Grice’sMaxims(Grice,1975)havebeenwidelyusednotonlyinface-to-facecommunicationbut
alsoincomputer-mediatedcommunications(Baratgin,Jacquet&Cergy.;2019;Berendt,Günther&
Spiekermann;2005;Herring,1999).Herring(1999)appliedtheMaximofrelevanceandexamined
onlineinteractioncoherence.Baratginetal.(2019)appliedGrice’sMaximsinchatbotandfoundthat
thesemaximshadaparticularlyimportantimpactonresponsetimesandtheperceivedhumannessof
aconversationpartner.Berendtetal.(2005)foundGrice’sMaximsasapopularguidelineinon-line
agentcommunicationdesign.

BasedonGrice’sMaxims(Grice,1975)andtheuniquefeaturesofsocialnetworks,thisresearch
proposesaresearchframeworkthatencompassesboththecommunicationperspectiveandthesocial
networkperspectivetoaccountforthefactorscontributingtobrandTwitteraccounts’followernumbers.
TheresearchframeworkisdepictedinFigure2below.

The Communication Perspective
Forthecommunicationperspective,thisresearchadoptsGrice’sMaximsasaguidingtheory,which
providesfourprinciplestoachieveeffectivecommunication.AstheMaximsweredesignedforhuman
conversation,whenapplyingittotheTwittercontext,someadaptionsarenecessary.Wemodified
someofthecontentofthemaximsbelowforourresearch:

1. Maxims of Quality:Tweetcontentshouldbetrueandofgoodquality.Thiscanbegaugedby
thepercentageofcontentthatisfavoritedbyusers.

2. Maxims of Quantity:ThenumbersofTweetsshouldsufficetoconveyenoughinformationfor
thebrand.Thequantityofcommunicationcanbemeasuredbythefrequencyoftweetingby
brands.

3. Maxim of Relevance:Tweetcontentshouldberelevant.OnTwitter,relevanceisdefinedas
thematchbetweenthefollower’sinformationneedsandtheinformationcorporationaccounts
provide.AsNielson’s(2013)TwitterConsumerSurveyshowed,mostpeoplefollowingbrand
wanttogetinformationconcerningthebranditself:promotions,offers,brandnews,etc.Itseems
thattherelevanceofthebrand’stwitteraccountisaboutthebranditself:originalmessagesfrom,
andaboutthebrand.Therelevanceofcontentcanbemeasuredbythepercentageoforiginal
contentinTweets.

4. Maxims of Manner:Tweetsshouldhaveaclear,easy-to-understandpresentation.Themanner
onTwittercanbemeasuredby thepercentageof tweetswithacleanandneatpresentation,
withouttheuseofcomplexsymbolsandlinks.

Quality
Thefirstmaximisaboutthequalityofthemessages.Gallup’sresearchreportedthattofollowtrends
andfindinformationisoneofthemainreasonsforpeopletousesocialmedia(Gallup,2014).Users
activelyengageinsocialmediatofulfilltheirinformationalneeds(Phuaetal.,2017).Huttoetal.
(2013)foundthatthepercentageofinformationalcontentisatoppredictorofindividualTwitter
followercounts.Asusersgoontwittertofindinformation,thequalityofthemessages(informative
vs.un-informative)frombrandTwitteraccountswillbepositivelyassociatedwithfollowercounts.
Userstypicallywillunfollowanaccountduetolow-qualitycontent(Kwaketal.,2011).Accounts
offerhigh-qualitycontentthatisinformative,onthecontrary,willattractmoreusersthanaccounts
thatdonot.Therefore,

H1:Thequalityofmessagesfrombrands’TwitteraccountsispositivelyrelatedtobrandTwitter
followercounts.
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Quantity
Themaximofquantity states thatyoushouldprovideenoughmessages toexplainyourself,but
alsodonotmakeyourcontributionmoreinformativethanisrequired(Grice,1975).OnTwitter,if
yourarelysendouttweets,itisunlikelythatyou’llhavemanyfollowers.Butifyousendouttweets
toofrequently,followersfloodedbyyourtweetsarealsolikelytoabandonyouaswell.Mueller&
Stumme(2017)reportedanegativerelationshipbetweeninactivedaysofaccountsandthenumber
offollowersforTwitteraccounts.Ontheonehand,consistenttweetingfrequencyisimportantfor
attractingandkeepingfollowers(Thoring,2011).Ontheotherhand,toomuchtweetingmayleadto
informationoverloadandlesssocialmediaengagement(Bontchevaetal.,2013).Thus,weshould
expecttoseeacurvilinearrelationshipbetweentweetsperdayandfollowercounts.

H2:ThereisaninvertedU-shaperelationshipbetweentweetsperdayandfollowercounts.

Relevance
Relevancereferstotherelationshipbetweenaninformationobjectandaninformationneed(Bradford,
1934).TwitterConsumerSurveyofNielson(2013)showsthat53%ofpeoplefollowingbrandwant
tobenotifiedofspecialoffersandpromotions;51%hopetostayuptodatewithbrandnews,44%
desiretolearnaboutnewproductsandservices,and30%liketohaveaccesstoexclusivecontent.
Thus,relevanceinTwittermeansmeetingfollower’sinformationneedsbyprovidingthemwiththe
contentthey’relookingfor.Relevantinformationleadstohigherlevelsofperceivedusefulnessand
easeofuse,andhigherusersatisfaction,andultimately,intentionstousethesystem(Hongetal.,
2002).Therefore,relevantinformationcouldnotonlyhelpretaincurrentfollowers,butalsocontribute
tofollowergrowth.Hence,themorerelevanttheinformation,themorefollowersyou’llhave.

H3:Tweets’relevanceispositivelyrelatedtobrands’Twitteraccount’sfollowercounts.

Figure 2. Research framework
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Manner
TheMaximsofmannerrequiresmessagestobeclearlyexpressedorpresented.Obscurityofexpression
andambiguityshouldbeavoided.Messagesshouldbebriefandorderly(Grice,1975).Intwitter,the
Maximofmannercouldbeappliedtotheappearanceoftweets.Astweetsareablendofmessages
andsymbolssuchas#,andlinkstootherresources,thepresentationsoftweetscanvaryfromeasily
readable toneedingefforts todecipher.Althoughhashtagsand linksoffergreatbenefitssuchas
easycategorizationanddiscoverability,usageofthesetoolsamongstTweetcontentsalsomakesthe
presentationofthetweetslesscleanandtidy.Huttoetal.(2013)conductedresearchover522,368
tweetsandfoundthatonaverage,hashtagswereusedinabout26%oftotaltweetsandtherewasa
strongnegativerelationshipbetweenhashtagratioandnumberoffollowers,confirmingtheimportance
ofTweetpresentationtoattractfollowers.Therefore,

H4:Theuseofhashtagsandlinksisnegativelyrelatedtobrands’twitteraccountfollowers.

The Social Network Perspective
Interactivity
Fromasocialnetworkperspective,twofactorsareexaminedfortheirinfluencesonbrandtwitter
accountfollowers.Thefirstoneisinteractivitywithfollowers.Twitterprovidesorganizationstheability
toengagewiththepublicandrelationship-buildingcommunicationchannelthathasbeenmissing
fromwebsites.KaplanandHaenlein(2010)viewedsocialmediaas“allaboutsharingandinteraction”
andurgedbusinesstoensurethat“youengageindiscussionswithyourcustomers”.Lovejoy,Waters
&Saxton(2012)suggestedthatTwitter’sinteractivemessageslikerepliesandmentionscanassist
organizationsincommunicatingwithotherusers.Saffer,Sommerfeldt&Taylor(2013)foundthathigh
organizationalTwitterinteractivitypositivelyaffectstheperceivedorganization–publicrelationship
ofindividuals.OnTwitter,therearetwocommonlyusedmethodsofinteractingwithfollowers:user
mentionandreply.Therefore,higherinteractivityintheformsofrepliesandmentionsonTwitterby
brandsshouldbepositivelyrelatedtotheirfollowercounts.

H5:Highinteractivityintheformsofrepliesandmentionsarepositivelyrelatedtobrands’Twitter
account’sfollowercounts.

Social Learning
Learningisimportanttogainnewfollowers.Levinetal.(2015)foundthatactivelylearningfrompast
accounthistoryisaneffectivewaytoattractfollowers.However,learningisnotrestrictedtolearning
fromone’sownhistory.OnTwitter,brandTwitteraccountscannotonlybroadcastmessagestotheir
followers,butalsofollowotherbrandsofinterest,suchassuppliersorcompetitors,celebrities,news
agencies,andopinionleaders,etc.Byfollowingotheraccounts,businessesformsocialnetworks
viaout-boundconnectionsthatfacilitateinformationsharing(Quercia,Capra&Crowcroft;2012)
Businessesoftenwanttofindgroupsofrelatedorsimilarsocialentitiestofollow.Twitterandother
socialmediahavebecomeimportantnewresourcesforsociallearning(Greenhow&Robelia,2009).
Walmart,forexample,followedCoverGirl,Huggies,Oral-B,Bounty,andanumberofothersuppliers.
Byfollowingeachother,brandsformasocialnetworkonTwitterandarekeptabreastoftheupdates
andtrendsfromtheaccountstheyfollow.Thesociallearningtheory(Bandura,1977)statesthatpeople
canacquirenewpatternsofbehaviorbyobservingthebehaviorofothers.Throughobservational
learning,individualbehaviorscanspreadacrossthepopulationthroughadiffusionchain.Similarly,
Bikhchandani,Hirshleifer&Welch(1998)arguethatsociallearningleadstoconformity,therise
offadsandinformationcascade.Peoplelearnbyobservingeachotherforseveralpossiblereasons:
1)positivepayoffexternalities,whichleadtoconventionssuchasdrivingontherightorleftside
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oftheroad;2)preferenceinteractions,aswitheveryonedesiringtowear“fashionable”clothingas
determinedbywhatothersarewearing;and3)sanctionsupondeviants,aswithadictatorpunishing
oppositionbehavior(Bikhchandanietal.,1998).OnTwitter,sociallearningcouldbeachievedand
gaugedbyfollowingandobservingwhatothersdoandadjustone’stwittingbehaviorsaccordingly.
Themoreaccountsonefollows,themoreinformationoneisexposedto,andtheeasieritistoget
thelatesttrendsandtopics.

H6: Social learning by brand twitter accounts is positively related to brands’ Twitter account’s
followercounts.

METHOdS

data Collection
Weadoptedamixdatacollectionapproachasourrequireddatacamefromdifferentsources.First,for
Twitter-relateddata,wedirectlycollectedthedataforthisstudyusingTwitter.comandTwitonomy.
com,anonlineTwitteranalyticswebsite.Second,wealsoreliedonsecondarydataaswestudied
theverifiedbrandTwitteraccountsforGlobal500BrandfromBrandFinance(www.brandirectory.
com), an independent brand valuation and strategy consultancy headquartered in London, with
presenceinover20countries.WechoseGlobal500Brandasitallowsustocontrolforbrandequity’s
influenceonTwitterfollowers.Thesebrandsspanacross49industriesandincludecompaniessuch
asCocaCola,BP,Google,Volvo,andAccenture.ForbrandswithmultipleTwitteraccounts(for
example,Walmart,WalmartLabs,WalmartNewsroom),wechosetheofficialandgeneral-purpose
one(Walmart).Ofthe500brandslisted,excludingthosewithoutaverifiedEnglishTwitteraccount,
wehadafinalusablesampleof346Twitteraccountsspanning48industriesfrom31countries.For
robustresults,wecollectedfollowercountstwice,oncein2014andoncein2015,topurposefully
examine the longitudinaleffectsofTwitteractivities.By tracking followercountsat the timeof
thedatacollectionandoneyearlater,wewereabletoderiveacausalrelationshipbetweenTwitter
activitiesandfollowercounts.

Wecollectedbrandvaluein2014,brandindustryandcountrydatafromBrandFinance.Brand
FinancecalculatedbrandvaluesusingtheRoyaltyReliefmethodologywhichdeterminesthevalue
acompanywouldbewillingtopaytolicenseitsbrandasifitdidnotownit.BrandTwitterfollower
countswerecollectedtwice,onceinMarch2014andoneyearlater,March2015fromTwitter.com.
ThenumberofaccountsfollowedinMarch2014wasalsocollectedfromTwitter.Finally,Twitter
activitydataforthemostrecent3200TweetsuptillMarch2014werecollectedfromTwitonomy.
comandincludedtweetsperday,percentageof tweets thatarere-tweetsofotherscontents(i.e.,
non-originalcontents),averagenumbersofusermentionsper tweet,percentageof replies in the
totalanalyzedtweets,averagenumberoflinkspertweet,averagenumberofhashtagspertweet,and
percentageoftweetsfavoritebyothers.

Variables
Weoperationalizedthevariablesusingthedatadiscussedabove.Thedependentvariableisfollower
count,bothinMarch2014(afterward,FC

2014
isusedtorepresentthefollowercountinMarch2014)

and one year later in March 2015 (FC
2015

 is used to represent follower count in March 2015).
FollowingKwaketal. (2011), thequalityofTweets(quality)wasassessedby thepercentageof
Tweetsthatreceive“Favorite”fromfollowers,asthenumberof“Favorite”(notation;FAV)indicates
likingandapprovalof thecontent fromusers.QuantityofTweetswasmeasuredby theaverage
numberoftweetsbrandTwitteraccountssendoutperday(notation;TPD).AsHypothesis2proposes
acurvilinearrelationshipbetweenquantityofTweetsandfollowercount,weincludedbothquantity
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andquantitysquareinthemodel.Relevancewasgaugedbythepercentageoforiginaltweets,which
isobtainedbydeductingthepercentageoftweetsthatarere-tweetsofothers’contentsfrom100%
(notation;1-RET).Weusedtwoindicesformanner:averagenumberoflinkspertweet(notation;
LPT)andaveragenumberofhashtagspertweet(notation;HPT),asthesetwohavegreatinfluences
onthepresentationoftweets.

Therearetwosocialnetwork-relatedconstructs:interactivityandsociallearning.Averagenumbers
ofusermentionpertweet(notation;MPT)andpercentageofreplies(notation;RP)inthetotalanalyzed
tweetswereusedtomeasureinteractivity(notation;ZS).Sincethesetwoarehighlycorrelated(0.74),
weaveragedthezscoresofthesetwoasanindexofinteractivity.Sociallearningwasmeasuredby
thenumberofotheraccountsthebrandcorporateaccountsfollow(notation;FO) .

Forcontrolvariables,weincludedbrandvalue(notation;BV)in2014asacontrolvariablein
themodelsincethemorevalueabrandhas,themorelikelypeoplearewillingtofollowit.Controlling
forbrandvaluewouldenableustodiscoveruniqueactivitiesonTwitterthatleadtomorefollowers.
Wealsocontrolledforindustryandused5dummyvariablesfor6industries(Financeandinsurance
(notation; I

1
),manufacturing(notation; I

2
),information(notation; I ;informationindustrywasthe

baselineforthe5dummyvariables[0,0,0,0,0]),services(notation; I
4
),transportationandwarehousing

(notation; I
5
), others (notation; I

3
)) according to U.S. census industry categorization guidelines.

Geographiclocationsofthecompanies(Africa(notation;A
1
),America(notation;A

2
),Asia(notation;

A ),Europe(notation;A
3

)andOceania(notation;A
4

))werealsoincludedinouranalysisascontrol.
Here,the4areadummyvariableswillbeusedfor5areasandAsiawassetas[0,0,0,0].

5. ANALySIS ANd RESULTS

Table1andTable2summarizedthedescriptivestatisticsofallthevariablesandtheircorrelation
matrix.

Theaveragebrandvalueforthe346brandswasaround8000millionU.S.dollars.Theaverage
followercountwasaround400,000for2014,and600,000ayearlater.Brandsonaveragefollowed
6,188otherTwitteraccounts,sentout16tweetsaday,andaveraged0.62usermentions,0.56hashtag,
and0.39linkpertweet.35.6%ofthetweetswerereplies,andaverage,36%oftweetswerefavorited.

MultipleregressionwasusedtoanalyzetherelationshipsbetweenvariableswithSPSS.SPSS
isoneofthemostpopularsoftwarepackagesgearedtowardsstatisticalanalysisanddatamining
(Verma,2012).Sinceregressionanalysisisbasedontheminimizationofsquarederror,afewextreme
observationscanexertadisproportionateinfluenceonparameterestimates.Ourdataset,unfortunately,
hasstronglyskeweddistributions(i.e.theabsolutevalueofskewnessandkurtosisgreaterthan2),
forfollowercounts,following,brandvalue,tweetsperday,averagehashtagsandretweetspercentage.
Thus, we performed a log ten transformation of these variables to achieve normality and
homoscedasticity (Hair et al., 2006) and reran the analysis. We performed hierarchical multiple
regressionanalysessothatthecontributionofeachsetofvariablestothedependentvariablecanbe
seenandmodelcomparisoncanbeachieved.Forthei -thcompany( i = 1 346,.., )inthek -thperiod
(e.g., k ∈ ( , )2014 2015 ),wetestedatotaloffivemodels:Model0(baselinemodel)includedonly
thecontrolvariables,whileModel1toModel4hadamixofcombinationoftheproposedvariables
andcontrolvariables.Model1includedonlythevariablesfromourhypotheses(themathematics
equationcanbefoundinModel(1));weaddedbrandequityalongwithourresearchvariablesin
Model2;inModel3,industryinformationwasadditionallycontrolledfor;finally,intheModel4,
geographicareainfowasintroducedbesidesalltheothervariables.TheresultsarereportedinTable
3andTable4below:
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Table 1. Descriptive statistics

N Mean Std. 
Deviation Median Skewness Kurtosis

Followercount2015(FC
2015

) 346 594398.84 1776670.62 97180.00 5.76 40.36

Followercount2014(FC
2014

) 346 397456.27 1296879.50 51393.00 6.30 48.06

Following(FO ) 346 6188.73 32153.40 768.50 14.29 231.40

Brandvalue(BV ;inmillionsofUSD) 346 7956.47 7985.60 4659.00 2.87 10.38

Tweetsperday(TPD ) 346 16.42 43.19 4.38 6.93 66.06

Usermentionspertweet(MPT ) 346 0.62 0.33 0.64 0.07 -0.08

Replies%(RP ) 346 35.61 32.80 23.36 0.63 -1.06

Linkspertweet(LPT ) 346 0.39 0.24 0.04 0.42 -0.61

Hashtagspertweet(HPT ) 346 0.56 0.46 0.47 1.69 4.96

Retweets%(REP ) 346 11.07 11.84 7.93 1.80 4.54

Favorited%(FAV ) 346 36.00 22.43 32.97 0.60 -0.27

Industry Percentages

    FinanceandInsurance 59 17.05%

    Information 62 17.92%

    Manufacturing 116 33.53%

    Services 29 8.38%

    TransportationandWarehousing 22 6.36%

    Others 58 16.76%

Area

    Africa 1 0.29%

    America 182 52.60%

    Asia 48 13.87%

    Europe 109 31.05%

    Oceania 6 1.73%
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Table 2. Correlations among variables

FC2015 FC2014 FO BV TPD MPT RP LP HP REP FAV I1 I2 I3 I4 I5 A1 A2 A3 A4

FC
20

14

.97**

FO .16** .19**

BV .16** .16** .02

TP
D .11* .12* .26** .04

M
PT .04 .04 .19** .07 .35**

R
P .02 .03 .20** .04 .46** .76**

LP -.07 -.08 -.14* .00 -.21** -.35** -.58**

H
P -.08 -.09 -.08 .02 -.21** -.18** -.39** .30**

R
EP .23** .22** -.05 .10 -.30** -.30** -.58** .60** .38**

FA
V .44** .42** .08 .20** -.09 .02 -.17** .28** .27** .78**

I 1 -.11* -.11* -.06 .03 -.10 -.13* -.04 .08 -.09 -.08 -.19**

I 2 -.08 -.08 .06 -.09 -.05 .01 .01 -.14** .03 .05 .02 -.32**

I 3 .03 .03 .00 .00 .04 .08 .16** -.06 -.01 -.01 .07 -.20** -.32**

I 4 -.02 -.03 -.04 .00 -.03 .04 -.05 .12* .15** .09 .09 -.14* -.21** -.14*

I 5 -.07 -.06 -.03 -.02 .08 -.04 -.04 -.02 -.02 -.07 -.10 -.12* -.19** -.12* -.08

A
1 -.01 -.01 -.01 -.02 .00 .03 .03 -.05 -.03 -.02 -.03 -.02 -.04 -.02 -.02 -.01

A
2 .13* .14** .08 .05 .06 .20** .09 .01 -.02 .13* .23** -.03 -.15** .07 .04 .01 -.06

A
3 -.08 -.09 -.04 -.04 -.01 -.14** -.09 .12* .12* .05 -.06 .09 .10 -.02 -.03 -.07 -.04 -.71**

A
4 -.04 -.04 -.01 -.05 .06 .13* .20** -.14* -.14* -.20** -.14** .18** -.09 .00 -.04 -.03 -.01 -.14** -.09

PS1: **. Correlation is significant at the 0.01 level (2-tailed) and at the 0.05 level (2-tailed). N=346
PS2: LP= Links %; HP=Hashtags %
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Overall,thebaselinemodel(Model0)hasanRsquaredof24%,meaningthatourcontrolvariables,
i.e.,brandvalue,geographiclocation,andindustrytogetherexplained24%oftotalvariancesinfollower
counts.Theproposedmodel(Model4)hasanRsquaredof0.76,meaningthat76%ofvariancesin
followercountscouldbeexplainedbyourmodel,indicatingagoodmodelfit.Thehypotheses-only
model (Model1)withoutall thecontrolvariablesalongexplainedabout74%of totalvariances.
Geographiclocationsdidnotseemtoimpactthenumberoffollowersinthefinalmodelwhilebeing
incertainindustries(suchasmanufacturingandfinance)attractsfewerfollowersthanthebenchmark
industry(informationtechnology).Brandvalue,asexpected,waspositivelyrelatedtofollowercounts.

TheresultssupportedH1,withqualityoftweetsmeasuredbypercentageoftweetsfavorited
significantly related to both follower counts in 2014, and a year later in 2015, highlighting the
importanceofqualityofcontentinbrandTwitteraccounts.

H2arguedacurvilinearrelationshipbetweentweetsperdayandfollowercounts.Theresults
indicatedthattweetsperdaywaspositivelyrelatedtofollowercounts,andtweetsperdaysquared
wasnegativelyrelatedtofollowercounts(b=-0.17and-0.21for2014and2015followercounts).
Weplottedagraphtoclarifythepatternofsuchacurvilinearrelationshipfortheoriginaldatain
2014(seeFigure3).Thegraphshowsthatasthenumberoftweetsperdayincreases,followercounts
decreasefortheoriginaldataset.Thus,H2receivedsupport.

H3positedthattweets’relevancemeasuredbythepercentageoforiginalcontentispositively
relatedtobrandTwitteraccount’sfollowercounts.Thishypothesiswasnotsubstantiated.

H4arguedthat theuseofhashtagsandlinkscouldbenegativelyrelated tofollowercounts.
Theresultssupportedthishypothesis,withasignificantnegativerelationshipbetweenmannersand
followercountsinbothyears.

ForH5, interactivitywithfollowersintheformsofrepliesandmentionsisnotsignificantly
relatedtobrands’Twitteraccount’sfollowercounts.Thus,H5wasnotsupported.

Finally,H6receivedsupport.Sociallearningmeasuredbythenumberofaccountsfollowedis
positivelyrelatedtobrands’Twitteraccount’sfollowercounts.However,theeffectsofsociallearning
seemtowearoutwithinayear:itwasonlysignificantfor2014(b=0.10)butwasnolongereffective
ayearlaterin2015.
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Table 3. Hierarchical multiple regression results with log ten transformed data 2014

Independent
Dependent Variable: log( )FC

2014

Model 0 Model 1 Model 2 Model3 Model 4

Intercept 1.13(0.59) 5.26***(0.80) 3.91***(0.88) 4.34***(0.89) 4.24***(0.90)

Brand Value

log( )BV 0.29***(0.15) 0.10***(0.29) 0.09***(0.09) 0.09***(0.09)

Industry

I
1

-0.34***(0.15) -0.10***(0.09) -0.10***(0.09)

I
2

-0.16**(0.13) -0.12***(0.08) -0.12***(0.08)

I
3 -0.07(0.15) -0.03(0.09) -0.04*0.09)

I
4 -0.09(0.19) -0.07**(0.11) -0.08**(0.11)

I
5

-0.15***(0.21) -0.05(0.12) -0.05(0.12)

Country

A
1 0.02(0.85) 0.00(0.48)

A
2

0.40***(0.14) 0.01(0.08)

A
3

0.24***(0.15) 0.04(0.09)

A
4 0.08(0.37) -0.02(0.22)

Social learning

log( )FO 0.12***(0.03) 0.11***(0.03) 0.10***(0.03) 0.11***(0.03)

Quantity

log( )TPD 0.34***(0.06) 0.33***(0.06) 0.29***(0.06) 0.29***(0.06)

TPD2
0.04(0.00) 0.04(0.00) 0.05(0.00) 0.05(0.00)

Manner

LPT -0.11***(0.14) -0.11***(0.14) -0.10***(0.14) -0.11***(0.14)

HPT -0.13***(0.06) -0.13***(0.06) -0.12***(0.06) -0.13***(0.06)
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dISCUSSION ANd CONCLUSION

Summary of Findings
Althoughtheimportanceofsocialmediahasbeenincreasinglyrecognized,littleresearchhasbeen
conducted toexplorewhatattractspeople to followbrand twitteraccounts.Thecurrent research
addressedthisgapintheliteratureandtheresultsshowthatthefrequencyandqualityofthetweets,
Tweetingmanner,aswellassociallearningallcontributedtofollowercounts.Specifically,thequality
oftweetsisthemostimportantfactorleadingtofollowercounts,followedbythefrequencyoftweets.
Lackofmannersintweetswithtoomanyhashtagsandlinkscouldleadtonegativeimpactsinfollower
counts,whilesociallearningthroughfollowingotherscouldfacilitatefollowergrowthintheshortrun.

discussion
First,theresultshighlightedtheimportanceofqualitycontentinattractingfollowersonTwitter.This
echoeswithpriorresearchthatidentifiedTwitterasamediamorethanasocialnetwork.Kwaketal.
(2010)obtained41.7millionuserprofiles,1.47billionsocialrelations,4,262trendingtopics,and
106milliontweetsbycrawlingTwitterandfoundthatthemajority(over85%)oftopicsareheadline
newsorpersistentnewsinnature.Thus,itisqualitycontent,ratherthansocialinteractions,thatare
thebackboneofTwitter,andthekeydriverforfollowercounts.Withthisinsightinmind,thefinding
that interactivity isnotpositivelyrelated to followercounts isunderstandable,asmost followers
treatTwitterasasourceofnewsandinformation,ratherthanmeansofinteractionandnetworking
withbrands.Thus,highinteractivityofbrandspublishedonbrands’timelinesactuallydistractsand
drivesfollowersaway,asreadinginteractionsbetweenthebrandanditsfollowersmaynotusually
beconsideredasqualitycontent.

Anotherinterestingfindingisthatfollowersdon’tseemtocarewhetherthetweetisfromthebrand
orretweetedcontent,asrelevanceisnotpositivelyrelatedtofollowercounts.Possiblyitisbecause
theycaremoreaboutthequalityofthecontent.Evenifit’saretweet,aslongasit’sinteresting,they
donotturnaway.

Quantityoftweetshasacurvilinearrelationshipwithfollowercounts.Thisconfirmsthemaxim
ofquantity:youshouldprovideenoughmessagestoexplainyourself,butalsodonotmakeyour

Table 3. Continued

Independent
Dependent Variable: log( )FC

2014

Model 0 Model 1 Model 2 Model3 Model 4

Quality

FAV 0.70***(0.00) 0.68***(0.00) 0.68***(0.00) 0.68***(0.00)

Relevance

log( )1−RET -0.08**(0.42) -0.06**(0.42) -0.07**(0.42) -0.07**(0.42)

Interactivity

ZC      0.01(0.03)      0.01(0.03)      0.03(0.03)      0.03(0.03)

R square 0.24 0.74 0.75 0.76 0.76

Adjusted R square 0.22 074 0.74 0.75 0.75

PS: ** is significant at the 0.01 level (2-tailed) and ** is significant at the 0.05 level (2-tailed). 
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Table 4. Hierarchical multiple regression results with logten transformed data 2015

Dependent Variable: log( )FC
2015

Model 0 Model 1 Model 2 Model3 Model 4

Intercept 1.16**(0.60) 5.63(0.79) 4.12(0.87) 4.54(0.88) 4.50(0.90)

Brand Value

log( )BV 0.30***(0.30) 0.11***(0.09) 0.10***(0.09) 0.10***(0.09)

Industry

I
1

-0.30***(0.16) -0.05(0.09) -0.05(0.09)

I
2 -0.11(0.14) -0.06(0.08) -0.07(0.08)

I
3 -0.04(0.16) -0.01(0.09) -0.01(0.09)

I
4 -0.09(0.19) -0.08***(0.11) -0.08***(0.11)

I
5

-0.14***(0.21) -0.04(0.12) -0.04(0.12)

Country

A
1 0.04(0.86) 0.01(0.47)

A
2

0.38***(0.14) 0.00(0.08)

A
3

0.22***(0.15) 0.02I(0.09)

A
4 0.08(0.38) -0.02(0.21)

Social learning

log( )FO 0.05(0.03) 0.04(0.03) 0.04(0.03) 0.04(0.03)

Quantity

log( )TPD 0.37***(0.06) 0.37***(0.06) 0.35***(0.06) 0.35***(0.06)

TPD2
-0.05(0.00) -0.05(0.00) -0.05(0.00) -0.05(0.00)

Manner

LPT -0.15***(0.14) -0.14***(0.14) -0.14***(0.14) -0.14***(0.14)

HPT -0.10***(0.06) -0.10***(0.06) -0.09***(0.06) -0.09***(0.06)
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contributionmoreinformativethanisrequired.Therefore,thereisthisintricatebalanceofproviding
enoughmessages,butnottoomanymessages.

Finally,contrary topublicbelief thathashtagshelpyour tweetsgetdiscoveredandare thus
beneficialforyourfollowercounts,theresultsshowedthathashtagsandlinksarebothnegatively
relatedtofollowercounts.Althoughhashtagsandlinksaddawealthofinformationtotweetsand

Table 4. Continued

Dependent Variable: log( )FC
2015

Model 0 Model 1 Model 2 Model3 Model 4

Quality

FAV      0.72***(0.42)      0.70***(0.00)      0.70***(0.00)      0.70***(0.00)

Relevance

log( )1−RET -0.07**(0.42) -0.06*(0.41) -0.07**(0.42) -0.07**(0.42)

Interactivity

ZC      0.02(0.03)      0.01(0.03)      0.03(0.03)      0.03(0.03)

R square 0.23 0.75 0.76 0.76 0.76

Adjusted R square 0.20 0.74 0.75 0.75 0.75

PS: ** is significant at the 0.01 level (2-tailed) and ** is significant at the 0.05 level (2-tailed). 

Figure 3. Pattern of curvilinear relationship between tweets per day and follower counts
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expandthelimitsofthe280characterscount,itseemsthattheyalsoadddifficultyinreadingtweets
anddrivefollowersaway.

Lookingatbothdatasetswithboth2014and2015followerdata,wecouldseethattheresults
arequiteconsistentfortheyearsampled,andoneyearlater,eventhoughtheaveragefollowercount
hada50%increaseovertheyear.Thismaybeduetotheconsistencyinthestyleofoperationfor
brandTwitteraccounts,butitalsomaysignaltheuniquefeatureofsocialnetwork:qualitycontentis
sharedbyonefollowertohisorhernetwork,thensomeoneinthatnetworklikesitandshareagain...
andthesharinggoesonandonastimegoesby.Thus,agoodtweetgoesalongwayonTwitter.The
influenceoftweetsextendsbeyondthehourandthedayitwaspublished,butratherlivesaslongas
itisbeingshared,favorited,andcommentedon.

Theoretical Contribution
Thisstudyaimstocontributetosocialmediaregardingbrands’Twitteractivities.Comparedwith
otherresearchonTwitterfollowercounts(e.g.,Huttoetal.,2013;Mueller&Stumme;2017),we
haveseveraladvantages.First,wespecificallyexaminedbrands’Twitteractivities,whiletheother
studiesfocusedonTwitteraccountsingeneral.Second,weofferaparsimoniousmodel(withonly6
keyvariables,comparedwithover20variablesinotherresearch)thatexplainedahighpercentage
ofvariancesinthedependentvariable.WecontributetoTwitterresearchinseveralways.First,by
buildingonthefoundationofGrice’sMaxims(Grice,1975)andfeaturesofsocialnetworks,this
researchprovidedatheoreticalframeworktounderstandthecontextofbrands’Twitteraccounts.It
clarifiedwhatfactorscontributetofollowercountsinthecontextofhigh-valuebrands.Theresults
showedthatthequalityandfrequencyofthetweets,theTweetingmanner,aswellassociallearning
allplayaroleinfollowercounts.

Second,theproposedmodelhasestablishedtheimportanceofthecommunicationperspectiveon
Twitterinattractingfollowers.Twitter,withitsdualnaturethatcombinesbothsocialinteraction/social
networksandnewsmedia(Fischer&Reuber,2011;Kwaketal.,2010),sometimescausesconfusion
tocorporationsastowhethertotreatitasamediaorasocialnetwork.Thisresearchconfirmedprior
findingsthatTwitteris,byandlarge,anewsmedia.Whereasmostpriorresearchhasfocusedon
thesocialnetworknatureofTwitter,theresultsofthisresearchindicatedthatthecommunication
perspectiveofTwitteralsowarrantsattention.

Finally,thisstudyclarifiedsomeofthemythsaboutTwitterfollowercountsontheinternetwith
theory-guidedtests.Theresultsshowedthatcontrarytopopularbelief,hashtagsandlinksmaynot
alwaysworkinyourfavor.Additionally,interactivitywithsomefollowerspublishedontimelines
candriveotherfollowersaway.Thefindingshelpprovideasystematicoverviewthatenrichesextant
socialmedialiteraturewhileprovidinginsightsintotheimportantfactorscontributingtoTwitter
followercounts.

Practical Implication
ThefindingsofthisstudycanhelpbrandTwittermanagersgainabetterunderstandingofhowtoattract
followersonTwitter.Basedonthefindings,weofferthefollowingrecommendationsforpractice.

First,Focusonthequalityofcontent.Theresultsindicatedthatofallthefactors,thequalityof
thecontenthasthehighestimpactonfollowercounts.Thus,brandTwittermanagersshouldfocus
onprovidingqualitycontenttotheirfollowers.Theycanexaminetheirhistoryandfindoutwhat
typeoftweetsaremostlikedandshared,andprovidemoresimilarcontent.Inaddition,theycan
alsolearnfromothers:studyingtheircompetitorsandseetheirmostsharedandlikedcontents,and
deriveinsightsfromthereaswell.

Second, don’t publish every interaction with customers. Although Twitter is often used for
interactingwithcustomers,itmaynotalwaysbenecessarytopublisheveryinteractiononthebrands’
Twittertimelineandleteverybodyseeit.Ifpossible,interactionwithspecificcustomerscantakethe
formofprivatemessaging,sothatonlythoseinvolvedwillseethereply,withoutbombardingother
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followerswithconversationaltweets.Somecompaniesseparatecustomerservicewithgeneral-purpose
Twitteraccounts,forexample,BankofAmericanews,andBankofAmericacustomerservice.This
mayalsobeasensiblewaytomanageabrand’sTwitteraccount.

Third,Tweetoften,butnottoomuch.TheresultsindicatedaninvertedUshaperelationship
betweentweetsperdayandfollowercounts.Thus,astweetsperdayincrease,brandtwitteraccounts
gainmorefollowersatfirst,andthen,asthenumberoftweetskeepsincreasing,followersbeginto
leave.Thereisanintricatebalancetokeepintweetsperday.Themajorityofbrands’Twitteraccounts
sendoutlessthan10tweetsperday,whichcouldbeagoodrangetostartwith.

Fourth, usehashtags and linkswisely. Hashtags and linkshelp increasediscoverability and
informationcontent,buttheyalsorenderthecontentoftweetslessreadable.Therefore,brandTwitter
managersshouldusecautionwhenusehashtagsandlinks.Itwouldbehelpfulifthehashtagsandlinks
arenotmixedalongwiththecontent,butrather,putattheendofthetweetssothatthereadability
ofthetweetsisimproved.

Finally,learnfromtheleaders.Thefindingsindicatedthatthemoreaccountsabrandfollows,
themorefollowersitgains.FollowingotheraccountskeepbrandTwittermanagersupwiththelatest
development,populartrends,andhottopics.Thus,managersneedtoembracetheopportunityof
learningfromothersbyfollowingotheraccountsonTwitterthatarerelevanttotheirbrandorindustry.

Limitation and Future Research
Thereareseveral limitations in this research thatpresentopportunities for future research.First,
althoughthesampleof346companiesfromtheGlobal500Brand,eachwithupto3200tweetsis
sufficientlydiversetosupportthefindings,theresultsarenottestedagainstcompanieswithsmall
andmediumbrandvalue.Weexpectthemodeltostillholdforallkindsofcompanies.Futurestudies
could sample a larger set of companies to include small andmedium-sized brands. Second, the
generalizabilityofourfindingsislimitedtoTwitteraccountsthatoperateinEnglish,cateringtothe
Englishspeakingaudience.FutureresearchcouldexploreTwitteraccountsthatuselanguagesother
thanEnglish,andexploretheroleofcultureinTwitterfollowercounts.Athirdlimitationisthatour
measuresforquality,relevance,mannerandsociallearningarequantitativesurrogatesandnotdirect
measuresoftheseconstructs.AlthoughusingdatafromTwitterandTwitteranalyticssitehasthe
advantageofprovidinganobjective,data-drivenapproach,directmeasuringoftheconstructscan
giveusricherinformationanddimensionalknowledgeabouttheconstructs.Thus,futureresearch
couldbenefitfromusersurveystofurtherunderstandthequestion.

CONCLUSION

Practitionersandresearchersincreasinglyrecognizetheimportantrolesocialmediaplaysinbuilding
brandsandcommunicatingwithcustomers.Thisstudyisoneofthefirstattemptstodevelopatheory
onbrands’Twitterfollowersbyadoptingboththecommunicationandsocialnetworkperspectivesin
thecontextofbrandTwitteraccount.Ourresultsrevealedthatthequalityandfrequencyoftweets,
presentationmanner,andsociallearningallcontributedtofollowercounts.Withanunderstanding
ofthemajorcontributingfactorstoTwitterfollowercounts,theseresultsserveasabasisforfuture
theoreticaldevelopmentintheareaofsocialmediamarketing,whichinturn,couldalsoyieldvaluable
insightsthatguidepractice.
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