Accepted for publication in New Media & Society on 10/4/16

Quantifying the power and consequences of social media protest

Deen Freelon
School of Communication, American University
Charlton Mcllwain
Department of Media, Culture, and Communication, New York University
Meredith Clark

Mayborn School of Journalism, Whersity of North Texas

Abstract: The exercise of power has been an implicit theme in research on the use of social
media for political protest, but few studies have attempted to measure social media power and its
consequences directlyhis study develapand measures three theoreticgltpunded metrics of

social media powerunity, numbers, and commitmenrts wielded on Twitter by a social

movement (Black Lives Matter/BLM), a courerovement (political conservatives), and an
unaligned party (mainstreanews outlets) over nearly ten months. We find evidence of a model

of social media efficacy in which BLM predicts mainstream news coverage of police brutality,
which in turn is the strongest driver of attention to the issue from political elites. Crittbally,

metric that best predicts elite response across all parties is commitment.

Keywords: Black Lives Matter, Twitter, protest, social movemearasnective action,
computational methods

Corresponding author:

Deen Freelon

School of Communication
AmericanUniversity

4400 Massachusetts Ave NW
Washington, DC 20016
freelon@american.edu

202-8856462



mailto:freelon@american.edu

Accepted for publication in New Media & Society on 10/4/16

Quantifying the power and consequences of social media protest

Social medigbroadly definedhave becomeessentiatools for 215-century social movements
Accordingly,use ofsocial medidor political protesis a thriving research area, with studies
applyingboth qualitative and quantitativeethods to understand the nature and ntage ofthe
phenomenonMost resarchers in this area agree that social media can be conseqigential
social movementandtheir protestdn at least someontextsBennett and Segerberg, 2012; Earl

and Kimport, 2011; Shirky2011)

All successful social movements must exercise power to help bring about their chosen

social goalsMovements haveaditionallydone so by a number of meamgludingprotess,
petitions,anddirecty lobbyingpoliticians. Contemporary social mawentssuch as Black Lives

Matter (BLM), which we examine herepnsider social media an important component of their

overall strategies. But existing studies have not fully explored how movements harness power

through social media. In particular, they hanot adequately accounted for the fact that social
movements are not alone in social media: other parties interested in the sarakrogi@always
emerge to wield their own power alongside, against, or orthogonally with respect to the

movement.

This parintroduces a new methodology to addriss reality It defines several forms
of social media power thare particularly relevant teocial movementgroposes
accompanyingechniquedo measure thepand tests the extent to which they predikey
movement outcome-elite response Critically, nonmovement partiesay also wieldhese
forms of powerwhich arerootedichar |l es Tilly’s concept of

numbers, commitmen{L999; Tilly and Wood, 2013)Jsing40.8 milliontweets about police
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shootings of unarmed Black peoe2014 and 2015ve demonstrate that the digital
mani festati ons o fconipbnengsan be mheadmigd\nGantgativitby bhoth
movement and nemovement constituencie®ur analysis of the relationships between these

metrics and elite response suggests that cestaie former probabilistically cause the latter.

Social movement power

In an influential article, Dianj1992)outlinesfour essential components of social movements:

“a) net wo r kntraaidn; b) shated behets And solidarity; c) collective action on

conflictual issues; d) action which displays largely outside the institutional sphere and the routine
procedures of s oltis definition wduld Seen{ td &irdit2a,widepge of 7 ) .

structures and tactics, but from the development of resource mobilization ithéoeylate 1970s

until very recentlyformal social movement organizations (SMOs) have been considered all but
essential for social movemer{tarl and Kimport, 2011; McCarthy and Zald, 197IM)e current

study draws ormontemporary frameworks that take digitadligablel collective action seriously

inpat i cul ar Bennett and Sege (2018 Eaglasl Kimgorn,nect i ve
2011)We contend that connective movements are S

definitional characterists despitaliffering tactics and hierarchies.

It perhaps goes without saying that power is an indispensable resource for social
movementsbut as is often the case, the @ws warrants clarificatoWe def i ne “power”
the purposes of thiarticleas he capacity to bring about desired changes in society. This is
consistent wittthe viewsof a broad range of scholars who view power as fundamental to all
social system@ennett, 2003; Castells, 2012; Couldry and Curran, 2003; Giddens, 1987)
Giddens, for example, refers to power as “the

as i n some wgl987:t7)0Ne ark coecerngerimailynith what is often labeled
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“medi a (Qooldweand’Curran, 2003that is, norcoercive power that flows through

various forms of media.

Media power is especially important for connective movemais.assumptiothat
shifts in discourse may eventually lead to broader social changeslieseverysocial

movement ' ' s ceafortsin somecaded, adhanging the conversation about the issue in
guestion is the ultimate godh others movementled discussionsfesocial issues on social
mediaare notendsin and ofthemselvesbut rather one means of addressihargerproblem.

This isparticularlytrue ofmovementdike BLM whose goals involve institutional policy change
(see Movement for Black Lives, 2018)mong other usg social mediallow activists to

interact with lawmakers directlgiven thaimany if not mosof thelatterhave Twitter and
Facebook accounts (at least in the US). While some reoanectivanovementsmost notably
Occupy and the Egyptian and Tunisian revolutitrasieexplicitly avoided engaging politicians
directly (Castells, 2012)doing so is essential to fulfill polieselated goalsMovementgpushing

for institutionalchanges musteek the attention ¢fiose in chargeghe sameas anyformal

interestbased organizatiofButton, 1989: 6; Tarrow, 1998: 34lite attentionis akey outcome

of powerin suchcases

Anyone who hagverobserved or participated in a connective movement as it has
pressed its casmlineknows that it does not operatea vacuumMovementdortunate enough
to attract substantial public attention onlouackly find themselves amorallies, opponents,
journalistscelebritiescurious onlookers, and woulte entertainers seekingdapitalze on the
latest trendAlmost invariably, similar groups of individuals tend to cluster togatheocial
medig communicatingbout the topiat handmostlywithin like-mindedcommunitieg Adamic

and Glance, 2005; Conover et al., 2011; Hargittai et al., 28@8h of these communities
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involved ina powercompetitionwith the otherswhetherits participantsre aware of it or not
(Aouragh, 2012; Kahn and Kellner, 200Fhesimple act of sharing oreei dneessage rather

t han aisakeyt@mpdnentn this process.

This suggests that when researclagralyzes o c i a | movements power
should not focus solely on the movement. Instead, they simalldie othe collective interests

so that they may be comparégide fromBLM, two additional interests will be analyzed here.

First, movements with controversial or radical aims often attract ceonateements dedicated to

thwarting them: Though social mediamakeonf r ont i ng one’s ideol ogic
than ever before, few studies have examined online cemteements directlyexceptions

includeCroeser and Highfield, 2014ndJensen and Bang, 2018econd, the mass media

typically cover movements that achieve a certain threshold of popularity. True to their ostensibly
objective princites, theyusuallyalign neither withmovemens norcountermovemertd

consistenthand ar e besmligeeed hsf der b dc k Whlé USanaibsedamh er t e
news outlets exhibit their own distinct ideolo@ge e.g. Barnhurst, 2005; Reese, 199@)r

coverage does not consistently favor the left or the.r@htsocial media, mosigh-visibility

movementwill likely attract both countemovements andnalignedobserversBecause la

thesecommunitiesareembedded with one anotherarsystenof digitally-mediatedoower

relations, they can all potentially command the same forms of power.
Measuring social media power

One of t kdntsalclaimstisithathogemenpoweras exerted through social medan
be quantifiedPrevious studiebave foundsocial media to banportantfor information sharing,
frame building, and/or offline protest facilitatigBastos et al., 2015; De Choudhury et al., 2016;

GonzalezBailon et al., 2013; Theocharis, 2013; Tufekci and Wilson, 2012; Valenzuela et al.,
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2014) The current studdiffers fromthiswork in twoimportantways. First, it demonstrates

how abstractoncepts of power developed for offline social movemenasifestand change
over timein social media. Second, it presents evidence that tbese of power can help further
movement s’ dipectly asopyposgddasalélydacilitating communicabn among

activists

Our power metrics are based digital tracesf social media activitguch as retweets,
hashtags, and screen names. Butmilenot simply assume without justification that particular
traces signify particulaheoretical constructassomestudies havelone(Author, Date).

Instead, we wilbrguethat certain tracéased metricean be considerdaddicatorsofT i | | y’' s
concept of WUNQTilly, 1999; Tilly and Wood, 2013WUNC is an acronym whose letters

signify worthiness, unity, numberandcommitmentall essentiaélementdor socal movements

to wield adeptly. Tilly describes WUNC as batket ofdefiningcharacteristis of social

movements and as a source or index of social movement power. He as#saddasentsvith

movement st rengt h” thayl d nc 0 £ @ Sikilitytofile impliedahreat that the
claimant will wuse its weight t ¢TilyIP99e262; r eal i g

Vliegenthart andValgrave, 2012)Thus itis nomajor conceptual leap to consider WUNC as

powerby our definition

Tilly conceives of WUNC as a measurabl e se
“l ow” wval ues of(Tiilyt1999)fwhichrcleadyannply possititiessfor
guantification. Yet most empirical applicationave beemualitative ,with authors descrihg
how specific social meements ¢ h a r afictheeNNUNG framewnsri{Agbaria and Mustafa,
2012; Bennett and Segerberg, 20E9r example, irdevelopingheir theory of connective

action, Bennett and Segerbevgtet hat “ d i aedd acdon heyworkseften seem to be
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accorded higher |l evels of WUNC than their mor
(2012: 742) Again we see a clear suggestion that WUNC can beurezhsand in digital

contexts no less-but it is followed by no methodological suggestions as to how.

Oof WUNC’' s four components, we propose to m
guantifying worthiness maye possible, it seems to psohibitively difficult compared tanity,
numbers, and commitment. Tilly and Wood give the following offline examples of worthiness:
“sober demeanor; neat clothing; presence of ¢
(Tilly and Wood, 2013: 5)Demeanor, clothing, and religious identity on social media could
perhaps be judged by human coders, but not at Faadbecause not all mothers identify
themselves as such online, itwd likely be mpossible taeliably code social media profiles for

motherhoodFortunately, the remaining three components of WUNGrarehmoreempirically

tractable?

Unity

As a theoretical construct, unity makes a much smoother transitsamcitd mediacontexts tha
worthiness. Tilly cites the “wearing or bear:i
common pr ogr &d1809:@61)as swhrafiers of aniy, among otheFor movements
thatusesocial mediaxtensively few common gmbols are as emblematic as tHsstknown

hashtagsThey are the digital analogues of hahdld signs at street protestdan25,

#0Occupywallsteet, andfBlacklivesmatteare threagconic exampleghatinstantlyidentify their
corresponding movementSr eat i ng hashtags based on victims’
common practicavithin BLM, so much so that participants sometimes spealeofféar of

“becomi ng (Moodieliksh2018)grhe names of the most famous victimsdrae

metonyms for theverydayfears ofmanyBlack Americans.



Accepted for publication in New Media & Society on 10/4/16

Empirically, unity can be expressed through social media as a tendency for a given
community to use a small numbermbvementrelatedhashtags disproportionately more often
than others. This indates that participants are conveying a unified message, particularly when
the hashtag in question expresses a normative claim (e.g. #Blacklivesmatter). A lack of
consensus in hashtag use suggests at a minimum a corresponding lack ofsatityl imedia
messaging, and perhaps also in deggetrcal orphilosophical viewpoirg. Like the other two
metrics,hashtagnequalitycan be measured at tbemmunity levelthus permittingquantitative

comparisos.

Numbers

Of WUNC’' s four el e iolgthetn®st straightiotward to measure pm sociél a
media.Doing so is much easier than in offline protests, where journalistic and activist estimates

of attendance frequently diver@fdann, 1974)While overallcountsof social media usever

time are importantwe are more concerned with the specific numbers of users associated with
movemens, countermovemens, andunalignedparties We describe and implement a novel

met hod of doi ng s o seotiontbblev. ThiDraethad redies dn aMetvwotko d s 7
analysis technique known asmmunity detectioto categorize users based on their retweeting
behavior. We use network communities as the main unit of analysis throughout this paper

because they intuitivelypproximatep ar t i ¢ i p a n tangregdteawitidideologigal atlies

Once a set of communities has been identified and labeled, the participants in each can be
counted just as easily as for the entire dat&sgtortantly, our method allows us to aggede
communityuser countper dayso that longitudinal changes maydieservedlt is perhaps self
evident thatpther things beingequahdb ar r i ng purchased foll ower s,

obfuscatory shenanigansymbers signifypower.
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Commitment

Tilydef i nes commit ment as, among other (199 ngs, °
261)° The longitudinal nature of salimedia datallowsus to improve upon this operational

definition anddirectly observeperseveranciself. Having first disaggregated a social media

conversation into multiple communities, and then reconstituted those commanigash

individualdayi t becomes possible to measure how comm
are.We proposea simple method of doing so: computing the proportion of participants in a

given communityon any given dawho tweetat least onceuringthe following three day$

Note that participastdonot need to appear in the same commumitthe firstday as in the next

three—they simply needo postat least one relevant messagé¢he latter

Comparingthis repeat participation ratdetween communities allows us to detae
which are most and least committed. High proportions indicate that many participants from a
given community are returning to continue promulgating its point of view. Low proportions, in
contrast, indicate a high turnover rate and therefore a legwitieoh and less stable community.
Commitment as expressed in this way sends the message that movements and their interactants

will not disperse (digitally speaking) when the next trending topic emerges.
Black Lives Matter

We apply thee thregpower metris to nearly ten months of Twitter conversations started by the
Black Lives Matter movement. Rising to prominence in late 2014, BL.Mlooselycoordinated,
nationwidemovement dedicated to ending police brutality. It takes its name from a hashtag
startedby three Black feminist activistdatrisse Cullors, Alicia Garza, and Opal Torméiut

the movement and the hashtag are not synonymous. BLM has achieved national prominence
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through their online and offline organizing, obtaining extensive news media ce\ardg
widespread public recognitidffew Research Center, 201Barticipants have cited the
importance of social media in helping them pursue their gdatkson ad Welles, 2016;

Stephen, 2015)

BLM is important to studyor severalreasonk.i r st , i t (ganzdtiondlly es as
enablednetwork i n Bennett and Segerberg’s (2013) tyrg
both online and in the streets, wittuch of the coordination being handled by formal
organizations such as Million Hoodies, the Black Youth Project, and Ferguson Action. But these
organizationslo notdirectly controlthe movement-rather, theyareamong many grups and
individuals thathelpplan and organize protests and activist messaging. Second, the movement
has succeeded shifting police brutality from the margins of American politics to a much more
prominent position. Our analysis strongly suggests that the movamethe news medieather
thanthe elites who usually control the political agenda, drove this 3iitd, BLM serves as an
aptcase to test thafluenceof social media activisman policy goals. Unlike the Arab Spring
uprisings and Occupy, which were short on policgnden d s , cdddéviargd is simple:

“stop k({Kang, 2015 And while other paty-oriented movements such as the-anti
SOPA/PIPA campaign have used social media heéBdwpkler et al., 2015)many of these are
relativelyshortterm affairs Finally, this study adds to a small lgrowingcollectionof studies
analyzing BLMandrecent antpolice brutalityprotestan the US(Anderson and Hitlin, 2016;

Bonilla and Rosa, 2015; De Choudhury et al., 2016; Gallagher et al., 2016; Jackson and Welles,

2015, 2016; Kelley, 2015; LeFebvre and Armstrong, 2016; Olteanu et al., 2015)

Research questions
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This article will undertake two empirical tasks:mgasuringsocial media power using the
metrics described above, and 2) testing fepamtions between theamd elite attention to
police killings of unarmed Black citizenQur dataset features threemmunities: one
connective social movement (BLM), one counteavement (Political Conservatives, or PC),
and onaunalignedcommunity (Mainstream News, or MN)h@&reis little theoreticabasisfor
predictinghowthese communitieare likely todiffer from one another on each individual
metric, or which metrics are likely to best predict elite respolfisee consider social
movements as issue publics strongly interested in their defining(lssasnick, 1990) we
might conjecture that they would exeeithe most power in conversations on that issue.
However, strong interest does not guarantee streAfithovement opponents have greater
access tohe mass mediar politicians for example, they may be able to overwhelm even highly
enthusiastic activistdt is also conceivable that mainstream news outlets could draw large
numbers of united onlookerstanes when major stories bredkephrasing of théollowing

research questions refletheseuncertainties

1 RQ1:How do the three communities compareeach of the three power metrics, and
how do these comparisons change over time?

1 RQ2:How well does each community predict elite response?

1 RQS3: How well does each metric predict elite response?

T RQ4: How often dodsnctesercand hastgaappearintelye’ s

tweets?

Data and methods



Accepted for publication in New Media & Society on 10/4/16

This study analyzes Twitter data pertaining to police brutahgypurchased from Twitter all
public tweets posted during the yearlong period between June 1, 2014 and May 31, 2015
containing at least one of 4&yavords related to BLM and police killings of Black peoiplet
someperceivedasunjustified(see Table 13.The keywords consist mostly of the full and
hashtagged names of 20 Black individuals killed by police in 2014 and 2015. The resulting

dataset comtins 40,815,975 tweepostedby 4,435,217 unique users.
[Table 1 here]

Thenamesn Tablel were collated from two sources: a series of tweets posted by the NAACP
Legal Defense Fund’s Twitter account (@nhaacp_
of unarmed Black people killed by police between 1999 and 2014; and a May 1, 2015 Buzzfeed
article listing a number of unarmed Black males killed by police in 2014 and(Quh and

David, 2015 Neither of these lists is necessarily complete, but they were the most

comprehensive we could find. From the NAACP list we extracted all of thé r2érhes, and

from the Buzzfeed list we extracted all names exceptr@gnytingin a combined total of 20

names. To thesekeywordswe added the hashtags #blacklivesmatter and #fergftisen

birthplace of the movemers)n d t he phrase” “bl ack | ives matter

We analyzed thgetweetsusingPython and Rscriptswritten by the first autharwWe
includedonly tweets posted between August 8, 2014 (the day before Michael Brown was killed)
and May 31, 2015 (the end of our data collection period) because manywééte posted
before this period were false positives (e.g. referencing atbesdduals named Michael
Brown). This 297-day periodncludes99.4% of all tweetand 99.1% of aluniqueusersn the

full datase40,563,224 tweet<l,393,926 users)
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Next cane the task of identifying thigke-mindedcommunitieson whichour analysiss
basedWhile smaltscale studies have identifisdcial mediacommunitiesmanually(Adamic
and Glance, 2005; Hargittai et al., 2008)supervisedatwork community detection algorithms
are more effectivéor largerdatasetgAragon et al., 2013; Conover et al., 20Hywever,most
of these methodsnly generaterosssectional communitieAuthor (Date)describes method
of tracking network communitiesver a period of months, bittis not effectivefor smaller time
units. Hence we introduce a novel method of identifying and tracking soeidiacommunities

thatis equally effectivdor all time units

We beganby creating a distinct retwebbsed netork for each of the 42 weeks of our
dataset, as retweets have been observed to signify ideological affip@ltically-oriented
Twitter networkgAragon et al., 2013; Bode et al., 2015; Conover et al., 20det, we used
theLouvain communitydetection algorithniBlondel et al., 2008jo separateach networknto
a set of communitiesharacterized bgense retweeting pattetnWWhen applied to large Twitter
networks, Louvain creates a small number of large communities and a large number of small
communitiesmany of which consist of one or two useetweeting one anothétithin each
week we retained the ten largest communities, esetlare the ones most likely to represent
politically consequential constituencies. This resulted in 420 retoassd network

communities, ten for each week.

The net major step was to separate ttmenmunities into categories based on
membership similarityTo do this, we used Latent Dirichlet allocation (LDA), a popular method
of unsupervised machine classificati@so known as topic modeling)e created a docume
by-term matrix in whiclthe documents were communities and the terms weretossgsve as

the input Each user was weighted by networldiegree so that users who were retweeted more
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often were considered proportionally more important indope-gereration proces8ased on
this input data, LDA creatka series ofopics or collectionsof network communities with
similar membership8ecause LDA requiraesearcher® set the number of topick)(
manually, and because tkeare no universaules br choosing, we ranLDA on our dataen
separate times usirkgvalues ranging from four to 13. Next, we qualitativédigntifiedthree
clustersof topicswith similar sets of prominent participants across the ten LDA ames
representin@dLM (presentm all ten runs)onerepresenting mainstreanews(* M N présent in
eightrung, andonerepresentingolitical conservatives‘( P Cpresent irseverrung. These

were by far the most frequerdigcurringtopicswe could identify.

Theseclustersstill neeced some winnowing down, in part because cegamticipants
appeared in more than one clusWie discarded all communiti¢ésatappeared in fewer than
half ofe a ¢ h  ctbpicstd easuré that onlgommunitieghat wereconsistentlyplaced
togetherin the same topic were retaindle thenplacedparticipants appearing in multiple
clustersnto the cluster in which they appeared maofsén, discarding all those that appeared in

at least twaclustersequally often.

This entire procesgeldedthreepersistent communities-one representing BLM, one
representing MN, and one representing-R@hose participantaere consistently grouped
togetherAs Table 2 shows, the PC community is by far the smallest, while BLM is only slightly
larger than MN. Théenmostretweeted users in each commumigmonstratéhe face validity
of our methodall thosein MN are institutional accounts for mainstream news outlets (including
@blackvoices, which is operated by the Huffington Post). Most dbfheC users are
conservatre journalistaand punditsyhile BLM is dominated byantibrutality activists mostof

whomareBlack The three communities overlap a great deal in terms of hashtag use; #ferguson



Accepted for publication in New Media & Society on 10/4/16

is the mosttommonly used hashtag across all three taodotherhashtagsrealsopresent in

each c¢ommu n #blagKlivesmattegnd #Aimikebr@wn).
[Table 2here]

Ourmainpredictor variables are unity, numbers, and commitment measugegderday,
percommunity basisTo measureur main outcome variablelite respase, we manually
compiled a list othe Twitter screen namé@ahere availabledf the following elected and

appointed government officials:

1 TheUS President, the First Lady, and all Cabinet members;

1 Theofficial accounts of th€abinetlevel federal ageries (Justice, Labo6tate etc.);

f All House and Senate members of the148d 114 Congresses;

1 AllUS governors in office during the dataset timespan;

1 The lieutenant governors, attorneys general,maachbers of thetatelegislatures of
Maryland, Missari, New York, and Ohio, the states in whioke of the six most
discussed incidents occurréd;

1 The mayors and tojpcal prosecutors for the cities in which the above five incidents

occurred.

This list contains 498 screen namgsf which 29820%)twededat least once ithedata
These 298 users contriled 2,524 total tweetd 69 namesppeared in oner anotheof the

three persistent communities; these were removed frogothenunities prior to analysis.
Results

RQ1 calls for a comparison betwede three communities in terms of the three metrics. We

begin with numbers, the most easdityerpreted metrid-igure 1 displays the number wfique
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usersrom each community per day. While participation from each community spikes at the
same times, BLMd nearly always the largest. Interestingly, PC is usually more active than MN
on nonpeak days, but MN tends to surpass it when attention focusesiajoigevent such as a
killing or a major legal decisiorRarticipation fom all three communities spilkeound peak

periods butthis effect isstronge proportionallyfor MN than for PC

[Figure 1 here]

Forthe unity metric, which we operationalize as the Gini coefficient of hashtags used by
each community, Figure 2 reveals substantial differef®lgd. is consistently more unified than
PC, which is more unified than MN. I n other w
among a smaller number of hashtags than were
al so fluctuate f ar awvariaree ofitslailpyGiPnG’ss iosr O0B.LOMJ 752, tv
variance is 0.0021 and BLM s is 0.0014. These

longitudinal variation that can be seen clearly in Figure 2.

[Figure 2 here]

Figure 3 showshelongitudinalchangesne ach communi ty’ s repeat p
(i.e. commitment)which are simply the proportions of unique users on any given day that post
at least onceuting the following three day3hose paying attention primarily to mainstream
news are théeast conmitted with RPRs that usually fall below 0.25. BLM and PC lawéh

higherthan MN during nofpeak periods, witBLM usually slightly higher thaRC.

[Figure 3 here]

To summarize briefly before proceeding, BLM definitively exceeds the other two

communities on all three power metrics most of the time. PC generally comes in second and MN
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third. Spikes in attention seem to result in sharp increases of all three metrics for all three

communities.

To answer RQ2 and RQ3, we estimate Granger caeséaitweenhe nine
community/metric variables and the daily number of elite tweets. Extended discussions of this

technique’s |l ogic and value f or dBastonetali cati on
2015; Neuman et al., 20140 we will notrepeathem herelnstead we offera highly

condensed description: variable X Grangauses variable Y if past values oEKable more

accurate predictions of Y than past values of Y alfHeis should not beonfused with

commonsense notions of causalitgranger causality can be estimated by computing one vector
autoregressiomodel(VAR) in which prior values of outcomeariable Y are the sole predicsor

and a second model in which prior values of an independent predictor X are added to the first

model. Iftheratio of the variancef thefirst models error term to that of th&conds

sufficiently greater thammne we conclude that X Grangerauses YAfter examining models

with lags of one through five days using Breusabdfrey tests, we chosdour-day lagfor all

models becauseyielded thdowest levels ohutocorrelationDespite this, we were unable to

completly eliminate autocorrelation isomemodels.

Our Granger analysis proceeds in two steps. First, we estimate bidirectional Granger
causalities between daigfite tweet countéDET) and each of the nine community/metric
variables’ We call theselirect Granger causebecause there are no intermediate variables
betweerthem and the outcom8econd, we examine the extent to which each of these nine
variablesGrangercauses one anothékle call thesendirect Granger cause®ur results are
summarized in Tabl8, which requires some explanation. The coefficiantie second column

from the right and the second column from thedeét Fstatisticsgiving the ratio described in
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the preceding paragraph, which indictite magnitude of the reduction in erromtevariance
occasioned by theorresponding variabl&ach Fstatistic is one of a paifor the second column
from the rightarrows pointing right indicatenetricto-DET Granger causality, while those
pointing left indicate DEJto-metric Granger causalify.e. reverse Granger causalitfhe F
statistic with the greater value in each pair is indicated in Bdld variables in the middle
column are the direct Granger causes of DEfile theleftmost column contains alatistically

significantindirectGranger caussand-effecs.

[Table 3 here]

The firstimportantfinding Table 3 reveals is that elites are clearly following the cues of
the communities, as opposed to teeerse The magnitudes of the mettio-DET F-statisticsfor
all ninedirect Granger causeare much greater than those of their BigImetric counterparts.
This is clear evidence thdirect Granger causality overwhelmingly ruimsone direction. In
answer to RQZ,omparinghedirectvariables, MNis theclear leader in eliciting &k responses
as well as the direct cause least affected by autocorrelircommitmenimetricsarethe
first-, fourth-, and sixthstrongestlirectGranger causes of DEW h i | e aBelthésecend,
fifth-, and eightkstrongestPC exerts the weakeditectinfluence, coming in ahird, seventh,

and ninth place.

Examining the significarforward and reversdirectGranger caussgenerally supports
this story.One concurring finding is that the significant indirect causes of MN commitment are
fairly modestwith BLM clearly stronger than P@ut MN commitment isamuchstronger
cause of BLM numberthan the oppositevhich may indicate the power of the media to draw

users to BLM during periods of high attentiddiN commitmentis a weaker, though still
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relatively strong, cause of PC numbd&tM commitment seems to exert some influence on MN

numbers, but the equation is autocorrelated, reducing confidence in its coefficient.

Turning to RQ3, which concerns the metréshe greatest predictive capagity
commitment emerges #seleader The commitment metricarethe topthree directGranger
causesandl14 of the 23significantindirectones Also, the commitment metrics are some of the
strongestndirectGranger caussby Fstatistic magnitudeHowever,the second and third
ranked direct Granger causes were produced from autocorrelated WAiRS js also the case
for two of the 14 indirect cause&s for the other power metrics, numbers srangerdirect
Granger causthan unity, as it appears twigie thefourth and fifth spots) before unity appears
once.Numbers surpasses unity as an indioattse, appearing twice as often and generally with

slightly higher Fstatistics.

RQ4, which concerns how often eaclte communi
tweets, can be answered using basic computational techniques. For users, we simply counted the
numbers of unique and total screen names mentioned by elites that belonged to each persistent
community.Figure 4 shows that BLM users are mentioned mdenddy elites whether uniques

or totals are considered. MN users are mentioned slightly more often thareR¢h case

[Figure 4 here]

The hashtag analysis is more complicated because the most popular hashtags were used
extensivelyby all three communigs(see Table 2)Thereforewe created a list of hashtagsed
disproportionately more oftdsy each community compared to the other.tW call theseach
c o mmu ndistingtive frashtagd.o ensure that our results were not specific to the choice of a

single disproportion constant, wsedtwo, examining hashtagss ed by a gi ven ¢ omi
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participantan proportions at least 1tinesand two timegreaterthanthe other two. Figure 5

shows how often elites used atbatictiexl.bamgiZnuni t y’ s
levels. In both cases, BLM achieves only a slight advargagethe nextanked community.

But at thex1.5level, PC cmes in second, while MNccupies that positioat thex2 level.

Figure 5 suggests thalthough all threeommurities are sensitive to the choioédisproportion

constant BLM' s preseomusenty s felt most

[Figure 5 here]

Discussion

This study presents convergent, highly suggestive evidence of poprjestedthrough social

media by a connective sociabvementind two competing communitids$ introduces three
theoreticallyderived, movementelevant metrics of social media power, meastivem

longitudinally over the course of nearly 300 days, esitmats the extent to which they
Grangercause eliteesponses. Our resultglicate that unaligned news outlets and their

audiences are more successful than the other two communities in provoking elite responses. We
also find modedbut convergengvidence that BLM helped to generate the media attentithein

first place(we further substantiatnis claimin Freelon et al., 2016)

Theseresults contribute aovelanswer to a central questian the literature on digitalty
enabled social movements: how, if at all, does social media use contribute to movement goals?
We demonstratéor the first timethatsocial movement activity through social medenhelp
attract elite attention as theirremerns are broadcastroughmainstream news outlefBhe effect
is stronger than that of the total number of individuals engaged on the issue at any given time and

of unity as measured through hashtag Uike. finding isconsistent with evidence that offé
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activismcaninfluence elites through media covergyéegenthartand Walgrave, 2012;

Walgrave and Vliegenthart, 2012)

Whil e Granger causality is not “trutke" caus
three criteria for causal inference and substantially, although incompletely, addresses the third.
Causal mference is widely considered to be valid when three criteria obtain: correlation, time
precedence, arttie elimination of alternative explanatiofi@abbie, 2012: 934; Vogt and
Johnson, 2015: 550ranger causality demonstrates correlation through the vector autoregression
models on which it is based, and time precedence through its use of lagged predictors. And while
it cannot eliminate all potential rival explanations,ahaccount fosome of the mosibvious
ones. First, reversing the Grangausal order of each pair ofnables tests for the presenuie
reverse and bidirectional causation. While this occurs to some degree in our Iresults, i
instances Granger calgy is much stronger in one direction than in the otS8econd, we test
the possibility that nine variables may directly Grangguse DET, some of which turn out to be
much more consequential than others. Third, we examine indirect causes to aacient fo
possibility of a multistep causal process. These measures add additional support, though not

definitive proof,of aprobabilisticcausal interpretation.

That saidthe absence afonTwittervariablesi s t hi s arti canérmay chi ef
havecaused some of the autocorrelation in the VAR modieis likely thatthe political elites
were motivated to speak out on this issue through a number of channels, with Twitter being only
one. Other media channels, letters and phone calls from constjtoentersations with
coll eagues, and events occurring in one’'s dis
fact that mainstream news outlets sourced much of their reporting on police killings in 2014 and

2015 from social media (Author, Dateupports our multistemodelof online protest poweit
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is also impossible to completely separate the influence ofeffirotests from protest tweets
given that they spikedroundt he same ti mes. However, elites’
andmentions of movemerdassociategarticipantsand media outlets support thetionthat the
tweets had some impaéiurther research thaicludesadditional variables may well discover

new causes.

Themetricsof social media power we have introducedy exhibit predictive powein
other studies, but thegreinteresting in and of themselves. Although unity (as operationalized
through hashtags) proved to be the least powerful metric in our Granger anatasshie
potential tocontributeto the voluminais literature on collective action fram@orrigallBrown
and Wilkes, 2011; Sanfilippo et al., 2008; Snow et al., 198®ken its longstandingstatusasa
key concernin studies of offline protegMcCarthy et al., 1996; Soule and Earl, 2008)mbers
will likely remain sdn social media context&\nd anong itsother potential uses, commitment
in the form of repeat participationinsaiales i s

media(Bastos et al., 2013; Bastos and Mercea, 2015)

We alsocontribute acomputationally tractablmethod ofidentifying andtracking
distinct Twitter communitiesover time While community detectiois relatively straightforward
for crosssectional research, it is feasssofor longitudinal studiesAs a resultthe predominant
crosssectional approaches typically used in netwsitkdies have been unable to analyze much
of theoretical interest in social medvehich generatenherently longitudinatiata Our method
creates persistent monunities drawn from the entire dataset whesgablesunity, numbers,
commitment, etc.) can bwaeasured at any desired level of time granularity. Its utility is not
limited to the study of social media power: it can be applied to any-MD&itter conversation

in which multiple distinctcommunities participate.
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This study’ s tbnwgohandin mnddatsifiable nnobelof social media
power as exercised by social movements and others interestgilvenissue; and an innovative
methodology for measuring it. Future studies msg our methods iavestigate the extent to
whichthe model pplies to other social movemenWe might expect that connective
movements with similar characteristics to BEMituated within an advanced democracy, led by
marginalized but tecBavvy youth, and eager for policy charg®may use Twitter to simalr
effect. But it may or may not apply equally well to other platforms or types of movements.
Nevertheless, the finding that social movements can, under certain circumstances, further policy
relevant goals directly througtveetingis one with powerful theretical and practical

implications.
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Table 1: Twitter keywords

Keyword

#ferguson

“mi chael brown” / “ mi
#michaelbrown/#mikebrown
#blacklivesmatter

“eric garner”/ #eric
“freddie gray”/ #fre
“wal ter scott”/ #wal
tamir rice”/ #tamir
“bl ack | ives matter
“jyohn crawford”/ #j
“tony robinson”/ #¢t
“eric harris”/ #eric

113

“ezell ford”/ #ezel
“akali gurl ey”/ #aka
“kajieme powell "/ #

I
[
k
tani sha anderson?”/
“victor white”/ #vi
jordan baker”/ #j or
jerame reid”/ #] erce
“yvette smith”/ #yve
phillip white”/ #pl
“dante parker”/ #dar
mckenzie cochran”/
tyree woodson”/ #t
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Table 2: Summary statistics for three persistent communities

BLM (Black Lives MN (Mainstream PC (Political
Matter) News) Conservatives)
Total users 470,655 422,651 260,111
Rank

Most- 1 @deray @cnnbrk @chris_1791
retweeted 2 @shaunking @cnn @waynedupgeshow
users 3 @bipartisanism @nbcnews @foxnews

4 @antoniofrench @abc @breaking911

5 @nettaaaaaaaa @bbcbreaking @larryelder

6 @michaelskolnik @nytimes @fox2now

7 @ryanjreilly @rt_com @ksdknews

8 @talbertswan @huffingtonpost @amymek

9 @bassem_masti @ac360 @patdollard

10 @youranonglobal @blackvoices @michaelcalhoun
Most 1 #ferguson #ferguson #ferguson
frequently 2 #blacklivesmatter #ericgarner #tcot
used 3 #mikebrown #blacklivesmatter #blacklivesmatter
hashtags 4 #ericgarner #mikebrown #mikelrown

5 #freddiegray #freddiegray #michaelbrown

6 #icantbreathe #michaelbrown #ericgarner

7 #michaelbrown #walterscott #freddiegray

8 #tamirrice #icantbreathe #darrenwilson

9 #walterscott #baltimore #baltimore

10 #baltimore #fergusondecision  #pjnet
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Table 3: Direct and indirect Granger causes of daily elite twamtg)

Indirect Granger cause Indirect F Direct Granger cause Direct F
BLM numbers - 4. 32 MNcommitment — 24.52

«— 711 ~ 0.98
BLM commitment — 3.79

- 2.71
PC numbers - 3.02

~ 427
MN number$ -~ 7. 32 BLMcommitment —17.56

— 83.9 ~ 0.69
MN unity - 7. 34

— 471
MN commitment - 2. 71

—3.79
MN numbers -~ 2. 87 PCcommitment — 10.04

— 28.3 ~ 1.04
BLM commitment — 83.9 MN numbers — 9.80

<~ 33 ~ 1.02
PC commitment —28.3

- 2.87
BLM numberg — 3.34

~ 1.46

iyt

BLM unity 32.31. 4a DI_ET (Daily
MN commitment —71.1 BLM numbers — 8.19 elite tweets)

~ 4.33 ~ 0.57
PC commitment —22.0

< 1.90
BLM commitment — 47.14 MN unity — 6.50

~ 7. 34 -~ 0.67
PC commitment — 10.93

~ 1.10
BLM unity? —3.14

~ 0. 26
BLM numbers —2.59

~ 0.32
MN commitment — 42.66 PC numbers — 5.01

< 3.02 ~ 1.35
BLM commitment — 32.76

~ 1.83
MN commitment — 16.34 BLM unity — 4.74

< 1.51 ~ 0.89
PC commiment — 7.98

~ 2.09
BLM commitment — 15.04 PC unity —2.97

~ 0.62 ~ 1.40
MN commitment — 10.75

~ 0.72

F values abov2.4 = p < 0.05;above3.35=p < 0.01;above4.73=p < 0.001 Daggersndicate autocorrelated
equationgBreuschGodfreyp < 0.06). To reduce repetition, only the significgpt< 0.05)indirectcauses of each
directcauseare listed.
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! Counter-movements “make competing claims on the state on matters of policy and politics and vie for attention
from the mass media and the broader public” (Meyer and Staggenborg, 1996: 1632) and, when opposing left-wing
movements (as does the one analyzed here), “seek to maintain the currently dominant field frame and thus
maintain the status quo by opposing, or countering, the efforts of movements seeking change” (Brulle, 2014: 683).
2 |n addition to these methodological considerations, BLM would likely condemn this conception of worthiness as
counterproductive “respectability politics” (Smith, 2014).

3 See also Klandermans (1997), who concurs that “the more committed to a movement someone is, the more likely
it is that he or she will continue to participate” (29).

4 We chose a three-day period to strike a balance between a week, which we felt would be too liberal, and one
day, which would be too conservative.

5 Data purchased from Twitter includes all public tweets matching the buyer’s search criteria, which is not
guaranteed when collecting data from the platform’s APIs (Jackson and Welles, 2016; LeFebvre and Armstrong,
2016).

6 The first tweet in this series is here: https://twitter.com/naacp |df/status/540250644658278401

7 Two names (Dontre Hamilton and Rumain Brisbon) were omitted from our final list due to a clerical error.

8 We originally included the states where the five most-discussed incidents occurred, but since the fifth and sixth
most-discussed incidents (Tamir Rice and John Crawford, respectively) both took place in Ohio, we decided to
include it instead of South Carolina, where the fourth most-discussed incident (Walter Scott) occurred.

° DET and the three numbers metrics were transformed prior to analysis using the inverse hyperbolic sine function
(Burbidge et al., 1988) to satisfy the Granger method’s assumptions of normality and stationarity. The unity and
commitment metrics were not transformed because they are already normalized.
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