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Introduction

Chapter |- Introducton

| am writing thisintroduction in the summer of 2019. In my home, Berlin, this year is

a special one, as we commemorate thé"1#te 10, and he 30" anniversaries of

three German revolution€®n my daily commute through the city, | pass some ef th
places that epitorne each of these upheavagyraveyardeminds us of the fights on

the barricades that marked the outset of the 1848/49 remuluthilethe violent death

of the Spartakists Karl Liebknecht and Rasaemburg in 1919 is rememberedthw

a plaque on the dndwehrkanal, and a line of cobblestones throughout the city
indicates the Berlin Wall that fell in 198But what | also see ahg the way are the

signs of contemporary, smallestruggles, graffitied to the walls, placarded on
mailbaxes, and hanging fromme windows of squégd housesi Seenotrettung
Ver bréaeahemAsyl i st’?bMénsadilsen fioEntiadiaermen! o
Wo h nr a u m “wpile public displays of contention have surely been part of the
protest reprtoire during tke revolutionary eventsf the 19" and 20" century there is

a tiny, but significan21% centuryaddition, that symbolizes the i@t puzzle which

sparked my interest in ith topic, culminaing in this dissertation: four lines, two
horizontalones and two vertical onesrossing rectangular. The hash sign #, pointing
each passdry to the right keyword on the social media platformitiex. While

surely, media have played significant roles ptiordigitalization, the ubiquity of

digital communication and the alterations of the public sphere brought about by it,

indicate a specificityf the protest and collective action phenomenauoftione, that

'liSea rescue is not a crimebo
2AiAsylum is a human righto
SAExpropriate! o

‘AAffordable housing for allo
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has drawn substantial scientific attention anaticwes to do so. However, this
scholarly &ention has come from different disciplines with different perspectives and
conceptualizations, and various studies have come to very differenisionsl on the

role information and communication technolaggenerabnd social networking sites

in paricular play for collective action. Chapter Il will discuss in detail how early
enthusiasm on the almost causative relationship between technolagpcaidhange

has waned to make room for more skeptical pertiges, illustrating the need for
further research and the systematic assessment of the use of digital communication
tools in various episodes of collective action. For me, the ubiquity ofl setvaorking

sites in collective action phenomena and theitearaole therein is the first important
mativation of my own research.

The second motivation lies in a more sinister observatienresurgence of the
political right in Germany in generalnd of anttasylumseeker protests in particular.
While the slogns cited above surely represent the fgsliand attitudes of many
citizens in the innecity of Berlin T where leftists and greens secure comfortable
majorities at the polls we must not lok far to find areas where the righing party
Alternative forGermany is able to gain most of the votaed avhere the graffitis on
t he wall readd i Aossry | if 1 QAfereazviadaad| eidence and
arsonattacks on asylum shelters and heusd# migrants in the early 1990s,
culminating in themurder é five women and children in Solingen, thdatesely
peaceful years that followed were ended abruptly by a dramatic rise i anti

immigration protest and a resurgenc@alitically motivatedviolence against asylum

SiStop the fdookerofdo asyl um
6120 decibed ® A femonationdist campaign initiated by the Aust®erman rightwing extremist
fildentitarian Movemerit
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shelters from 2013 onwards. In genevad had to witness a fundamental change in
the political landscape in recent yeail$e electoral success of righting parties all
over Europe the discovery of neonaziterrororganizations like the
Nationalsozialistischer Untergrund (NSU) in Germamythe revelation of faright
networks entittedin NSU 2. 00 run by German ©police
communication platform, are exemplary evidence of strong-vighg structures in
contemporarysociety that threaten democratic processes and values.tRetea
murder ofthe conservativeolitician Walter Lubcke has tragically illustrated these
worrying developments. Libcke spoke out in favor of an asydhetter in the Hessian
town of Lohfelde and hagversince been targeted with dedthieats (alsoyia social
media like Twitter and Facebookvéntually, he wasnurdered in his homby an
allegedneonaziln chapter Il wewill illustrate the assumption of a resurgence of the
political rightin general and existing research on riglrig online networks in more
depth. It suffices to say at thpsint, that the conjunction of a rise in righiing activity
and the massive use of social netwinog sites by these actors form the problematic
backdop of my research.

Based on these observations, my thesis aims to contribute to a better
understanding fahe role of social networking sites for collective action, particularly
on the littlestudied lit highly relevant extreme right end of the politisplectrum.
Thus,to place thidissertatiorwithin a stream of broader academic debates, we can
pose thdollowing, overarchingesearch questiokVhat is the role of Information and
Communication Techology for contentious grassroots organizationiiz question
feeds from a review of relevant theoretical angles and prior research that will be

presented inftapter 1l. We will seek to contribute to this debate from a genuinely
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relational perspective ocollective action,by subjecing the case of German &n
asylumshelter (AAS) groups on Facebotikan indepththeorydriven exploration.
This way, | hope bothto advance theoretical debates on information and
communication technology and collective actiby joining different streams of
literature and to atl substantial knowledge on the phenomenon of Af&est in
Germany. To do so, | will rely oa modificaton of the framework of Modes of
Coordination (MoC) of collective action, developed by Mario D{@d15). This will
allow for a systematic empiricakgloration of actors and the structures that emerge
from their patterned interactions, while at the samee tavoiding the fallacy of
equating any episode of contentious collective action with a soois@mmentChapter

Il will concentrate on this and othéheoretical challenges to argue for a perspective
that unites action logicdvlodes of Coordinationandpartial organization concepts.
After introducing the case under investigation mitv@oughlyin chapter I, I will
presentfour detailed sets afesarch questions and introduce both the -data and
the methodological tools that will be used to anstivese questions. Thesall lend
structure to chapter IV, where | wiiirstly analyze both onli@ and offline activity
patterns of AASprotest acrosime and spaceThis section generates answers to the
first set of research questiomghich ask for andentification of the relevant actors and
the correspondence of various and offline activitieover time and spac&econdly

| will analyze the aatent of AASgr oup s 6 ¢ obymeans ottepic madals.
This is motivated by the second set of reseajuestions, which ask to describe the
actual content of AASliscussions, especially in light dhe construction and
reinforcement of collective iawities. Thirdly andfourthly, we will move onbothto

descriptive ando inferential techniques of sociaktwork analysisThese analyses



Introduction

seek to answer the research questions of set thresetodr, which aim to understand

the types of ties generattg AASSgr oupsd activities and t h
from these, as well as how these ties combineMuddes of Coordination and what
determinants might facilitate tie formation in either mode.

With this, | present an innovative approach of analyzmdjiaterpreting digital
communication data from a perspective of relational social movement studies. The
conclusions that can be drawn from this analytic approach will be discussed in chapter
V, esgecially in light of the limitations of this study and hdlese shortcomings can

be addressed in further research.
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Chapter II- Theoretical Framework

The overarching topic of ynresearch project is the role of social networking sites
(SNS) for antimmigration groupsConceptually, the project taps into theoretical
argumentsfrom studies of collective action, digital media, and organization
scholarshipto allow for an empiridaexploration of how and why actors digitally
coordinate their interactions and what diffaretructureemerge from these activities.
Therefore, | wart by illustrating the controversial debate that surrounds the role of
Information and Communication Tmagology (ICT) for collective action, before
moving towards an hdepth understanding of celitive action from a relational
perspective. Next, | wikxamine the conceptual challenge of social media to collective
action, before proposing to apply thedesof Coordination framework (Diani 2015)

to a study of digitally mediated protest phenomesapne possibility to overcome

theoretical gaps and misugrdtandings.

II-i Information and Communication Technology and Collective Action

I aMisunderstanding?

The keycontroversy driving the rationale of my approach is that of the unclear
role of ICT in the érmation of (contentious) collective actiofhe early cofusion on
that matter idest exemplified irthe heated debate between Malcom Gladwell and
Clay Shirky(2011) A fierce <critic of soci all medi alds
paraphrases AfricaAmerican artist Gil ScotHe r o n , cTheaevatutiom gyill i
not betweeted (Gladwell 2010) because the kind of political action sparked by SNS
is fundamentally different froriclassicabpolitical activism that is more likely to bring

change to society. The higlsk and highcost natue of theactivism during the
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American civil rights movemds in the 1960§McAdam 1986; Tilly and Tarrow
2015), Gladwell argues, is key to the effectiveness of collective actionsittmgiy
cannot e provided by a social media sphere that mainly revolmsd the question
fwho is eating whose lunch ( G| adwel | 2010). Tiskendadver s
low-cog slatktivisnd | s d e $eelgobdmelide aciasmithat has zero political
or social impacb (Morozov 2009) Or, asChristensen (20113 ums up t he <cr
arguments:
Wearing badges is n@nough, and neither is changing your profile picture on
your Facebok account for a day, a week, or a month. The slacktivists are seen
as unwilling to get their hands dirtynd do the efforts required to actually
achieve these goals
The nature of online networks, critics arguegneo fwedktiedé of a Gr anovet
(1973)notion,andnot of strong tiemsi n Mc Adamdés ar gualemnmt . Ge
Nicholls (2009 79) however hints at the interplay of strong and weak ties in social
movement mobilizations:
strong tie réations provide a distinctive set of resources (emotionatenal
and symbolic) that are essential for successful mobilisations. In this sense, the
weaker connections of distant allies and the stronger ties of their proximate
counterparts permit the floaf distinctive yet complementary resources.
In his view, ICT or the internet serve as both facilitators of more distant and weaker
ties, buttheyalso serve to sustain and maintain stronger, more proximate interpersonal
ties. Still, for critics of ICT, its clear that Computer Mediated Communication (CMC)
is effective in establishing flows of information and new idéasowever, these are

regarded asveak ties and insignificant for collective action outcomes, whereas the
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strong ties of interpersonal sadidty are necessary to engage in collective action of
the hgh-risk type.
Further critique stems from the often acclaimed, but seldom proven assumptio
of a lack of hierarchies, due to the networked nature of @hzalezBailon and
Wang 2016) Ref er r i (1884)s emMpalt i wdr k on At he Origi:-t
Rights Movement o, Gl adwell (20 fiobijssuperiye s t hat h
networks in terms of outcome, as the involvement of the Church asrdireting
institutional actor in the civil rights movements illustrates. According to this critique,
reslience and flexibility of networks are advantageous onlyoim-risk situations,
while the strong ties in McAdacndseorar gument a
network forms of organization, best achieved by traditional formal organization.
Countering thédnarsh critique, Clay Shirk{2011)argues that
as the communications landscape gets denser, more complex, and more
participatory, the networked pafation is gaining greater access to
information, more opportunities to engage in public speech, and laanead
ability to undertake collective action
He cites thdoose coordination of mass protests via text messaging that eventually led
to the downfdlof Philippine President Joseph Estrada in 2001 as one example how
ICT can bring about social change. Cex i n | Tyitter Relvadutioid o f (L&ah1l 1
etal.2011)and theDccupyc a mp ai gns ma d ecybetoptimiat®(Pavdnor t hes e
2013:3)or, in Egy e ny Mo r o z ocybérsitopiarmr(Moszov &@nd Johnson
2013) to subscribe to the idegah at wi t h t he adweeaowthavef soci al
manyto-many tools that support and @aerate cooperation and actior(Shirky

2008:158) The role that sociamedia plays for civic and political participation in
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general has been summed up in a raet@ysis by Shelley Bouliann@015) who
found that while most studies report positive effects of social media use on
participation,the causal and transformative effects remain unclear. For contentious
political activities, she concluddsh a t i difficultsto isolaté thd relafionship
between social media use and pratest( Boul i anne 2015: 534) .
of ICT andcollective actionMosca (20082) argues that the internet creafes e w
public spheres where s@al movements can organize mobilizations, discuss and
negotiate their claims, strengthen their identitissnsitize public opinion and directly
express acts af i s s €hng, as scholars of the public sphere have highlighted, new
forms of communicationlo not lead to some or another form of action or prqest
se but rather change the conditions underciipolitical communication plays out in
a more than ear networkedpublic spheréBenkler et al. 2015; boyd 2010; Friedland,
Hove, and Rojas 2006rrom this perspective, Dahlgren aegithat

the current destabilization of political commcition systems must be seen as a
context for understanding the Internet: It enters into, alk agcontributes to, this
destabilization. At the same time, the notion of destabilization can also ymabod
positive sense, pointing to dispersions of oldetguas that may have outlived their
utility and possibilities for reconfiguration. We can nofer, example, the obvious
positive consequences that the Internet extends and pluralizes the publicispere
number of ways. It is this kind of tension thatduld accentuate, rather than any
cheery optimism, dour pessimism, or cavalier dismi&x205:148)

In this view, the relation betweesocial media as one relatively new
communication tooland any form of political engagement is by no means

deterministic. This, however, is the notsathat cybeoptimists imply, even when they
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argue thati s oci al t ool s donot they meray removwdhlel ect i ve

ob st ac|(8hgky 2068: 159)tbese arguments ultimately entail the notion that
t ool s shape be hahappesrwhen aociety adopts e behaworsr i
(2008:160).
While this heated debate can be fueled by ample eraphiots on both sides,
little consensus seems in sigBtr, as Christensen put it:
while techneutopians overstate the affordances of new technedogvhat these
technologies can give us) and understate the material conditions of their use
(e.g., how fators such as gender or economics can affect access)na
dystopians do the reverse, misinterpreting a lack of results (such as the failure
of thelranian protesters to topple the Ahmadinejad regime) with the impotence
of technology(2011:239)
Thus,wvn et her s oc i aslacktivientl(Marozdy 2GO%) dnsiro-&ctivisno
(Blood 2001; Marichal 2013) ®&evolutions 2.0 (Cocco and Albagli 2012ill
remaincontested, asomeof the more popular (and sotimes populist) debate quoted
so far lacks the conceptual tools to find common intellectual ground fleorough
debate of what social media can and cannot contribute to our understanding of
collective actbon phenomena. | identify three major fallaciewérsimplification in
the debate so far that each should and can be avioifigdre research.
First, the focus on theutputof social media in studies of collective action may
be misleading, as it entaithe notion of social media as a black box theg some
overall direct or indirect effect on the offline nature of contentious collective action.
The impact of (social) media on political participation in general, has long been an

issue of debate, conte and ambiguity in various scientific discigs(Boulianne
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2015; Norris P01, 2005; Putnam 20Q0)Vhile Norris suggested thatt he r i se of
knowledge society in Europe has @éed had the greatest positive consequences for
pdlitics by strengthening causwiented and civieriented activism, rather than by
encouraging mass gpoticipation in campaigns and electiang2005:35) Bimber
studied the impact of internet usage on various forms of political engagdmeinig
little evidence of an instrumental relationship between ICT and political participation.
He contuded that researchers should focus on

examining how information technology affects attention, salience, affect,

schema, and other cognitive phenomémvolved in the formation of political

knowledge. If information technology is to affect political gapttion, it will

likely be through such pathwayather than through simple reductions in cost

or increases in the volume of political informati@901: 64).

This runs contraryo an oversimplistic technological determinism that would
make us believenat reducing costs of participation and mobil@at while providing
the technological affordances to share -temk information is per sesufficient to
explain any form of activism. Instead, more attention needs to be paid to what actually
happenson cial media. While it is easy to find instancesoanline activity that
correlate with protest or other forms of collective action, the same is druihd
opposite. We can observe that the massive use of ICT during some protest campaigns
played a signitant role, but at the same time find instancesreltollective action
has happened and continues to happen in the absence (@i#dT2011; Diani 2000;
Tilly and Tarrow 2015) Therefore, while quantifyinga dor of fAnet ef fect
media on outcomes remains tempting from the perspective of some scienabtssch

| argue that we must first take astepback d unt angl e the fbl ack
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treating the absence, presence, or quantity of digitadigiaed communication as a
mere property of a phenomenon we would like to study. CBjraber (2017: 7)put

i tMedidiareaseml ess part of many peopleds | ife exp
tool or set of tools whose use aaeaningfully be isolated, quantified, and correlated
with other aspects of liée. Ther ef oretationahapmgachiallogs foa a r
fisystematicnetwork mapping (Diani 2015, 5)t o s the dasiety iof relational
patterns taken by collective action, regardless of its niedd#ni 2015, 11) When
studying digitally mediat protest phenomena, such an approach must invariably start
with a mapping ofi t hceorsthat enter theace of the mobilization through services
like Facebook, Twitter or YouTube; tlkennectionghat they estblish with other

pl atf or ms 6 esantbnésbat arebopeodused or tremixed and themtterns

of circulationd (Pavan 2013: 5). This allows tesunderstand the different ways, media

is used by (contentious) actors, the meaning of digitally pratiacel/or sustained
connections, and the paths and configurations that ultimately evolve through acts of
communication.

Secongdand closely relatet the first argument, the controversy outlined above
fails to properly account for the complexity of tbHline-online nexus. Debating if
any formof online activity has a ondirectional impact on or is even causative of
offline activity (Muller and Schwarz 2018jails to acknowledge the dynamic,
reciprocal, and hybrid nature of offline and online spheres. In a sifigiyotest
participation in Tahrir Squard,ufekci and Wilson (2012)found that information
flows during protest events depended on a mix of bothtatlignd analogue
interpersonal communication, via fateface conversation, the telephone, and

Facebook.The activities around Occupy Wall Streetv@as a good example for
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avoiding the onlineffline dichotomizatiorfallacy. Tilly and Tarrown o t etds, i
striking how closely t beginning of actual Occupy sites was metkchy the creation
of Occupylinked website3 ( 20 15: 202cdrjence af bnline and offline
actionis (of course) not seen as independent of each other, but neither is the one
causing the other. Or, &asi and Suhwho studied the diffusion of Occupy in depth,
argue:
Our findings, however, dooh demonstrate that Facebook or Twitter wities
cause the protests. Instead, we argue that social media activities precede and
correlate with the mergence of protests, presumably because they are both
consequences of a t hi redpresenca of lerserized a b | e ¢
activists (2016: 150
They argue against any form of determinism and concede that while social media may
facilitate phenomem such as fAsl acktivi smo, t hey di
empirically T instead, online platformseemed to enrich the toolbox available to
adivists in terms of communication, coordination, and mobilization. In other words, it
seems unlikelythat he wuse of | CT -dwtad se ft foe cat fAafr oswtd!
Instead, in the Occupy case, it seamare likely that activists already held @ant
organizational resourcelike informal networks, that allowed them to make effective
use of strategiewithin the entwined space of both-aand offline action (ibid.: 150
151). Thus, we might characterizetbnline and offline realm not as separabed,as
ahybrid space, in which the affordances of social media may lead to a convergence of
the activites of institutions, parties, and social movement actions in their common
adaptation of botlitraditionaloandfi di gi t al n et WChadwickr2@p,er t oi |

see also Bimber, Flanagin, and Stohl 2008k idea ofirepertoires of contenti@ras
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a toolbox of practices and actions (riots, strikes, occupatpmetitions, etc.) available,
known, and familiar to contentious claimakers has been conceptualizeddarles
Tilly (1977) who studied changes in this repertoire in light of the emergence of
capitalism. Recentesearch has shown how ICT can enrich this reperiigehow
the appropriation and conversion of a pelitwitterhashtag to document violence
against minoritiegJackson and Foucault Welles 20X3n go handn-hand with
streetprotests, political lobbying ahother more traditional forms of action. This case
has been argued in the Black Lives Matter movertienrgelon, Mcilwain, and Clark
2018) arti-deportation(van Hapere, Nicholls, and Uitermark 2018pr ani-free
trade protestgAyres 2005) showing that a repeite perspective is one way of
recognizing the hybridity of online and offlirspheres.

Thus, given the multidimensionality of a collective actiondfjeit is the
Astructure of r el at iootha exgands gcmssthe bogndacyo |l | ect i v
betweet he onl i ne (Ravah2ald)ehisstiidy of ihewerising lBgypt,
Hassanpour found out that shutting down ICT during amomg protest
idecentr al i zom the 28thtaroughenbwehlybdrid communication tactics,
producing a quagmire much harder to control and repress than one massive gathering
i n T a(20t4i10) While capturing the hybridity of online and offline empirically
remainsa different ©allenge, it is important at this point to conceptualize a hybrid
space where actors constantly move across eofifiee boundaries anghift their
repertoires according to perceived opportunities and challenges. Therefore, studying

which adors are invtved, how they interact, and which relational patterns emerge and

" The day the Mubarak regime massively interfered with cell phone and aplim&unication.
[M.H.]
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eventually form differenfiModes of Coordinatiol (Diani 2015) can leads away
from a flawed and overly simplistic caus#ect relation of online and offline. This
can helptavoidthefh | aci es of either overstating o
in collective action.

Third, the debate suffers from a lack of precisionits terminology. The
ref er en c erevoldion® (Rihehgole 2003fiLotan et al. 201 1e it critical or
ent husi asti c, and the c¢ dsooma) movenesratge wlhen |
describing very different collective action phenomé@astells 2015; &ir et al.
2017) does little to help analytic precision. A quick look at Thompson and Reuters
fweb of seenced reveast that the yearly number of scientific articles with the terms
fisocial mediaandfisocial movemerdtin the title has risen from 2 in 201p to 34 in
2017, and yearly articles with just the terisscial movemerdtin the title have more
than aubled from 134 to 328 during that time. The growing scholarly attraction to
these issues, in combination with an increased interest outside eldseofi sociology
and political scienc@akardjieva 2015; Mattoni antireré 2014,)can come with the
risk of ambiguity in the usage of key copte and definitions and hendead to
terminological confusion. In recent publications, we find the categorgsogial
movemenmappl i ed to very diff emrstntMpdhdernm meaat
(Canniford, Millward, and Hill 2018 On e D a y (N®a2618)PHEG DA (Stier
etal. 2017) 6 2 0 (Seaenand Jvia 2018) 6 Bl ac k LHreelensetaMat t er
2018; Mundt, Ross, and Burnett2018) or t he 6 S u n(¥angandHsiaoMo v e me
2018) Whether or not tise phenomena are actual social movenignése or another
definitionis na for me to decide and is ntite interest of this work. Instead, it serves

as a mere illustration of the broad (and at times unquestioned) usage of this category
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and the need fagorecise terminology and typology in analyses. To tie this back to the
popula debate sketched above, weynmew better understand thislacktivisnty/ 0
twitter revolutiord schism: put simply, the role we accredit to ICT or SNS for
collective actionin partsdepends on our understanding of key concepts like social
movements. While Will discuss these conceptsmmore depth in the next section, it
suffices to say here that this study will follow a view of social movements as one
fidistinct analytic categoxy , s elaboratethy Diani (1992, 2015
Again, a focus not on ¢hmere absence or presence of social media activity, but
instead on the way actors use social media and on the patterns that evolve with this
usage, an help us towards a more cleaut categorizatiorOr, as Pavan put it:
the asset to collective dynamics not the mere presence of vast and easily
accessible digital networks. In fact, it is the conscious and strategic effort made
by social actors to lempe and use these networks as spaces for political
participation, as stratgic communication venues to rowect and remix
heterogeneous competences, experiences, and skills and, in this way, to broaden
and accelerate the formation of new collective meagifigames, and action
strategies to challenge the status a617:435)
On the one hand, denouncing any form of political online activity as slacktivissn do
forget that very different actors enter the social media spaite wery different
objectives and stragies in mind. One the other hand, invoking the notion of a social
movement for each highly shared hashtag on social media is equally misleading.
Therefore, carefully examining the multiplexity of exchanges and theous
relational patterns that do or dot emerge from these exchanges is a more feasible

perspective, allowing the separation of short instances of-paasipation from
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sustained socianovements. With this argument, | follow Diani, who proposesdb te
the theoretical framework dlodes d Coordinationin the study of online interactions,
suggesting

that a more diversified set of concepts such as those offered by the typology of

Modesof Coordinationpresented here would reduce some of the ambiguifie

the current formulations, keep wsvay from potentially misleading uses of

categories such as fdsoci al movement o,

expectations that the term carsieand enable us to focus on the important

challenges that thoseusties identify(2015: 214).

In the remander of this chapter, | will seek to outline a path toward a theory
driven exploration of online protest activity by discussing a relational perspect
collective action (section Iti), the theoretical challengethat come with the
emergence of SN&ection [Hii), and the way concepts like informal organization
(section Itiv) andModes of Coordinatiorfsection I+v) help to understand digitally

mediated protest phenomena.

II-ii Relational Perspectives to Collectifetion

Collective action was defined #iberto Melucci as
a set of social practices (i) involving simultaneously a number of individuals
or groups, (ii) exhibiting similar morphologicaharacteristics in contiguity of
time and space, (iii) implying a sial field of relationships and (iv) ¢
capacity of the people involved of making sense of what they are doing
(1996:20)

In this understanding, whicle | u c c i hi mmiedbf ammakt géeeddl N

(ibid.), he wadrying to bridge a European traditiaf a focus on collective identity
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and the processes that shape collective adflmuraine 1985)and an American

tradition of a resource mobilization approa@icCarthy and Zald 1977)A key

argument Mel ucci makes whishenableusomdkémoteor anal y
specific distinctions within the general category of collectiveoaot, a svkatis® g 0

it that authorize us to talk of social movements as sociologically specific phenomena

(1996:19) This means shifting the analytical focus in collectiegoam studies toward

e X p | ohow inigproduced, and disassemliteunity so as to reveal the pluralit

of attitudes, meanings, and relations that come together in the whole of the

p h e no m@E9v6:200 Disassembling empirical phenomena that arey eagibed

Afsoci al movement so or eV wayfrohragerceptientofi on s 0, me
unity of a pheomenon towards analyzing the social processes, interactions, and

outcomes, that make up our objects of study. In fact, when looking at some key

definitions of social movements, it becomes clear that they are betdrta define

specific social phenomenather than serve as broad umbrella categories for any form

of collective behavior. Sidneyrarrow defines social movements @sc ol | ect i ve
challenges, based on commomrgoses and social solidarities, in sustained
interaction with elitdXdll9appsisegquencasdohut
contentious politics based on underlying social networks, on resonant collector acti

frames, and on the capacity to maintasaostained challenges against powerful

o p p o n @bidt7k or Tarrow, these definitions manifest inrfalistinct empirical

trats: Aicol |l ective <challenge, common pur pose, S
interad i dilbid:9).Dianioffers another definitofi A soci al movement i s a
of informal interactions between a plurality of individuals, groups and/or

organizations, engaged in a politicat cultural conflict, on the basis of &ared

18



Theoretical Framework

col | ect i J1892:13) &Viiht differgnbemphasis, both definitions shaee
aspectof conflict, challenge, and contentioof, shared collective identity, solidarity,
andframing, and ofnteraction n networksThe key point for this thesis not one of
an indepth discussion of social movements, but rather conclusionthat social
movementsnay be one manifestation of a broader analytic category: collective action.
Therefore rather than applying h e A s o c i aldbel e prioreamdrivoking
certain expectations (see the previous section), these perspectives urge us to
empirically study lhe properties of a phenomenon in order to come to a classification
of what exactly we are looking at. Conti@nis collective action is vital for Tanoo s
understanding of social movement, but contention and conflict are not necessarily
aspects of collectey action per se. In fact, he arguesfhat ol | ecti ve acti o
many formsi brief or sustained, institionalized or disruptive, humdrum or
drama t i(20X:7), whichmayinclud@v ot i ng and i nterest gr ol
tournaments and footbatha t ¢ Kibeds9).An But thboscledesiar e not t h
forms of action most characteristic of sociadm e m e(ibid.:8).0

Thus, this line of sholarships informs my approach in the sense that it tries to
avoid invoking unjustified expectations byerstating the relationship between social
media and collective action a priori. Instead, the aim is awawnbkervation of the
way different actorsise SNS and come to a theoretically grounded empirical typology
of interaction patterns. The idea to stugow actors make sense of their actions
resonates strongly both in framing perspectives to collectivend&eénford and Sow
2000; Snow 2004)and in relational sociologfCrossley 2011, 2013, 2015; Mlse
2011) The latter, FuhséFuhse ad Mutzel 2011)describes as a cultural turn in the

study of networks. He argues, that relational sociltoges to overcome a strict
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structuralist approachthdtr e duces soci al phenommavitha t o t he |
systematic disregard for everytigi elsei cultural imprints, individual motivations,
and institut i @uhseldl5 ¥5pThe wooks kfs\White(2008) or
Emirbayer(1997) argued than sofiial networks are fruitfully studieid conjunction
with culture, rather than in abstraction fromit ( Fuhse 2015: 15) .
Relational approaches the study ofcollective action(Krinsky and Crossley
2014; McAdam ad Diani 2003)thus highlight the both material and symbolic
opportunities and constrain(i@ella Porta and Diani 2016j the patterned ietactions
that make up the structure ofcsal networks. These constraints and opportunities of a

net wo r sgimulameeuslyiiexposing them [actos] and insulating them from

various influence®(Crossley 2013) Di ani expl i ci dgfrggaticeo nt r ast s b
an dreld@tionalb approaches to social struwgure, wher
fistructure as the sum of the properties of its discrete companengsDi ani 2015: 2) .

argues that resmrch on collective action processes or social movements from an

aggegative perspective describes individual actors, organizations, or eventssn term

of their traits or properties, where changes in the structure or the outcome of a

movement reflect chaeg in the distributions of properties among actors. This

freductionst viewws ( 2015 : 2) would thus interpret the
and actorB as a property of one or both actors. This, he argues, is less due to a

theoretical difference betweenth approaches, but rather due to data availability and

conceptual dcisions in the design of empirical work. Overcoming a purely

aggregative approad@md moving towards an integration of a relational perspective

requires shifting the focus of analyses#&ow d s s how dcyors nagrying different
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traits and orientationdink to each other in distinctive structural patteens ( Di an i
2015: 4).

Theideaof conceptualizing society as inhere
(Simmel 2013)not i on o f t he cidiianlt ecsect esDd ahd
operationalization of this idea, and has taken holthénstudy of collective action in

the last twenty year@Eggert and Pavan 2014A shift toward a different unit of

anal ysi s the mateaknof sogal rélations and inéetions between actars

(Crossley 2012: 1), can allow for a better and more accurate description ofig®cial

in contemporary society and account for both structure amttyag€herefore, | argue

that techniques of Social Network Analysis (SNA) can bestrimental to
understanding collective action, as SNA offerseseradvancingmethodological

toolbox to understand collective action. Mapping actors and their multiplex
interactions allows insights into who enters the scene, which alliances are formed or

not formed and how collective meaning may be produced by repeated interactions.
The typoModeg gfCoardinatiénof collective action ( Di ani 2015)
precisely theanal yt i cal l ens to avoid a fAmushr
category of colletive action but grasp empirical phenomena as distinct in their
respective processes or boundary definitiand resource allocatioBefore we

introduce these concepts ane thuiding framework of my analyses in more depth in

section five of this chaptewe will revisit the debate on ICT and collective action in

a more systematic fashiofherefore, the follwing two sections will seek to illustrate

more recent and nuancedntobutions to the debate that are focused on different

logics of action and of ganization. As such, they can offer important building blocks
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of a theoretical perspective that will hoply circumvent some of the fallacies

introduced in the beginning difis chapter.

[I-iii ICT and Collective Action aChallenge

Having introduced some df¢ developments in the debate on collective action
and a relational perspective in particular, the questemains, why ICT and more
particular SNS might be problematic inonczeptual terms. Surely, academic
controversy is hard to avoid, where differensaijplines and intellectual traditions
meet.Bakardjieva (2015pointed out, that the importance of social media in recent
protest campaigns suddenlytgghe communication sciences in the center of a field of
study, traditionally shaped by sociology and political science. Especially for scholars
ofcommuni cadii toingnaltd acol |l ective action theory
digital communicationdchnologies, as
an array of actiorfs in which technologies of information and
communication are central has proven theoretically and emjlyidatriguing
from a collective action standpoint. Setfanizing online groups, rapidly
assemble net wor ks of protesters, imeet ups, O
groups, a-mail listsh are allagxaimples eof collective behaviors
employing advared communication and information technologiBsnber et

al. 2005:36566).

8 Among the many studies produced on these phenomenat tovauantion examples of social media
used both for protest mobilization, as in the case of the Indignados protests i/ Pyhiiza,
Cristancho, and Sabucedo 2014; Theocharis @045) as well as for collective identity processes, as
in the Occupy campgn (Kavada 2015)
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One of the key contk@rsies lies in the role of (formal) organization(s). Scholars who
advocat e t hnetwokedrsacial pnovenoebdtCastells 2004, 2015rgue

thatthead ent of t hnetwarkrottnetwonie t (f Ha lhli s2 1 1) f un
alters the way, social moventenmay mobilize, meaning theyi gnor ed pol i
parties, distrusted the media, did not recognize any leadership and rejected all formal
organization,relying on the Internet and local assemblies for collective debate and
decisionma k i (Cgstells 2015:4)Castells argues, that interaction through new
communication tools creates flat hierarchies, more participation, and less formal
organizaibn, as trditional gatekeepingnechanisms can be circumvented via the

direct interpersonal, yet public communicata social media. This, he concludes
createsanei speci es of s(bid:15a In thmpeweinmeditvwi dual i
p u b | (Benrzetb and Segerberg 20,18)cial processes and technological innovation

create conditions under which substained mobilizations may happen without the
previously necessary levels of collective identity and organizati@sourcs (ibid.).

In their influential work on théil ogi ¢ of c o,rLaneecBennetteanda c t i 0
Alexandra Segberg (20122013) argue that organization in collective action may

result from massive engagement in communicationigser sonal tozed p e
engageme t (Bennett and Segerberg 2013:2Zhus, even in the absence of formal
organizations likehurches or labor unions, a crowd connected through digital media
platforms can provideimilar organizational functions. The networks thegult fran
communication processes arethus: ndi vi dual i zed and technol
of processes thaesult in action without the requirement of collective identity framing

or the levels of organizational resources required to respond wEectto

opp o r t u (Bertnettarsl 8egerberg 2012: 750). Bennet and Segerberg contrast this
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i deal type of ¢brendédctoigvye actionodo with anot he
rati onal choice based Al ogic offManaul | ecti ve &
Olson(1965) which formulated collective action problems in terms of-fidang and

the strength of formal organization. Whiatlowing adefinition of collective action

asairange of soci al phenomena i nactwiiesch soci al
for demandi ng and/ or (Baldassarri 2009jt lgecomesicltae ct i ve go
why mobilization forand participation in collective action is problematic from a

rationatchoice logic. It means that in suahlogic, we would assume individuals to

have little incentive to participate in collective endeavors that may not pay off directly

or where rewards arunclear. Perceiving their own interests and identities as part of a

collective struggle and joining formhorganizations is costly and at times offers little

returnsi thus the question of overcoming these hurdles is key to cadigpig an

Olsonian Igic of collective action. In this logicanotherproblem of achieving

effective organization is the questiof small or large numbers, where size may be an

impediment. The key to overcoming collective action problems is formal organizatio

as without it,organizational problems suchad ocati ng and contacting
participants, motivating them to makprivate resources publicly available,

persuading them to remain involved despite stenn setbacks and lortgrm risks,

and coordnating their effo t @inber et al. 2005)ightrender efforts otollective

action impossible or ineffective. However, S
that t is rather an issue of sufficient social organization to get people to work together

(Marwell and Oliver 1993) while others have highlighted the role of new

communicéion technology offsetting the large numbers problgmpia and Sin
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2003) Following the latter argument, Bimber cites events as early as the 1999 protests
against the WTO méieg, the infamos fiBat t |l e of Seattl eo, as
the genesis of the protests can be traced to an electronit campaign
initiated eleven months before the WTO meetings, with a single message
di stributed by Publ itch FOmthatesatihsoogh GI o b a
the street protests in Seattle, events had a-osgHnizing character
independent of centrgllanning and financé2003:117).

Admitting a wider range of tactics, strategies, and (digital) actions to the
repertoire of collectie action, it beomes possible to conceive of actors as fluid in
their participati on, maeaprovidinggpublicimfrmationn di v i c
on a Facebook page, engaging in online discussions that shape collective identity,
coordinating protdsevents througtservices like Twitter, participating in protest
marches, petitioning to governments are all contributioascommon good that might
emerge from interactive communicative processes rather than from formal
memberships in organizations.dther wordsfi t breation of a secondrder good,
such as publicly accessible database or archive of a bulletin boarensykat can
later be usedo organize collective action can completely dissociate the decision to
contribute from the collective actin @imber et al. 2005:373Applying these ideas
to our case, @ can think bexamples likeonline archives of rightving mobilization
collected by watchdogs that are made easily available to aagpaobtic and circulated
via social mediaUsing these information would in tuedlow morefradicab actors
the organization of prest events. Gathieg this information, spreading it online, and
using it to mobilize is not necessarily done by the sastwess thus requiring no binary

choice of the individual to Afullyodo parti

25



Theoretical Framework

all forms of action at alltimeS. The authors argue that traditional accounts of
collective action is limited to conditions of firprivatepublic boundaries, while ICT
have put individuals in a position to constantly cross the now porous jmuiviate
boundary.It is precisely tis constant process of privgbeblic transition via social
media that allows for collective action to be longer reliant on formal organization
but instead be driven by dynamics of saifjanization (Bimber et al. 2005). Similarly,
we can read the arguents of Bennet and Segerberg (2012, 2013). Starting from the
vantage point of poshdustrialist societieswith an erosion of institutional loyalties
and group membership (Putnam 2001, Bennet and Segerberg 2012), they constitute
that so@l media changene mechanisms for organizing action toward what they call
fipersonalized action formatiods. T h u sl type tatlthe otherceedaf the spectrum,
the Al ogic of connect i-mivator of iindividoals tos based
contribte in networked eshanges withlittle need for formal hierarchical
organizations as brokers of information. Or, as BenmetiSegerberg put it:
In this connective logic, taking public action or contributing to a common good
becomes an act of personal expression and ratiognor selfvalidation
achieved by sharing ideas and actions in trusted relationships. Sometimes the
pele in these exchangeasay be on the other side of the world, but they do not
require a club, a party, or a shared ideological frame to make the ctione
In place of the initial collective action problem of getting the individual to

contribute, the stang point of connectie action is the selhotivated (though

9 Especially the case of monitoring activities of righing actors, online aatism is far from riskfree.
This meanghat the argument biyarl et al. (20%), does not only apply to threats from (Rdfestern)
authoritarian regimes,ub alsoto threatsfrom the fringes of the political spectrumithin democratic
societies
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not necessarily setfentered) sharing of already internalized or personalized
ideas, pans, images, and resources with networks of otf28%2:75253).
This i ditally networked adt o rfiliid.) does not necessarily require the levels of
formal organization associated with resource mobilization argunm@ht&dam,
McCarthy, and Zald 1996; Mzarthy and Zald 1977)nor a collective framing
(Benford and Snow 2000), but rathérp er s on a | a digseminated via a me s 0
digital technologies (Bennet and Segerberg 2012). The resulting fluid networks can
hencei o p e r at atly througlothre brgamational processes of social media, and
their logic does not require strong organizational control or the symbolic construction
of a uniikide7d8).0 we 6 0
This way of conceptualizing action logics and the role of organization(g)
has drawn crijue from Sidney Tarrow, who argued thatihe wo gener ati ons
t hat have mov e d students osf micoecoénbndcc t i v e
appr o@h4d9)have indeed shown that personalized frames have become a
part of the collective @ion debatesven before massive digital communication tools.
In a response to this poirBennett argues that he and Segerberg is®1 son onl vy
construct a theoretical continuum bounded by two idyad logics of social
assaiation: rational choice assumptions about mobilizing individuals at one end, and
sefmoti vated soci al (Reld:4r0)r ki ng at the ot he
Indeed, Bennett and Segerberg do comment on more recent developments in the
literature thatave highlighted culture, identity, networks, and opportunity structures

(Koopmans 1999; Melucci 1996; Della Porta and Diani5200arrow 2011;Tilly

—

2015; Tilly and Tarrow 2015) However, they identify a

approacheswhichhighlight
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the importance of particular forms of organizational coordination and identity
in the attention given to organizations, oesces, leades, coalitions, brokering
differences, cultural or epistemic communities, the importancerofulating
collective action frames, and bridging of differemc@mong those frames
(Bennet and Segerberg 2012: 750).
From this perspective, the nesig of formal organizations to broker
relationships and disseminate content across members becomesedbhsal®gic of
co-production and sharing@heinitial collective action problem of getting individuals
to participate deshardly exist, when selinotivated exprssions are brought together
on soci al media platforms. Or, in Bennet and
the technological agents that enable the constitutive role of sharing in these
contexts displace the centrality of the freser calculus and, withit, by
extenson, the dynamic that flows fromi'itmost obviously, the logical centrality
of the resourceich organization(ibid.: 760).
Without picking a side in this debate, | want to highlight two key aspects of this
exchange that can help avoid thélafey of const uct i ng a f@Acoll ecti ve ¢
Afconnecti ve actiono di c h o ten mgnnective iands t t he
collective do not necessarily lie in the form of action, but in the underlying organizing
logic behind it. Second, these cona=etrve asdealtypes meaning that in every real
life episode of contentious collective action, we may wegll observe a mix of
different logics in placelherefore both dismissing the impact of ICT in the formation
of a finetworked public spheve(Benkler et al. 2015; Dahlgren 200%8nd of

ficounterpublicé (Downey and Fenton ZIB) as nothing new and no different from
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other changes in technologgr overstating itampact by calling every instance of

digitally medi at ecdnnestiva actioon weonu | idn sbtea necgeu aol fl
Thus, instead of creatingtdicial oppostions, | believe it is worthwhile to

highlight the commonalities of lationalapproachda the study of collective action

and approaches from the communication sciences that naturally emphasize the role of

digital platforms. Most obvious|ythe scientiic perspectives sketched in this section

share théelief that networked interactions forfretbase of collective action and thus

networks and the way they form, interact, and dissolve aggitharyobjectsof study.

As for the role of (famal) organization(s), we might have to move away from the

ideaktypes of formal, hierarchical organizatgoan one side, and the connected crowd

on the other side. In the next section, I will look into contributions from the field of

organizational scholahip that can help us conceptualize the midpliteind.To do s@

we can take a look at the concepftipértial organizatioro or fiorganization without

organizations (Ahrne and Brunsson 2Q}as the intermedig to allow for a nuanced

and critical empirical i nvesti gaactioon of

processes.

[I-iv Organization(sPutside ofOrganizations?

By now, it should have become clear why some assumptions alilmatize
action, its uderlying logics and the role of ICT in it, can lead to the fierce debates
outlined in the first section ahis chapter why one might be tempted to see Occupy,
Indignados and the likes as ample evidence for a new age of collective driven
by socialmedia or why one might be willing to dismiss social media as watering down
collective action and produanmere slacktivism. The following sections however

have outlined that more careful and nuanced empirical observations migtarder,
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which also mans investigating the middground between the opposing idégbes
sketched out above, to allow for attee integration of social media in our
understanding of collective action.
Empirically, | propose an application of tModesof Coordinationframework
to cases of online networKks. This approach
focus of study toard the internal dynamics of collective action networks mediated by
ICT. If we can map different actors and different relatigradterns in a dynamiway,
it might become clearer which organizing mechanisms are actually in play and which
are not. Formatio and coexistence of differenModes of Coordinatiomill allow us
to understand how exactly actors use social media and éhdtiving forces behah
the formation of networks are. Rather than bluntly accepting notions of flat hierarchies,
leaderless sklbrganization without formal organizations, enabled by the agency of
the medium itself, we should more carefully opt for ardngh exploration of th
phenomenon at harnidstead ofchiming in with the choruses of cyber optimists or
cyber pessimistéEggert and Pavan 2014; Gonzakailon and Wang 2016 hiscan
be enabled by relaxing sonwmnceptuahssumptionsn the nature of organizatiaa
find more fertie common soil. In a cke reading of the connective action argument,
Bakargievawar ns us of an ov e rmsediagiruciurblisne the st ruct ur
tendency to construe compleacial and cultural phenoma as being produced by the
inherent logic of a particular communication technology or medium( 285} 5 :
Personalized aan frames from Bennet and Segerlisrgargument, do, in
Bakardijevas reading, not necesiyamean thata user who feels empowered by the
fl ows of soci al media content to 6do somet hi

in her deision to partake in @on of any kind. She argues that when connective action
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is seen in oppositiont® st ab |l e i tbgeas and brgaeizatijomsi § 2606 15: 986
this overlooks that collective identity
constant negotiatonaofd ent i ty i n exchanagainoompatible ot her
with individual autonomy and personalizati of expressiam (i bi d. ) . I n ot
there is no need to discard thehethasal | ect i
notacollecived ent i ty i s negoti at e dhowpersasnaldndne c o
collective identities and action fras interesect to produce collective agents with
political efficiacyo (1 bi d. ) . Conversely, oppdsed toeven :
behaviour, canndbe individual, but is collective in nature. Therefore, personalized
action frames mightwellgohandiamd wi t h t he f ormati on of
0t heyo.

This is well compatible with sometimesoverlooked aspect irhé work of
Bennett and Segeglg (2013), which is their own typology of the logics of connective
and collective action as ideal typesiabling the conceptualization of three types of
action (networks): Afor g-aniabéatedo hdrdinyd K rhc
Afor gani z ah li etyper In IBgnneeamcd&erbergs words:it hi s f or m
organizationally enabled connective action s#kng a continuum somewhere
between the two ideal types of conventional organizationally managed collective
action and elatively more selbrganizedc o n ne ct i (2@12:%b4, tfi Bermeit
and Segdrerg 2013:4618). The differences between these types lie in the role played
by digital communication platforms, in ongaing principles, in the rel played by
(formal) organization, the need for organizational resources and the need for frame
alignment.In each empirically observable episode of (contentious) collective action,

these types might overlap, interact, be imféot and also change ovente (ibid.).
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Therefore, these arguments must not be read as a farewell to organizations, but rather
as ongoerspective on the (changing) role of organizations in collective action episodes.
For an exploratory study of ardasyum online networks such asighone, these
conceptualizations and their dynamic interplay in-fiéalcan therefore be helpful to
guide an investigation toward a meaningful interpretation of observations, grounded
in perspectives of relational sociologpcial movement studies, amgights from the
field of communication studies.

When studying online networks, it may be hard to avoédfallacies outlined in
this chapterMuch controvercy exists around the role of organizationssancethis
is one crgial element to distuingisholiective action types and episodes, | believe it
is worthwhile to spend some brief time on the understanaf organization that | will
apply in this study. After all, it becomes easier to find the right place for organiztio
on the conceptual tahlerhen looking a bit more carefully at the concept itself. As we
have seen, one folcassiodalthecalrlid¢dtqiuvee odctdi on
unfolding debate has been the role of the traditional Olsonian notitive dbrmal
organization, wih an understanding of formal and constant membership, hierarchical
structures, and a common group identithis somewhat overlooks developments in
organizational theory itself. To be fair, even scholars of organization heneddao
loose interest in oanization and shifted attention to institutions and networks, as
Ahrne and colleagues notahrne, Brunssomand Seidl 2016)Defining organization
a s dexiddil social ordér Ahrne and Brunsson (201distinguish between complete
and patial organization by the fulfment of one or more of the five key criteria to
organization: i) knowing who is involved and who is bypta sense ahembershipii)

a shared understanding of what is done and how it is to be done by @xplicitly
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formulating rules, iii) participarts observing each other by decisionsnoonitoring

iv) the possibility to impossanctionsy) knowing wio has power and who does not

have it by a sense dfierarchy Ahrne and Brunsson argue against a notion of

organization a full formal organizationsthat are opposed to networks, which are

fluid, nonhierarchical, and informal. They argue that thismambbes | e a dhere g, as

may be partial and even complete organizations in social situations that have been

broadly descriled by some scholars as netkas o r i n(80L1l:8b)ulttmay n s O

thus be tempting to take phenomena such as SNS and associate tiraatically

with a networked form of social order, without a closer empirical look of how order is

produced within this etwork, meaning how ties enggy, information disseminates, if

hierarchies develop and what patterns of exchange are actually obseoreplactors.

Thi s may o vaesoclalor@atignship tmat emerded as a pure network of

individuals without any oranization often gradually bemes organized with one or

more organizational elements, thereby making relationships more visible oth fo

those involved and from the outsid@hrne et al. 2016)Thus, instead of an outright

dismissal of the relevance of organizations for collectiti®a in a networked society,

we should relax the definition of organi

toward anotion of partial organizain. With that in mind Ahrne and colleagues argue

thatii t i s possi bl e to dingbemwmeenorganibagonand pr od |

network and instead investigate different uses of organizational el@ments2 0 1 6 : 9 8)
For ths study, it is thus importarto perceive of the groups whose online

interactions | study, as partial organizations. Allowing for amleustanding of

collective a chibricb organizationdw h { € h a diwi c k 2007) ,

organizations, partial organizans, or the crowd caerachperform organizational
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functions, enables us to efully and critically study their different roles, thei
interactions, and their relevance in each episode of contentious collective action. This
may help to gain new insightshout the nature of online lgective action that can
critically discuss the role of social media without overstating its role astoausa
underestimating it as producing mere slacktivism. The analytic framework that | will
apply in my study, enablesto map actors and interactisandallows for a typology

of the Modes of Coordinatiorof collective action to understand andalatically
separate instances or episodes of collective action. While it has alreadyriedign
introduced in this chapter, | want to spend some moreesess on the exact
definitions of the two analytic dimensionsnd the four modeghat will be

operatiomlized in this study.

I1-v Modes ofCoordination ofCollective Action

The key elements that make up tMedes of Coordinatioframework, are the
two mechanisis of resource allocationand boundary definition that allow for a
typology of the foutModes of Coorthation, namely the social movement mode, the
subcultural/communitarian mode, the coalitional mode, and the organizational mode
(Diani 2015, 2018)as illustrated in Kure 11.1.

Before we illustrate this framework in detail, we may note thatunderlying
assumption of tis approach is one that sees the civil society asganizational field
Onre of the classic definitions given by DiMaggio and Powell see®thankational
f i el d osmanizatiomsethat} in the aggregate, constitute eognized area of
institutional lifeo (1983:148) whil e Scott da dommueity oft h e
organizations that partakes of a commoeaming system and whose participants

interact more frequently and fatefully with one anottiem with acbors outside the
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fieldo (1995:56 as quoted inWooten and Hoffman 2008:13Qf. While the first

definition clearly stressethe (mutual and external) recognition of organizatiore

field, the second one points toward internal ideological proximity and cohesion, by
stressing sharetheanings and interactions among field members. Both definitions
thus simply stress variouspests of otherwise compatible positions, that can aso b

found in the characterization of fields in collective action scholarship, e.g. in Diani and

Pi | atdiidhgy dtgdmadtiondl fields are characterized by organizatidhat

recognize each othemnd are recognized under a same la@011278). By now, it

should have become clear that this recognition is both a process and aneoatcom
networked interaction among field members, thus lending itself well to an analysis
from arelational perspectivedowever, the notion of field isar from unanimous

across scholars and disciplines, as Zietsma and colleqdg0&%) have recently
summarized. In their extensiveview article, they draw a line betwesxchange fields
andissuefields with the former mee focused on collaboration among and between
differentpopulations of a general field, and the latter more focused on encompassing

all organizations thatold stkes in a certain issue, regardless of actual collaboration

and contrasting settingphthex ampl e of our <case, a view
fedwoul d cl early also include migrantso6 or
of the political leftand the political right, who are unlikely to share meanings and
values, or collaborate on spkc issues. Nonetheless, these organizations arg liéel

identify each other as relevant in their field. However, coordination and joint
mobilization among @anizations is clearly placed in what Zietsma et al. called
AExchange Fiel diSo,cial ddMpeeimeind alElIxychange

comprised o f p o p ul adativelyn Bomogehneoud actorgZietsma et al.
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2017:396) which arefimorelikely to share practices and normsymmon meaning
systems, and references to a common identity 1 Thesd fieldgiexist to mobilize
and coordinate actors and resources to furthesmecific agenda or extend an
ideologyo (Zietsma et al. 2017:399) his resonates with whatigstein and McAdam
t er med TASttr atne dg-ii tkeydedf,i nvehd cehs i
a mesdevel social order where actors (who can be individual or collective)
interact with knowledge of one @tmer under a set of common understandings
about the purposes of tfield, the relationships in the fielghcluding who has
power and why), (2811:8)°t he fi el dds rul es
Clearly, the idea of a purposeful interaction rather than a mere aggregation of
individuals and groups thus lies at the heédxchange fields, rather than issue fields.
From this perspectivaet becomes evident why a relationprspective can focus on
finetwork patterns as a reflection of the logics through which actors in that particular
field built their alliances and defed their identities (Crossley and Diani 2019:157)
Before weleave the general delgabn fields and staitlustrating how these
organizational fields relate to Modes of Coordination ofemiVe action, we may
briefly pause and consider the applicability to our c&ékile the above examples
have shown how the concept of a field maystretched to fit various purposes, it is
alsoclear that a focus on German AAsylum-Shelter Groups doesearly not reflect
a field of, say, fAmigr atAiapimaigratiorgiolps.s oci ety ¢
Strictly speaking, we may thus ratheokoat a very distincsubfieldor a homogenau

population within a wider exchangefield. Naturally, we mayexpect more

101t must be notethowever, that they explicitly did not take a sociatwork perspectiverothe
study of fields.
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homogeneity and similarities among our p
society in Glasgow and Bristol. Even more so, it beg®mtriguing to test whether
the Modes of Cordination framework may be scaled down to study the inieresct
of these members of\eery distinctsubfield. As we will see in later chapters, it will
indeed be empirically shown thAAS-groups are connectei a wide array of other
organizations thragh ties of recognition yet do tend to be significantly more
connected amongst themselves.

In addition, Pavan has highlighted the difficultiesr@nslate both the idea of
organizational fields and of Modes @bordination to the study of online networks,
d u e t ioherenhheterdgeneity of online networks, wheesare equally like to
find meaningful contributions from individuals as from organizatiof2915913).
However, Pavanlas 0 ar gues thyparlink rnetavorke af ®rgamizatohal
websites, the distance of r(arbilli)aniSadn caep pwec
for an understanding of Facebook pagesaatigh organizations, and can also expect
considerable homogeity within our subfield, | believe that despite these difficulties
and constraints, the case we are about to investigate nonetheless lenddliiteetheve
conceptual framework we are abooituse.

But before we come to its application, let us exptaat framework a bit more:
In his most comprehensive elaboration of the Modes of Coordination framework,
Di ani a r g uaiwl socigtyh thet #ld icompriSes all voluntargrganizations
engaged in the promotion of collective action and the producfiaollective goods

(2015:1213).
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Figurell.1 Diani's Modes of Coordination of collectiaetion (Saurce: Diani 2015:1¢
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As we have seenfrom a relational perspective, a field can thus be interpreted as

network and analyzed in terms of the interactions between members of a field and the

Intense

Boundary work
at field level

structures that emerge from patterns of interaction. FromDrasj concludes:

When analzing civil society, we should focus on the structure of the cooperative
tiesthat develop between voluntary organizations (as well as between them and
other types of actors); we should try to identify the lines of segmentatitin

civic networks as wkhs the positions within them that secure their overall
integration (if any);finally, we should explore the matches and mismatches

between the characteristics of civil society actors and their network position

(2015:13).

To gude this analysis, Diani ppmses thévlodes of Coordinatioframework,
t hat | s relatienal preassesthrough which resources are allocated within
a certain collectivity, decisions are taken, collective representations elaborated, and
feelings of solidarity and mutual obligtion forgea

mechanisms behind these processesem@irce allocationandboundary definition
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which thus resembles the distinction lbgumannand colleaguesvho characterized
fitwo general types ahterorganizational relationship, linkages based on resource
transfers and those based on interpenetration ojaoizational boundaries
(1978:463, also see Eggert 2014)

However, Diani emphasizes that both procegdag out on various levels, as
decisions on the allocation of time, money, and energy must be taken by each
individual activist as well as by ela oganization. Resource allocation for the
individual may thus include decisions on whether to get involviddasspecific issue
or abstain from it, whether to join a specific group or not, whether or not to attend a
protest event, join a strike, parpatein a meeting or not, whether to sign a petition
or not get involved (Diani 2015). Similarly, these chsigaust also be made by
organizations, wich fare regularly faced with dilemmas related to their issue
priorities, to their choices of tactics, driotheir alliancebuilding strategiee ( Di an i
2018:4).Resource allocationn the organizational levelan thus be defined aghe
set of procedures through which decisions are taken regarding the use of
organizational resourceés(Diani 2015:15) meaning the choices collective actors
make in terms of campaigns, action, participation, afaboration. A relational
perspective is naturally interested in theetworks generated by these
(interorganizational) interactionghichmay \ary sibstantially, as

in some cases, organizations may concentrate most of their resources on their

own projets and devote a very limited amount of resources to collaborative

initiatives, resulting in fairly sparse interorganizational networks. In other
casesresources invested in collaboration may be substantial and may lead to

fairly dense network@iani 201515).
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To exemplify this, we can easily imagine a resouice and weHestablished
organization with a certain level of influence to chooserjizang an own campaign

in their issuearea over the arduous struggle of forging coalitions and engaging in
compromises. For less resoungeh groups with little influence it might make more
sense to pool resources and negotiate common claims withagtioerto gain more
attention and leverage joint political power. In both cases, actors might just as well
choase other tactics, depending on goals, opportunities, and circumsiantes |

argue here, is that these choices create very different netafoirkerorganizational

ties.

Analogous toresource allocationthe mechanisms associated wikhundary
definition form another dimension in the typology bfodes of Coordinatiorof
collective actionln line with a field perspective, Tilly defined sociadundaies as
fiany contiguous zone of contrasting density, rapid transition, or separation between
internally canected clusters of population and/or actigififilly 2004:214) This
means we may expect denseteractions among members within such a boundary,
and fewer interactions across boundar&xial boundaes can thus separate actors
of a field into different communitiesr subcultureseach characterized by strong ties
of internal solidarity. This resates inDianidé definition of boundariesaé cr i t er i a
that classify elements of social life in differgnbups and categories, while shaping
the relations between thoseeeine nt s both within and bet wee
(2015:16).In other words, who belongs a group, a phenomenon, or a movement,
depends on whether this actor defines himself as being a pagnaf is recognized
by others as such. This may mean the ind@idwlidarity one feels toward a group,

or the way one feels part of a collectiekemtity, and it may mean the way a group
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describes itself and its place in relation to other groups. 3trg#on of meaning to
an action may draw upon the feeling of lgeart of a common struggle as well as
drawing on past experience and historicajktrtories. Naturally, these negotiations of
identity involve exchange with others, and thus boundaryitiefn and alteration both
resultfrom past interactioms well ashape future interaction. Boundary definition in
interorganizational exchanges, sni (2015) studies them, mayushappenwvhere
Simmelian circles intersect, e.g. the multiple membelsp of individuals in
organizationsThese bonds of potential inparsonal interactions can in turn lead to
strong feelings of solidarity among orgaations, and hence naturally draw clear
boundaries towards other collective actots, as Eggert put itfilinks between
organizations through shared core members and peiisties can serve as a proxy
for processes of boundary definition and collectdentificatiord (2014:372)

The operationalization of these two classes of mechanisms in ralatoms
allows for a typology of logics of collective action along the structures of networks
that evolven both dimensions which is particularly useful for distinguigig among
various types of organized colxtec(tiibvied.p)a
Hence, limited or intense boundary work as well as limited and intense resource
exchanges macombine to a typology of four idelpes ofModes of Coordinatio,
as shown irFigurell.1 above The empirical phenomerthat resemble these ideal
types can all be seen as instances of collective action yet may all folloxewlifi@gics
of interactionHowever, the empirical reigf might be much messier than these clear
cut Weberian idedlypes, and in every episode ofntention, it is likely to identify a
coexistence of the different analytical categories (Diani 2015k firecisely this

multiplicity, that allows for an attept to classify distinct categories of collective
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action in different places or times, thus oif@g a promising alternative to the
terminological confusion discussed in secticn Il

As | have arguedazlier in this chaptersocial movementsre often seeas the
generic category with which to describe any episode of collective action. In the
framework of Modes of Coordinatiohowever, they are but one type of coordinating
collective action,i d e f i n thel coupling of dense networks of informal
interorganiational exchanges and processes of boundary definition that operate at
the level of broad fiels r at her t han spec(Diani 20183 oups/ or ge
Empirically speaking, we expect to find sigp and dense networks both on the
dimension of boundargefinition (e.g. by a high overlap of members among many
organizations in the field) and oretidimension of resource exchanges (e.g. by a high
overlap of mobilization for campaigns, petitions, ortpsb events among many
organizations in the field)Strong interactions in resource exchange are necessary,
s i nio aderito mobilize, movements dekfferent types of resources, and engaging
in resource exchange with others can provide organizatiotis n@sources they are
lackingg ( Eggert 2 @ 1sdme 3t the sodial movedment mode of
coordination relies on strong ties of boundary defirtn , thesesties fprovide
organizations with a collective identity that goes beyond single organizatiwhact
as motivation for participatiod (i bi d. ) .

However, @gaging in these processes might not seem beneficial for every actor,
as it (initially) involves informally negotiating joint tactics, common messages,
problem definitions, policy demands, aratget audiences in other wordsfii n a
social movementio C, transacti on (b Te cutiwahahd t o be hi

symbolic dimension of boundadefinition is also strong in social movements, as a
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collective identity is importanttd s e ¢ u r dinuity lofesocial movements over time
and s fkdc8g We can thus easily imagine that the identification with a
movement can serve as strong thog capital, meaning the awareness of taking part
in 6one struggl e, one fritegnporally agast ean bevwh e n ¢
strong motivational factorDiani highlights the importance of recognition and
perception in this regard, as one groupeser part of a movement

unless its members as well as external observers recognize it and its actions as

such, and unless both the organization andan&nbers are connected to other

actors and initiatives on the same ground. In this sense, individuaiphaul

memberships can operate as an important signal of the perceived proximity and

solidarity linking diferent independent organizatio(018:89).

Without constituting a social movement, these boundary definitions may be
strong in another mode of coamdtion, namely that csubcultures/communitie¥his
is characterized bfia pr ocess | n atohal liokages anetsgarse yeg ani z
there are widspread feelings of identification with a much broader collectivity than
that represented by specificganizations, and a set of practices, multiple affiliations,
and so f or t h(Dianh2015:2324). 7hus, m this made, people do feel
strong onds of solidarity, yet resource exchanges remain limited. This may happen
both in the absence of stigporganizational structures (e.g. in the case of authoritarian
regimes suppressing these elements of saiety) and parallel to or apart from the
existence of these structures. An example for this mode may be consumer boycotts in
which individuals mighstrongly perceive themselves as part of a vegan, an organic,
or other dietrelated movement, yet carrytdboycotting actions in a strictly individual

way without the need for any groups to coordinate these actions (Diani 2018). For this
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study, it is imprtant to note that Diani suggests digital communication to likely
facilitate the emergence of this modecoordination, and digitally mediated protest
phenomena are likely to be best associated with this category of the typology, as
from the point of vw ofModes of Coordinatiorphenomena such as Occupy or
Il ndignados, or even ttcenceladadinstaneesofl t s [ €]
communitarian (in aroad version of community) types of collective action
rather than fully fledged social moveme(2615:213).
The coalitional mode of coordination must not be confused with a broad
understanding of coalitionbut instead carries distinctive traits instifiamework that
may at times look similar to the social movement mode, yet differ in their processes
of boundar y odyanfzations mmay lzecome imvelvediin dense collaborative
exchanges with groughat have similar concerns, yet without necegsaoming to
share a broader identity or an Wextusgnded ti me
imagine actors in this mode as willing to pool resources, e.g. for specific campaigns,
to exchange knovinow andinformation, to formulate similar policy demdsy and to
advocate for the same change, yet with limited investment in forging a longer lasting
colledive identity. For example, on a very local scale, we can imagine groups from
different backgrounds, withdifferent personnel, and different valsgstens to
promote collective action in a joint coalition when it comes to an issue that touches all
g r o wageddsas. We can imagine a campaign to ban cars from the city center to be
supported by cycling activist gups, by health groups, climate change grobpys,
parent groups concerned with their kidoés saf
as a logicalissue within their respective broader field, and all of them may sign the

same petition, stage joint preteevents, print and disseminate the same nmdion
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flyers, yet not necessarily build a letasting understanding of being part of the same
collecive and thus being involved in boundary work. Diani argues that

coalitions exhaust their function wherethgoal is achieved, or when it is clear

thatthe cause is lost. There is no left over from a coalition in terms of feelings

of belongingness to a tader collective entity, or of attempts to build a longer
term and more solid collective identity by lingithe specific campaign to larger
collective pojects, encompassing multiple act¢g915:22).
The fact that coalitions may very wefi e v ol v ely mto dullywfledyed
mo v e me(ibid.:83)p serves to illustrate both the possible interplay of different
Modes of Coordinatioand the analytic distinicins that allow to distinguish between
long-term and wider reaching movements and stesrh and likelysingleissue
focused coalitions.

The last mode of coordination to be discussed istfp@nizationalong in which
interorganizational networks are sp@ both on the dimension of resource exchange
and on the dimension of boundary work. Interactionsarerimited to the relationship
between individual and organization, meaning that we may imagine a grking ds
members to sign petitions or boycptbducts, thus engaging in action, but with little
necessity to invoke exchanges with other groupsnil2815,2018). In this mode,
organizationsi may operate primarily on their C
developing particularly strong identity bondsdther groups or without engaging in
systematic negotiations with other actors on matters of strategies t act i cs o0 (
2018:14). This may, for example, be the case where groups shy away from the
transactio-costs of engaging in negotiations about jéawtics or common goals and

possess the necessary resources to operate on their own. In other \cakdde a
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resources might play a limited role and the reason not to seek involvement with other
groups is fain competition for resources, where an orgationfavorsi st r engt heni ng
the peculiarity of t heir profil eing[ é] or S €
guasi monopolist owners of a ovgrthedafgerc set of
of wateringdown teir own priorities in the process of negotigtcompromises. Diani
argues that this mode may apply to a broad range of phenomena and with varying
degrees of involvement of individuals in organizations, from loose checkbook
memberships with limited inteahidentity building to sects or radical padl groups
with strong internal identity building (ibid.).
While a single episode of collective actiomght be comprised of different
modes operating independently or highly entwined, the important conrbaiftithis
framework in the study of collective action is that it provides a typology of ideal types
basedn a truly relational perspective that alous to describe phenomena as distinct
in their structural patterns rather than subsuming them underesigbeader. For a
study on collective actiomphenomena that ameeply rooted in digitally mediated
forms of communication, this framework can hbhaging the opposition between an
optimistic technological determinism and a mere dismissal of digitedljiated action
as random noise. In other words, describing interactions of individuals and groups in
terms ofModes of Coordinatiowill allow us toshed a light on the actual patterns that
do or do not emerge in a digitally mediated setting and notstatly which modes
emerge among different (seif actors, but also what types of actors might be more
likely found to coordinate in one mode or d®st We must however keep in mind,
that this framework was empirically applied by Diani (2015) in a shaded omlder

interviews with individual activists antthusat a time when SNS might have had a

46



Theoretical Framework

limited role or not even existed. Therefore, thigdstis- to the best of my knowledge

- the first application of this framework to a digitally mediatedisgtand is as such

alsoan exploration of the applicability of a theoretical framework that, as Dianésirrgu
fenabl e[ s] us t o elatianaltpatterres takeh ley collextive aetiory, o f
regardless of its med@a Di an i 2015: 1 1Ko thesmpplicatien itsis a d d e ©
vital to highlight that | will follow an understanding of groups that is roatethe

concept of partial organization, asclssed in this chapter. Thus, | will understand

the field of antasylumshelter groups on Facebook aseccomprised of the partial
organizations of public Facebook pages. We thus understand them as distiest en

with some organizational traits, likelocality and a set of members, however informal

their membership may be. The following chagtevill link these theoretical
assumptions with empirical data and discuss the operationalizations of the two

mechaimsms of boundary work and resource exchange.

[I-vi Of PositionsandTies: Framework Adaptations

Before we introduce our case in more detail disdusghe specific questionsetsof

data, and methodological tools of our analyses, let us linger with conceptual
considerations for a little while longet.i$ important to state here ththis study will
departboth conceptually and empirically frolianid s n @pproachto Modes of
Coordination This means, we will studyloC as properties of networks rather thdn o
organizations and hence base our operalipationsolely on network tiesnstead of

actor positions This focusses less on the similarity of asttitat coordinate ione

mode or another, but rather on the networks that result from the processestedsoci

with resource exchange and boundaryindébn. Wh er eas Di ani 6s own

follows an empirical approach based on the detection of equivabtors and thus
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sees Modes of Coordinatiomlight of a positional approach, | follow a reading of the
framework that focusses more on the mulfieof ties and hence the way the same
actors may be entwined in different networks at the same Whde these different
readings will beome more manifesh the empirical part of this dissertation,ist
necessary to stateere thathis is by no measa critique of the initial approach, but
rather the deliberate choice to focus on a different aspéiee dfamework antience
offer a complementary operatialization of it.

In general, Modes of Coordination of collective action offer us a typology to
disentangle collective action phenomena otherwise conflated by opague metaphors of
Ainetworkso 0. AiMmobive memt ai | Lbsevatiensiktid ng down
subgroups, either of actors that chose to coordinate in one mode or another, or into ties
that can serve as ideal type representations of these modes.,keanicasically face
what Borgatti and colleageecalledaiposi ti onal 6 or Wwherel ati onal 0
t he former i s ¢ ondassesoenddesthathave sindla strudtufaly i ng h
propertie®andt h e Iseek[s] ctustersibf nodes that are connected to eachdther
(2013) In this distinction, positions are often understood in terntisedf structural or
regular equivalencgBreige, Boorman, and Arabie 1975; Lorrain and White 1971,
White and Reitz 1983)meaning that actors occupy similar positions if they hold
equally or simarly structured ties to others. &@hdea of identifying equivalent
positions is based in the notion ofles (Nadel 1957)as specific constellations of
relaionships, and hence as inherently relatidibahz-Bone 2019)Brandes sums up
a general understanding of position in netgo

a position characterizes what the network looks like from the point of view of an

actor, and multipt actors sharing traits and perceiving comparable
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environments are considered to be subject to similar opportunities and

constraints, resulting in sitar actions and the assumption of similar roles

(2016:1 2).

A classicexample of this would be a school, where different teachers each have
a At eachi ngameckss$odhdtudents and henceé deaeipy s similar position.
A look at these configurations of teachitigs would clearly group all teachers as an
equivalent subgroup of actors: their similarity is based on having equivalent ties to
others, instead of formg a chesive subgroup that is internally tiednalyses
following the positional approach typically trg identify theseequivalent sets (or
fiblocksd ) of actors, for exampl e(Breigeraal.gh al
1975) and then looking at distributionsf ties between and across these blocks.
However, critics have questioned the explanatory power of a partition of nodes into
different blocks, mostly for tharbitrariness of the number of partitions and the fact
that actors within the same block do notessarily need to be connec{&hunders
2007, 2015)Thus, a relational approach tisatdies the actual relationships (i.e. ties)
might provide a valuable alternativEor example, ifwe postulate that boundary
defining processes are relevant for the formation of collective identities and lasting
bonds of trust that eventually allow actéosengage in highisk contentious action
together, it might make sense to study the actual cotidive ties that represent said
processes. For Saunders, the distinction between positional and relational approaches
does certainly imply different methodgical choices in the analyses of networks, but
she goes deeper than that, by phrasing the quesifosocial relations and social

structures as a heandegg problem:
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Positional (someti mes called Ostructurald

assume that it is the pattern of relations that results in given behaviours and

beliefs, whereas relational apgaches allow us to view the pattern of relations

as a result of behaours and beliefs rather than a cause of tHef07:231)

Ultimately, these questions will remain open to debate, and divisions between
these approaches are not cleat. While Diani choses to study equivalence blocks, he
nonetheless also sties the distribution of ties both between and within bltickand
while my own approach choses to focus on the study of ties of both resource exchange
and boundary definition, we nometiessapply noddevel positional measures like
centrality. Thus, irmy own reading, positional and relational approaches are not so
much competing but rather complementary approaches to study collective action
phenomena as network®/hen | will examine dferent types of ties among
organizations and read each one as a tdmasource exchange or boundary definition,
I wi || conceptuali ze the distinction betwee]
original MoC framework (se€&igurell.l) as the cegresence of multiple resource
exchange ties or the relative weight of boundary exchanging ties. Empirically
speaking, Modes of Coordination thus become networks that result from different
combinations of ties. | believe this to be vemll in line with the original formulation
of the framework, yet provide an innovative reading that simply focusses on different
aspects, namely the multiplexity of ties and thesgstence of different modes in the
same episode of contention, that aredveirderstood by a tkeentered than a position

centered approachwant to clarify this with two arguments:

111 do not want to go deeper into the differingeogtioralization-choices that come with a different
reading of the framework at this point. ChapteriiiMvill pick this debate up and discuss it in more
depth.
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First, this study adapts the framework to a digital setting, where the notion and
meaning of different ties is less established and not weénstmbd While collective
action research based on surveys has astanyding tradition and an understanding
of what concept should be fimeasuredo by e
by means of digital behavioral data is yet in its infandye® gudies have relied on
hyperlinks as 0 gicagr28l4) ad expbessiors rofg feelingso of
similarity (Tateo 2005)or as tools to spread ideology and foster mobilizgizmani
and Parenti 2013) believe that an adaptatiaf the framework to the digital setting
that puts ties into its center can help us disentangle the various ways actors are
interconnected and move discussion toward a more nuanced reading of the various
ways, ICTis used in collective actiofhis is alsaeflected in the overarching research
guestion of this dissertation, which seeks to contribute to an understanding of the role
of ICT for contentious collective action. | believe this purpose is best served by a
rigorous focus on the ties andtworksthae mer ge from actor sdé usa
we come to an understanding of roles and positibhas, by focusing on ties, their
strengths, and their combinations, we csart bridging the divide between digital
research and collective actitireoryoutlined in this chapter.

Secondly, Diani c¢oncl u dagablecombinatiorssofo wn a
such mechanismf.e. resource exchange and boundary definition, Midfine
different structural positions within fields, reflecting differdogics of netvork
multiplexityd (2015:201) While clearly, positional approaches have their upside in the
conceptualization of social roleaswe have discussed above, the division of actors
into discrete positions does feaa severe dowside when multiplexity is concerned.

By confining actors to one and only one positiae, do acknowledge that multiplex
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ties of boundary definition and resource exchange are in place, but we do not allow a
multiplexity of Modes of Coordinatin themselvesHowever, as Diani observes in his
next c¢ oncl aachiepisgde pf ooilestive actiin combines different modes of
coordinatioro (ibid.). When we think of this point consequentially, there is no reason
why the same actor might not bevatved in diferent modes at the same time
althoughwith different alters. Conceptualizing MoC as types of ties allows us to
precisely capture that behavioone actor may be involved in ties representing a social
movement mode with one set of altersdan the argably less intense ties of the
organizational mode with a different set of actors. In addition, thinking of MoC in
terms of specific combinations of ties lets us understand their logic better by looking
at the different networks that emergenr these ties-or example, we might expect

an organizational type of tie to produce larger, yet looser networks, while a social
movement type of tie may produce networks that are smaller, yet {Baddassarri

and Diani 2007However, as mentioned above, this shift in focus comes with serious
limitations as well, that become most evident in aurderstandingof the
organizationalmode of coordinatiorFor Diani, this mode is able {also)represent

a behavior where resources are largely devoted to an organigabon activities,

thus contributing to a cause without explicit collaboration witers.This behavior

likely leads to organizations being in an isolated position in an exchange network,
which in turn makes it easy to group such an organization iorgf@izationalmode.

In a tiebased understanding we are not able to capture this phenomenmyuig

at least some degree of networking activity, namely weak ties of resource exchange

and weak ties of boundary definition to speak of an organizational mode aoaknetw
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This is an evident limitation of this understanding, illustrating my pointthatbased
approach is complementary to a positional approach rather than meant to replace it.
In conclusion moving the focus away from positions and toward ties i®nigt
an operational choice, but also has a conceptual underpinning that stemssfrom i
innovative application to a different type of data as well as from some shortcomings

of the positional reading of this framework. Therefdhes dissertation can not lgn
generate new substantial knowledge on its case, but at the same time eniiltp exist
theoretical debate with an innovative perspective. Furtherranrapplication of this
framework to adigitally mediatedcollective action phenomenon is original in its
contribution tatheconceptual debatas itwill seek to test the exploratory paved a
relatively novel framework in the collective action debate.

To sum up, this chapter has attempted to set the theoretical stage orwehich
will examine our specific case. | have argued the need for such research in light of an
underexplored and atimes controversial understanding of digital communication
technolgy and collective action. To do so, a perspective rooted in a relational
understanding of collective action that focuses on how organizations interact and what
ties and struciresemerge fom these interactions, has been established. From this
vantage poit) we can formulate an overarching questing guiding the following
analyses:What is the role of Information and Communication Technology for
contentious grassroots organizatién@/hile a canprehensive and definitive answer
is unlikely to be found by anyrsjle scientific project, let alone a dissertation, we can
nonetheless contribute insights and findidgsived fromfour sets ofmore nuanced
and more operationalizabdgiestions that wilbe spelled out in the following chapter.

These will be applied tde digital communicatiordata | was able to gather on the
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case of AntiAsylum-Shelter protest groups in Germafyhe choice of this case is
neither drawn from the interest in a systematicparison of leftvs-right groups nor
in a comparison of countri€s but from a substantive interest in the case and its
societal and political salience in these troubled tinmeieed, our theoretical reasoning
was explicitly rooted in scholarship on aadtive action, digital communication, and
organization, confininghe debate on specificities of the extreme right to the case
selection in the following chapter.
Empirically, this study will focus on an idepth exploration of the activities, the
debates,and the networks that can be identified among dfganizationsof our
subfield To best understand our case, in a Weberian sense, we will thus seek to map
the relevant actors and describe patterns of both spatial and teraptvdl, to
understand thevho and thewhat before engaging a deeper undandiag of the
debatestopicsand frames t hat are produced through
Ultimately, if we want to understand the role of ICT for these actors from a relational
perspective, as | hawatated above, we have to move toward an understgquudithe
meaning of different types of patterned interactions and the structures they produce
Li ke t dmpley,netwoeks bigyond the metamh{®avan 2015:915p understand
t h dhe cofitent of ties determines the type of relational structci@sengage o
(i bi d) aetansdlo rotreagage i all relationsinthersaway (i bi d) . Doi ng s
through the lens ofesource exchangeand boundary definitionand the Modes of

Coordination that emer ge fr ommotethbenac ombi nat i

12Both comparisons are highly relevant and have drawn significant attention. For eRanpist,
Segerbergand Kniuipfer(2018)have studied the interplay of lefght ideology, organizational
prefelences ad new communication technology, wh@iaiani and Parenf2013)and Pavan and
Caiani (2017) have systematically analyzed HAgirtg online netwaoks across Western democracies.
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networkexercise (i bi d) , bnderstacddhe potertiblipesdiconstfaints
to action that come with a specifielational patterd@ (i bi d) .

Before we get there, howevénefollowing chapter will illustrate in detail how
this exploration will be structured, wdh sets omoredetailedquestions caguide the
emprical analyses, andlhat combinations of data andetihods will be usedalong
with providing a deepeunderstanthg of our caseand of its positionwithin the

German political rightving.
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Chapter lllI- Research Design

After having laid out the principal question guigithis thesis and the theoretical lens
that will be used, it is time to address what exactly this lens will focus on. Especially
since this dissertation does not apply a comparative design but rathéoropts
innovative combination of theory and dataam indepth analysis of a single case, it

is crucial to elaborate on the salience of this case. That being said, the objects of study
in this thesis can be very generally describe®Gasman antiasylumshelter (AAS)
groups on FaceboolAs argued in thentroductory chapter, my interest in this area is
grounded in two observations: On the one hand, a resurgence of the political right in
Germany and on the other hand, the ubiquity of digitally mediated comoation in
collective action episodes. While ttater observation and especially the challenges
that arise from it in terms of conceptualizing collective action from a theoretical
perspective have been discussed in chapter ll, it is the former obsenat needs
some elaboration at this point.

Therefore, this chapter will begin with an overview of relevant party and non
party actors on the far right in pestair Germany. Through that, we will see how the
current decade has brought about a resurgehdght-wing activity, involving both
new and oldactors and being related especially to the opposition of migration. Against
this background, we will illustrate how a recent wave of scholarly activity has treated
this phenomenon and how we can positiois dissertation within it. Once we have
done soye can move on to illustrate the criteria of selection both for the organizations
and for the platform that actually make up our case. This way, by the end of the first
section of this chapter, we will hawa clearly defined population AAS-groups that

we are about to study. After that, the second section of this chapter will clearly state
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how we will study our case, by introducing the sets of research questions, which result
from both our selected casedathe theoretical perspective we take towardastly,
the third section of this chapter will lay out our toolkit to answer these questions, both

in terms of the data that were collected and in terms of the methods that were applied.

Il -1 Case: German Ant#hsylumShelter Groups on Facebook

Perhaps the mostriking example of a renaissance of the right is its electoral success.
For a long time in posvar Germany, parliamentary representation of the right wing
(i.e. very broadly:parties positioned to the hgof the Christian Democratic/Social
Union, CDU/C3J) was limited. Founded in 1964, the National Democratic Party
(NPD) has been and continues to be the strongest party of the extreme right, albeit with
limited success. Not once in its history has theypbeen able to surpass thepér
centhurdle to ergr the German national parliament, the Bundestag. During the 1990s
and the 21st century however, the party was able to win seats in elections in
municipalities, in some of the (Eagberman Lander, as welk in European elections
(Lepszy 2013) The nADeutschlandpakto with the
(DVU) and the German Party (DP) between 2005 and 2009 was an attempt to unite
the extreme right, that resulted in ae/ghare of B per cenin the regional elections
(Landtagswahlen) in MecklenbulyesteraPomerania in 200@Braun, Geisler, and
Gerster 2009)As of 2018 however, the party is no longer represented iGanyan
Landtag andn 2019 it lost is single seat in the European Parliament. Thistdéchi
success of the NPD goes hand in hand with a fragmentation of the extreme right
political spectrum in recent years, that saw both the founding of new parties like the
Right (Die Rechte) and the Third W#Der IlIl. Weg) in 2012 and 2013, as well as

participation in elections by local initiatives of the atgiam sec al | ed APr o
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mo v e m@moh 2017) While these parties and especially the NPD have established
political structures and organizational resources, such as establishing contacts to
militant NeoNazs and fAKameradschaftendocaland mradeshi p
international festivals, mobilizing street protest, or owning and leasing property, their
political representation has been limited in recent y@uaun et al. 2009)

Thus, he parliamentary renaissance is driven by a reor athe Alternative for
Germany (AfD). Founded as party in 2013 with a euroskeptical and -dfuro (the
currency) agenda, the AfD changed its leadership multiple times, leading hoajor
splits and a gradual shift toward tivere radicatight. Within a five-year period, the
party has gained repregation in all German Landtage, in the Bundestag, and in the
European Parliament, promoting an dantmigration and artestablishment agenda.
In September of 2019, the AfD was able to celebrate its Higdestoral successes
yet, reaching 23.5 per cent the vote share in the Land Brandenburg and even 27.5
per cent in the Land Saxony, where the ruling Christian Democrats were at first
hesitant to denounce a possible coalition government with the Afl2ciadly in the
rural Eastern parts of both Brandendp and Saxony, the AfD even emerged as the
strongest party in many constituencies.

Without delving too deep into the terminology of radicalisrtremism or
populism | believe one of the best fitting definitions for the AfD is giverRygdgren
who chaacterizesan Extreme Right Populist (ERP) palyitsi f unda ment al <cor e
ethnonationalist xenophobia (based on thecsal | ed &éet hnopl ural i st d
anti-politi ¢ a | establ i £00:m438)A repod Ipydhke Gesnman domestic
intelligence service, Bundesamt fiir Verfassungsschutz (BfV) analyzed the activity of

the AfD, its youth organization Jungetéinative (JA)and individual politicians both
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offine and on Facebook, finding thai s o me |l eadi ng of ficia
understanding of t he pe ogenlteeed &ndivcompktiblé¢ t h a't
with the guarantee of human dignity. Other o#fisior members issue a strict ethno
nat i onal i(BunhdesarntfiidVeréassongsschutz 2019, translatiod®Mbhe
report genaa |l | y questions the AfDOG6s stance on
(ffreiheitich-demokratische Grundordnup))g and suggest a monitor
the partyasawhoe, and a deeper intelligence obs
and t hdranghdiDtey 6 &1 ¢ gel 0. Whil e there 1 s an
radical, and/or extreme nature of parties on the rigtawzi, Obermaier, and
Reinemann 2017; Minkenberg 2018; Mudde 2004, 20thé cebate is not one that
needs to be discussed in more depth for this study. It sufbcdiagnose that a new
party has emerged in the German political spectrum that offers representation with an
agenda based on issues the far/populist/extreme right idydeepcerned with:
ethnonationalism, opposition to immigration and to the establishment

While rightwing parties may be the most formally organized actors in this
spectrum, the observation of a resurgence of the right stretches beyond the realm of
parties. A famous example of righiting mobilization can be found in the case of the
Patriotc Europeans against the Islamization of the Occident (PEGIDA). PEGIDA
started on Facebook as a group that soon turned to a public page in October 2014, and
was abletombi |l i ze up to 25,000 people for s

Dr esden (nctaalglsesdp aftMocer g2 ngeo in reference

130r i ginal quote: fAZun?2chst eeimenttler et en einige F¢hr
Menschenwirdegarantie unvereinbares, stark ethnisch konnotiertes Volksverstandnis; andere

Funktionare bzw. Mitglieder aul3ern teils eine strengedtkn at i onal i st i stdmoe Gr undhze
marked otherwise, all translations from GermannglEhare made by me.
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collapse of the GDRwhich wereheld every Mondayand branching out to cities all
over GermanyStier et al. 2017; Vorlander, Herold, and Schaller 20Dé¥pite going
nof flineo with protest rall p@&fermtobkcace ebook r en
their issues, as the protesters largely refused to speak to the (nedelired to as the
ALs;genpresseo [ yi ng(Stereea 2Q1Y)Eadyroloséners r esear cf
guestioned the political position of PHBA, who claimed to represent the concerned
citizens in the center of society, yet exgsed positions that, as discussed above,
characterize the (extreme) right. The controversial professor Weateelt* (2016)
argued that whe protests have radicalized, showing an increasing rejection of the
German state and akfugees and asyluseekers, protesters themselves do not
represent the classical extreme rigfitieu in Germany. A study byalter (2015has
found a strong affinity of PEGIDA protesters to the new Fighttg party AfD, while
Daphi et al. (2015)dentified overt hate speech and racism at-antnigration
demonstrations. For the sake of this stutlis important to situate PEGIDA as one
example in which digitally mediated communication played a pivotal role in the
coordination of collective action ohé political right, largely in the absence of pre
existing (formal) organizations. Thus, it sert@glustrate both the importance of SNS
in the study of collective action, as well as the emergence ofwiglgt protest in
Germany.

To further elaboraten the setting and the zeitgeist, in which we must situate the
case of AASgroups, we can also eiexamples of antmmigration protest in which

already existing loose organizational networks were used to mobilize for contentious

¥ Whose proximity to the AfD has been an issue of de@dasisner 2019)
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collective action. The ri@ork Hooligans Against Salafism (HoGeSa) was able to
stage some of the biggest amimigration/anti-Islam demonstrations, with a peak of

up to 5,000 protesters in Cologne in 2014. While Facebook was used as a tool to
communicate internally and externallye can reasonably assume that the existing
structures of hooligan groups and their experienceolent conflict with the police,

along with interpersonal affiliations to comradeships and ighy parties allowed

them to forge at least a shderm calition based on violent confrontatigAnon

2014; Ruf 2016)

This is by no means an exhaustive account of the political right in Germany and
does not aim to be one. Instieghese examples show that within the broad field of the
political right, a wide range of actonave emerged or continue to be active, with very
different organizational structures and logics, different tactics and strategies, and
different usage of ICBnd SNS. Thus it becomes clear, as argued in chiptbat
speaking of the rightving as a soal movemen{Castelli Gattinara and Pirro 2019)
may blur verydistinct traits of specific phenomena that differ in the way they
coordinate and interact. Alsas it is beyond the scope or feasibility of a dissertation
to study the entirety of the German political right in the wake of what soon became the
soc a |l Irefudgeecir i si s 0, I strategi alowdfgranmpt f
depth mapping ofthe sibfield of AAS-groups from a Modes of Coordination
perspective. While | argue that they are part of the political right, they do form a
distinct subfield, withgroups forming not around a general antmigration stance,
but specifically and explicitly inposition to the erection of asylushelters. As we
will see in the analys, these groups dengagein (mutual) acts of recognition

significantly more amongsthemselves than with other organizatiom®d many
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groups follow similar namingatterns for thie Facebook pages or visuphtterns for
the choice of their logos. It @soimportant to note that protest against asykimlters
was almost nonexistent the years before 2013. The phenomenon under investigation
here is thus one that that we couldness in its birth, its prime, and its eventual
(relative) decline, as the analysis will show. In fact, the opposition to assfielters
has become a distin¢opic even in the Germafederal criminal records of the
BundeskriminalamfAnon 2018) being recognized as a distinct sséi of rightwing
political activity.

However, | find mysdlamong the observers who might be accused of jumping
to conclusions about the political naturelatandpoints of members AAS-grouys.
After all, opposition to migration must not necessarily be a feature exclusive to the
right, as it must noautomaticlly feed from a racist, ethroationalist, xenophobic
mindset. In fact, survey data from 2015 skowthat a majority of Germans were
skeptical of the integration of refugees, and articulated fears related to competition on
the housing market, the labor rket, or a growing influence of Islam as prime
concerngInfratest Dimap 2015)These issues are typical, but not exclusive topics of
the political right. In addition a fourwave survey of PEGIDAupporters (Patzelt
2016) found that a majority of stregtotesters were both opposed to immigraand
right-wing-radicalism, politically positioning themselves in the center of arilgifit-

sale.
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Figurelll .1 Street protest against asylum shelters

(Source: Schulze and Frykman 201fmage by: Christoph Schulze)

This seemed to be the case also among the AAS street protesters, that frequently
showed signs like the ona Figurelll .1, saying fiWe are no Naz
Nazi s, but | ocal resident so. Th-wisg howeyv
monitoring groups that som&AS-groups were deeply involved with the righting
NPD (Dittrich 2015) Thus, even though | stand by the earlier assumption of grouping
AAS-groups as part of the poidal right, the case deserves the scientific benefit of the
doubt. Therefore, it beates vital from a Weberian understanding of sociology as
Averstehendd to explore theAASgoums and cont
circulated in their networks to get better substantial understanding of the
phenomenon and to come to scientificallyrsgonclusions about the political nature
of these groups.

When | began working on this project in 2016, | was apparently not the only
schohbr observant of a novel dynantietween digital communication and the political
right. Therefore, the following pageaphs will briefly illustrate the (mostly recent)

scholarship on this topic, to show that we can position this dissertation within an
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ongoing and highly relevant sciemtitlebateThis account is by no means exhaustive
and its aim is not to introduce adscuss a comprehensive theoretical argumentation,
but rather show what empirical studies might be relevant to our undertaking. This way,
we can clearly show that our eas a relevant one that draws scholarly attention, while
at the same time we canalshow how this study can aim to fill a still existing research
gap.

My choice tol opt for anexploratoryapproachreflects the fact that much
scholarly work in the studgf ICT or SNS and collective action has addressed the
political | a fl(Ekmanl2@8x engagementiolithecextreme righhot
only, but especially in reference to daji coordinationi a still understudied
phenomenon so fé€Caiani 2017; Eggert and Giugni 201%) addition,in the field of
both immigration and antmmigration movements, empirical literature is still rare, as
Eggert and Giugninotdi Much more work is required in oroc
under which conditions social movements by, for, and against migreotigize and
through which pr oc@ES16E Sinilarlg, Paven artd £aianis ms 0
have diagnas d  tthe ase of digital media by ER [Extreme Right] groups has been
partially neglected, when not underestimated( 2017 : 170) .

However, a small but growing number of studies has addressed the issue,
although from different perspectives and with difféerdoci. Early empirical
contributions on rightving movements and the internet incluglerris, Smith, and
Strahm,who have adopted network approach by analyzing the hyperlinks between
American white supremaci st gii eswfafidty, websi tes,
communicati on, or (200D0:245) Thieyafdund @ @lecentlalizeda t i o n 0

structure in which stronger ties exist between groups who focus on cultural identity
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than between competitive groups such as parties or enterprisesZDé@peplicated
this approach to study the Italian extreme right, finding a coherent yet loose network
structurein which revisionist, nostalgic, veterans, and cultural groups are the central
actors.Other case studies, like Zuev (2013) exptbultranationalist Russian websites
from a social movement perspective to identify structural properties, ideology, and
cental actorsln another studykroio (2018)focused on a network of French far right
groups and the question how Islam is framed among different groups.

In acomparative study across different countriesCaiani and Panti (2013)
analyzed right-wing networks in light of political, cultural, and technological
opportunity structures. In the German case, which is of interest for this dissertation,
they identified a cohesive network with right wing parties as the demttars.Based
on this study, Pavan and Caiani (2017) analyzed hyperlink networks in six European
countries, including Germany, explicitly linking the study of dfuropean frames
with that of network structures and centrality. In this study, they explidc y Webr e at A
links between organizations as potential means of coordirmatiolf 2 0 laid:fidd7 2 )
t hat in the Geolmatni calrumewe msnt A, Ssubcul
andthe NP occupy c e n eserasult rgiterades the nead lbak mdreh
into the role of formal organizations, such as parties, even when studying digitally
mediated grassroots networksoio and Ganesstrengthen this aspect by noting that
fresearch on transnationalisation of the far right kept parties and movements separate
probably because of the difficulty tfind data allowing to account for both
simultaneously ( 2 0 1 ®heymrhie that research should focus on the interplay
bet ween grassroots or gmaare egtablished radical eghtd wh a

organizations (i bi d) . T h i s the categorizadidn efsideal gyded of wi t h
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different logics of action defad byBennett and Segerberg (20.18) which one of

the distinction between these types is the role ftivatal, established organizations

(like rightwing parties in our case) playl hu s , even thesegh SNS ¢

cooperation between likeinded groups that do not enjoy similar opportunities in
other parts of the public spheré-roio and Ganesh 2018ye must not naively discard

the role of established organizations in digitally mediated collective action, but rather
critically address their influae. In line with this, Rucht (2018)highlighted the
organkational hybridity of the German protest agaregtigees and asyluseekers,

that included both very formal (like parties) and very informal groups. In the case of
Austrian AAS protestdilaselbacher and Rosenberder a g n ockse dnteractiaf

between institutional actors and protest networkst u d ythe mxdent fio which

institutional actors are involved in the organization obfast events ( 2 0 1!8 : 2 4 8)

This means that whemvestigating our case, we must not forget about the role of
formal organizations of the political rightvhich has so far been largely left out.

More and more studies on the far right and digital media tmayed from using
websites for data to lookingtino S NS and ot her O0web 2.06
data. Studyinghe dissemination of content among rigéing groupsO 6 Cal | agh an
al. (2013, 2015have shifted attentioto theuseof Twitter or YouTube, finding users
to be trapped in the ideological Kleiubbl e
and Muis (2018fompared both networks and discourses acrosswigigt Facebook
environments in four European countries. Interestingly, they thatd AAS-groups

make up about a quarter of the righitg groups they identified in the German case.

15Both Rucht (2018) and Haselbacher and Rosenberg&8)2®however not employ a network
perspective but rather use protest events and the frahenepffor their analyses.
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In addition we canidentify a growing interest in the issue of argfugee/anti
asylumseekers mobilization in recent years, yet not necessarily froetveork or
digital media perspectiv&Vhile Della Porta's edited volume (201&)mprehensively
studies solidarity mobilizations, onGastelli Gattinara's contribution (201&Xplicitly
focused on antiefugee potests in Italy and Francé. does, however, take a very
di fferent approach than this t tea s, st
European, antimmigration movemea{Castelli Gattinara 2018:272; see also Castelli
Gattinara and Pirro 201&nd using interviews to understand both motivations and
repertoire choices of street activisiéiolence against refugees and the predictive
power of threatening events in Germany has been discussédckle and Konig
(2018) while Ekman (2018ptudied antr e f ugee mobi |l i zati on by
of Od no on Baeater bno Kunegesented a conferencentributionthat
explicitly focused on AASroups on Facebook, finding that tiieGer matn ant i
refugee movement I s (201 hWhileetimey doyreviemebote nt r a |
online and offline protest data, temporal and geographical patterns, and the proximity
to rightwing parties as important factors for organization and mobilization, their study
does not analyze AA8roups in terms of networkexteractions and does not present
a theoretical framework guiding the analysis. As the quotation shows, the study is
furthercharacterized by the movemdatlacy, that was discussed in chapter Il of this
thesis, automatically equating any joint action arspecific issue with a (social)
movement. Therefore, while the study presents important insights and helps to
delineate thebject of study of my own research more sharply, the field is still missing

a theoryguided comprehensive study of AASr o u p & 6f SNISsaahglp foster our
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insights about the role of digitally mediated communication in#wghg contentious
collectiveaction.
In additionto an oversimplified or rather metaphorical use of the category of
movemenin many of the relevant studidbe same can often be said foetworks |
believe that the rel of networks needs to be discussed with greater care and not
automatically beequated with the usage of SNS. Gonz&deddn and Wang criticize
thatit he | anguage of n e tcwrencykirsthehlitiesent atieroptsme ¢ o mmo |
to understand social movemeé s i n t h €018: 197, but molst stadge®fail to
deliver empirical proof of the alleged flat hierarchies and fluidity of communication
networks. They argue th@ c | ai mi n g the age df hetwerks ioffers little
information if we do not atsprovide a richer picture of what those networks look like
and how they allow individual(bid.davar s t o com
also urges us to take networks seriously, arguing tvheriever we equate networks
that necessarily emergfomth e use of digital medi a with a
only we are guilty of naivité but, moimportantly, we are not adopting a relational
perspectiveé ( 2015: 915, e mp h aother svords,ras retivaks are i gi nal ) .
generated bylefaultthrough the ge of SNS, a truly relational perspective needs to
carefully assess what different ties are generated through digital communication tools,
what structures emerge from these ties, what congefne)produced through these
ties, and which actors play a (¢el) role in these processes.
When we try to sum up what this brief review of literature tellswes can
conclude that there is a growing interest in the matter, but no study tbasy

knowledge- addressed the issue of AAfBotest and SNS from angicitly relational
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perspective on collective actiomhis, however, is precisely the research gap that my
thesis attempts to fill.

As the case presented here is one of digitally mediate@rtomis collective
action, the data is naturally digital, tokhe choice of studying AAg§roups with data
from the Faceboacbklatform is motivated by empirical considerations, as Facebook
was simply Awhere it happenediameddandl e mal
collective action used Twitter as a source afadKharroub and Bas 2016; LeFeabv
and Armstrong 2018; Pavan 2013; Segerberg and Bennett 204ilanéaSuh 2016)
it must be noted that the logic of Twitter is organized around debates rather than (more
or less) stable groups. Also, studies have argued that the typical demographics of
Twitter tend t o be (BarbetaramdeRiverot201&;Mellbreancke b o o k
Proser 2017) which contrasts the findings of preferably older @saéngaging in
recent German righwing protests like PEDIGA (Patzelt 201@).addition Facebook
groups are likely to reach a broader audience, as Twitter is by far less common in
Germany(Frees and Koch 2015)Also, other examples of digitally mediatedht
wing phenomena like PEGIDA have shown the importance of Facebook over Twitter,
makingi Facebook a more attractive medium f
(Stier etal. 2017:3) In other cases, such ahe Germanright wing terrorist
organi zati on @ QHacebo&ovhsoidentifie®as the keey yeadlium for
the mobilization of antrefugee violencéWyssuwa 2016)It is thus unsurprising that
keyword searches on various conbihi ons of the German ter
Afasyl kenmr sed0 and sl ogans directed agains
activity than on Facebook. Also, accounts by journal(€&&yer, Decker, and

Honningfort 2015) watchdog NGO¢Berger and Hansen 2015; Dittrich 201&pd
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scientistyMuller and Schwarz 2018; Schelter and Kunegis 2@im)at the salience
of Facebook forti-asylum protestsk-or these reasons, | opted to riesimy selection
of organizations to the Facebook platform additional restriction is applied by the
choice to select only AAgroups with a public Facebook page and excludsethwvith
open or clged groups. We must keep this limitation in mind, asesstudies have
indicated that(secret) Facebook groups are used differently by activists than more
public channelgHensby 2017)Facebook groups might thus be seen as representing
a digital backstage (Treré 2015)where internal struggles and associated processes
of identity formation and boundary drawingeamore likely to happen than under
scrutiny of the pulit eye On the other hand, | believe it is ethically crucial to respect
privacy settings of groups and restrict our observatian publ i ¢ ypsibges t hat
to everyone on the internet by defafacebook 2010)n addition, when | searched
for AAS-groups, | foundhat the overwhelming majority chose to set up a pudalge
instead of a closed group. Also, the content analysis in chapiemi\f be able to
show that there was little fear of publicity in terms of expressing radical (and
sometimes criminal) sentimes and the said processes of identity formation likely
happened on public pages. Furthermore, our observation window stretches from 2012
to 2017 and thus for a span of time during which the Facebook corporation did very
little to monitor or restrict prokimatic content or hatgpeech. Thus, | find it
reasonald to assume that most AAfoups chose the visibility of public pages over
the privacy of closed groups. Therefore, we are likely to capture the bulk of activities,
even though we restrict our popudet to AAS-groups with public pages.

However, even whemloing to, the challenge that remains is to formulate

reproducible and transparent criteria for the selection of organizations that belong to
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the population of our subfield of Germ#AS-grous on Fackook. Thereforgl
defined three criteria:
Firstly, groups are specifically against asyluor refugeeshelters, not only
against asylurseekers, or refugees themselves, or against German migration policies.
Secondlya clear geographic reference withinr@any is made. This can be on
national (i.e ADeutschland") , state (e. g. nBay
Schwei zo, ARnOberl ausitzo), orFMalreaa&alno) ev @l
excludes Germatanguage groups with reference to a Swiss atéan locality.
Thirdly, the group has auplic Facebook page, as Facebook pages are the
empiricalunit of analysisAs we have discussed abovieisiimportant to distinguish
Facebook pages from Facebook groups. Throughout this thesis, | will usenthe ter
group to refer to public Facebook pagégmups, not to actual groups in technical
Facebook parlance. While pages and all content on these pages is public, groups often
require membership and have more complex arrangement for the visibility of posted
content. For both legal and ethical reasdresxcluded groups when they were non
public.
To obtain anost completédist of groupghat match the abovementioned criteria
| followed a thredold strategy:
Firstly, existing accounts of AAS protests have athg assembled lists of
Facebookgroups thattould be used as a starting po{Berger and Hansen 2015;
Schelter and Kunegis 201%Vhile Berger and Hasen (2015) identified AAS groups
inthe EdatGer man st ate Brandenbur g,anti-gefudgee | t er
housing movements [ é] vl a( AxCGeimangvide d F ac e

Both reports conclude that many groups follow similar narpiaiiens, that include
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calls to Asayonbo ar shekser already in the
identified by these studies could be used to generate a comprehensive set of keywords
that can serve as markers of AgBups.
Secondlythese keywordere usedothin the internal Facebook searehgine
as well asn external engines like google. In the latter case the search was limited to
pages within the domain facebook.com. As search strings, | used various terms that
appeared in the names and-sie§criptions of already identified pagesesh included
combinations ofdifferentmo di fi cati ons of the Ger man worc
ifasyl um?® s eaenkderoof t he Ger man wo'fdrotheor fAshel t ¢
typical slogan¥. For each search, the higheanked 1,000 results were examinedl an
in case a new group was found, it was added to the list. That lead to a total of 168
groups.
Thirdly, following the snowball strategy th&@aiani and Penti (2013)used in
a study of rightwing websiteet wor ks, | used the Ali ked pages
already identified pages to check for hyperlinks leading to GiAS-groups. This
added another 18 groups. After that, rae steps two andhtee to adjust for minor
changes in the keywords duetie newly added pages. No new groups were found in
this iteration.n a next step, thmost recenilO postsdnd theircommentsif any) on
each groupods page, -ddswiptignif any)twhs qualitaivelg r oup 6 s s ¢

evaluated to check whetherchgpage matched the defined critefii@is simple check

16i . e. AFl ¢chtling[els] o, NIAG J | Ibiek avetr@peqgallyi mtf] 0q u th Atstyd ta r
thelast term isclearly derogatory and only used among the political right. When it is repeated within

this dissertation hiis ispurely for analytic reasons and by no means reflects my own standpoints.

Yi.e. AUnterkunfto, AUnterk¢egniiHedtefnhoerdMComigaingé e ]
BAl city] /stellesichquess il §loi t,yB ¢ m @estiisn idt) i(zaetinitdise i[nciittiyat i v e

[city), A city] sagt neinodo ([city] says no)
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confirmedthatthe postsctually discussed the topic of migration, asylum,asydum

sheltes in a negative wayThis can be done by either piog text, linking to critical

news reports, or postinghages and videos that oppose refugeéghis inspection
resulted in the exclusion of one clearly satirical page. In total, the procedure lead to a
list of 185 AAS-groups, that was presented to andormally discussed with an
external expert from the figd of antiracist NGOs, to confirm that no relevant actor
was left out. After this mukstage selection and verification process, | concluded that
thislist reflects thébest attempt to compile a aldgue ofgroupsthat are obubstantial

interest to mycase at the time of observation.

[l -ii Research Questions

Having introduced the theoretical framewoak overarching questioand the case
under studyl want to spell out more concrete research questioait unfold from this
perspective and that can guide tprocessedataanalysis, which is outlined in the
following section. These questions reflect both a substantial interest in -fae so
understudied case of aasylum or antrefugee collective dion processes and a
theoretical interest in the appltaan of the framework of Modes of Coordination to

the study of digitally mediated protest. Very generally, the research questions that are
informed by these interests can be split into four broadisat&ach require different

data or combinations of daaind will structure the analyses in chapter IV of this thesis.

The questions | seek to answer are thus

9 e.g. pointing to issues like crime, high costs, or institutional failurelatioa to migration.
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RQset IT What Anti Asylum Shelter (AAS) groups can be identified and what
are their spatialrad temporal activity patterns? How do these pattermespond to a
general interest in asyluseekers and refugees and to records of offline Aéiity?

RQset 11T What are the topics that members of Ag®ups discuss and how
are these topics discessl ? Can col |l ecti ve i detifiedinti es of oOu
these debates and how are these collectives portrayed? Can temporal patterns of topic
prevalence be identified that correspond to those identified in the overall activity of
AAS-groups? Aresome AASgroups closer in terms of a homogeneity of ¢spghan
others?

RQset lllT How do AASgroups use social media? What types ofdi@®ngst
AAS-groups can be identified and what networks evolve from these ties? How do the
types of ties correspond to mechanisms of resource allocation and bodefiaitipn
among AASgroups?

RQset IVi How do the types of ties identified combine into differglatdes of
Coordination of collective action? What properties of groups can explain their
relational patterns, i.e. their mode of coordination? More specificatigs dhe
proximity to formal orgaizations of the political right explain tie formation in
differentModes of Coordinatich

These sets of questions are not isolated blocks, but are instead entwined,
overlapping, or flowing logically from each other. Noné#iss, each set focuses on a
different aspect of the analysis and requires different sources of data or different
analytic techniques. To further clarify this and lay out the structure of the analyses in

chapter IV, the following section wiklaborate onhe different sources of data and
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techniques of collection and analysis that | employed to answer the research questions

raised in this section.

Il -iii Dataand Methods

The followingthreesections will explain the methods of data collection, describe the
different datasets that will be used icombination, and briefly explain the family of
methods that will be used to transform and analyze these data in order to answer the
corresponding research questiddsfore engaging in the detailBablelll .1 gives an
overview of the overall research design by broadly illustrating the links between each

set of research questions, the data collected, and the methods applied.

Tablelll .1 Overview of resarch questions, data, and methods

Research Questions DataSources Methodology Chapter
RQ-set | 9 Facebook Data oAAS-groups Description of time Chapter IV
9 AAS protest data series and geographic
1 Google Trends patterns
RQ-set Il Facebook Data 0AAS-groups Structural Topic Chapter I\4ii
Models
RQ-set llI Facebook Data cAAS-groups Social Network Chapter I\Viii
Analysis
RQ-set IV 9 Facebook Data oAAS-groups Social Network Chapter I\Viii

9 Facebook Data on righting parties  Analysis

Thedetailedtransfomation, interpretation, or codingf datatheoperationalization of
concepts,the descriptive and inferential analyses, and the exact methodological

techniques used for these will be discussed in detaiiarialytic chapteithat follow.

Facebook Datan AAS-groups
To obtain a Faceboakatasebn AAS-grougs, | collected data from each groop the

listdefined in the case selectidusedthe Python programming language to write the
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Sammlf® program (Hoffnann and Steimel 2017) that communicates witreFa® o k 0 s
Application Programming Interface (API) and retrietles activities, meaningosts,
comments, and reactions made on a set of pages at any time, together with a timestamp
of the activity and, where gpcable, the message teXhis excludes cases deleted

posts or comments, or where privacy settings do not allow data to be collected via
Facebookdahs isAMAY Facebocd at a i s ¢ h acuratedtseldr i z e d
presentationg(Stier et al. 2017)To minimize the effects ofedetions and exclusions,

| collected data in two rounds (May 2016 alaoril 2017) and merged these sets. Al

in all, 1 collected 2,345,774 activities, 112,878 of which were posts, meaning status
updates, links, videos, photos, or events. Posts can be cdetran by users, with

each comment containing a messagpis was done 32442 times irthedata. Both

posts and comments can receive reactions, usually in the most prominent form of a
Al i keo, but Facebook deci ded t ocangey,i v e
astonishment and several other types of reactions in. 20fE&e ractions make up

the remaining 1,905,454 activities (for a table and discussion, see chaptepl87-

88). The script outputs a dataatrix, in which each row is one activity, atite
columns hold the following information on each observation: unique fagunique

user ID, timestamp, typ®f post, comment, or reaction), hyperlink (if any), message

(if any). Data was collected starting with the earliest activity found in eaaipgand

ending at the time of the second round of data collectidwpm 2017. The temporal

20 Since Facebook has gradually restricted-ABtess in the last year(s), each apfibcathat

researchers must register to run the Sammir scripts (or any other script that accesses public page
objects)hhastop as s F ac e b aazdsd t® my kaowledgey nopeseardatacollectionapp

(including Sammlr) has been successful in thiisTeas that datavendors will gain an increasing

role in this type of research and platforms like Facebook may restrict more and more whall data wi
made available to researchers or ogelon(2018)s peaks i n t hi-@Plaegebext of
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distribution of activity that will be discussed later in this thesis shows that this period
captures the beginning, peak, and eventual decline of activity, thasgmtunlikely
to have O6missedd anyt hitmegfranbeef or e or espe
Additionally, the script collects data on page likes, i.e. those other Facebook
pages, that a groupdés administrator recol
scetion of the front pag e Thiaway, paklikisheages t h
a functional resemblance to hyperlinks, that have been frequently discussed in the
social sciences asuseditc r eat e and maintain their per
onl i ne as w@EdaK andThelwallf 2003)o mweld alliances and foster
identity formation(Vicari 2014) andto lend structure tohe networked public sphere
(Kaiser and Bschmann 2017Page likes were collected in the form of an edgelist for
each of the 185 pages, where each row represents one like and the two columns contain
t he | i1 ki andname(gablégithin edch list) and the liked {sigeand name.
For each | i ked page, this pageds | ikes w
the relation, i.eif a group that recommends another group via a page like is in turn
also recommeded by that page.
Lastly, the script collects a small amount of nutia on each group, naméhe
unique page ID, the page name, ghe o wsgfdescription, theg r o sglféetected
pagec at egory (e. g. i & mgo mpiaturg abhdyhé umbertofnfams p a g e
(i.e. individual users that liked this group)
These dat on the activity of the 188AS-grous will be analyzed as a multiplex

network (i.e. a network with different types of ties across the same set of nodes), in

21 This must not be cdased with the individuafiliked-reaction mentioned above, with which each
user can react to posts and coemts.
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which the edges are usedijeerationalize mechanisms of boundary work and resource
allocation. hus,thesedata willbe used t@answer the research question&i@-set Il

and partially R@set 1V, using techniques of social network analy¥is&asserman and
Faust 1994; Carrington and Scott 2011; Scott 200i%) textual data generated by the
messages in posts and commeriteach group will be analyzed as a corpus for
guantitative contentahay ses, both to | end a 6thicko
to operationalize the structural patterns of content production as a mechanism of
boundary work. Thus, these data valsobe used to answer the research question in

RQ-set 1.

Facebook Data onght-wing Parties

To operationalize the proximity of eaddAS-groupto formal organizations of the
political right and thus answer the research questions irs®QV, | collectal
additional data on the Facebook pages ofwlteman rightwing parties in Germany,

NPD and AfD. Parties are used as a proxy because they are highly formalized
organizations with cleatut memberships, accountability, formal decisiaking
processes, fiicial spokespersons, and so on. Also, both partiesvary active on
Facebook, with the AfD even outperforming all other German parties in terms of
Facebook activityStier et al. 2017)Data was collected analogous to A%S-groups,

using the Sammlr script to gather activitesongheer t i es 06 acti vi ti es
until April 2017. The timeframe was limited tbis (almost)threeanda-half-year
period to limit the amount of data, bailsoaccount for the period of main agty in
AAS-groups and of the general debate on rekgyand asylurseekers in Germany.

This additionaldatasetontains 7,076,387 observations on the AfD, 72,648 of which

are posts, 675,372 are comments, and 6,328,367 are reagioved| as4,430,876
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observations on the NPD, 6,96# which are posts, 28784 are comments and
4,136,130 are reactions.

These data will be used to operationalize a variable of the proximity to formal
organizations of eacAAS-groupin terms of their overlapping usership wigach
party. This will be analyzed using advanced téghes of social network analysis, like
exponential random graph modelling to assks impact ofbrganizational proximity
on tie formationinthe AA r oups 6 net wor ks.

Regarding these datawould like to briefly address the ethical issue of privacy
and how | will handle data to assure compliance with ethical standards of social
inquiry. While the data collected via Fac
attributable activities on public pagasnd at t he ti me of data
nameswere available, | will not use or present any data on the individual level.
Throughout the thesis, | will present and discuss my findings on the level of groups,
thus aggregating individual activities that level. In the case of network analysis, the
sums of individual activities are used to construct ties among groups and to quantify
their relative or absolute strengths, wit
In the case of content amals, the structural topic models used require indi&id
message texts as the documents that make up a text corpus. Each text will be inputted
without attaching a user id and results will be discussed on the level of groups and
topics. When a single meggaor parts of it are quoted in a qualitative inteqdren
of a topic, it will usually be in the form of a translation and without identifying the
author. To further ensure anonymity, | decided to not reveal the exact names of groups
but opted foracodig scheme based on eachthatgsr oup o s

described in more detail in chapter-iV
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Offline AAS protest data

To allow for a more thorough description of AAS in Germany and their spatial and

temporal patterns, and thus answering the rekeprestions from RQetl, | collected

data on demomnations against asylwshelters in Germany, using federal police

records. In the repertoire of contentious actors in liberal democracies, demonstrations

have become one of the standard forms of pr@¢feky 1977, 2013)and one that is

usually acknowledge as a legitimate expression of policy preferences and as such

protected by constitutional lawwo types of sources repgrtotest against asylum

shelters ingeneral and demonstrations in particular: firstly, the meetiopolice

records, secondly thé Mu gegen rechte Gewalwing (courage
violence) project, a jointmagarinrepreltheleftboy t he Ge
leaning NGOs Amadeu Antonio foundation and Pro Asyl that presents data in the form

of an onlineA Chr oni k fnldd d kcthleirn k\sofrefi2 | |-refagee( Chr oni c |
incidents)collected by thetwo NGOsAnon 2019 ; agheim20&hinaand Str
study on the eterminants of violence against refugdaskle and Kénig (2018)sed

the chronicle to explore spatial and temporal variations, arguing that official police

records come only in aggregated form. This is true only to some extend: the

Bundesk i mi nal amt ( Ge r indoesypublsh data cheviolent incigents 1 ¢ e

or demonstrations in aggregated farrhowever, members of the German Lgétrty

(DI'E LI NKE) have used the parliamentary 1ins
inquiry) toformally request detailed information on denstrations and violent attacks
againstrefugee hel t ers. The governmentds answers to
the Bundestag and contain disaggregated data on each demonstration or attack as

recorded by the Germérderal police. For the purpose this thesis, | willmainly
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focus onthe analysi®f demonstrations, as they are easier and more reliably verified,
since they usuallynustbe registered with the policeurther, Jackle and Konig (2018)
suggest that thestudy by Marbach and Ropers (2018)vho gained access to
disaggregated police records, found little discrepancy betwebce records and
wat chdog or gan.iMy e quckcenparagon betwean isairces came

to the same general conclusion distribution patterns, despite differees in the
number of casesTherefore, | opted to use the official recoedsdescribed aboye
made available by the German Bundegfagndestag 2014b, 2014c, 2015e, 2015f,
2015g, 2016b, 2016d, 2016a, 2016c, 2017a, 2017b, 2017c, 2014a, 2017d, 2018c,
2018a, 2018b, 2014f, 20142014d, 2015b, 2015a, 2015c, 2015data from these
sources was converted to a -d8e with the help of the tabula softwa@ristaran
2018)and each entry was manually checked and corrected due to variations in the date
formatting. For the demonstrations, each event aigsmatically geocodedising the

Data Science Toolkit ARWarden n.d.)i.e. the freetext location of the police record
entry was transferred into latitude and longitude to allaysiematic evaluatiorn

the case of demonstrations, the results of this coding were manually validated. In the
case of criminal attacks, this step wawmitted due to the high amount of work
necessary and to the minor relevance for this study. In titatiata obtained contains
2,526 records of attacks on asylum shelbatsveen 2014 and 20,1&ach coded with

date, location, and type of offense. In ttese of demonstrations, the data obtained
contains 27@lemonstrations against asylum shelters, eadkecwith date, location,
titte/motto of the event, and a poliestimate of the number of participants. Again, |
want to iterate that the focus of thiee#is is not on explaining offline events with

online data or vice versdet aloneclaiming causality but rather onexploring a
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phenomenon in its wholeness and without the fallacy of an artificial dichotomy

bet ween oOreal &6 and Oataiwilltbe aded in compaeative f or e,
descriptions of temporal and spatial variation of online and offlotiwity to make

informed claims about their similarity and thaslditionally check whether the

selection of online groupsight or might not create spdtiamismatches with street

activity.
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Chapter IV- Analyses

While chapterd, Il, andlll have outlined both the s@tiand sociological relevance

of this thesis, its theoretical angle, and its research design, the following chapter will
present the empirical analysestliollow from this perspective on the study of our
subfield of German AntAsylum-Shelter groups. Thee investigations will be loosely
structured along the lines of the four different sets of research questions that were
introduced in chapter llLii (sealsoTablelll.1). This means we will begin with a
description of spatial antemporal activity patterns, followed by an analysis of
content, and lastlyyithe investigation of networks of interaction. Thimstgy reflects
various aspects dEhar | es Ti | | y 0 sa fieldy @hiclareatise fieftlsz at i o n
certainly include spadil distributions of population or activity, but they also include
temporal distributions and webs of interpersonal connectiqiidly 2004:214) Thus

surely, some of the choices in terms of data handiimd) analytic techniques may
reflect individual preferences, but | nonetheless belief that the empirical investigation
in the following chapter is both innovative and firmly rooted in social scientific

perspectives.

IV -1 Online and Offline Patterns in AAS Avities

Space

In this section, | will use the Facebook dataset on all 185-§wd8ps as well as the
police records on AA%ctivitiesto describe some characteristics and distributions,
and to identify commonalities and differences. Some minor additiotelveh also

be introducd to illustrate general public interest issues of refugekousing ando
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explore the temporal pattern aftention. This way, this section will seek to answer
the research questions presented assBQ, which | repeat here:

What AASgroups can be identified and what are their spatial and temporal

activity patterns? How do these patterns correspond to @rgéimterest in

asylumseekers and refugees and to records of offline-a¢iSity?

Answering these questions requiresaisanslate fre¢ext information on place

into clear, unified, and comparable spatial informatidnis is the first transformation
of raw datgperformed for my analyses atite coding scheme follows the convention
of a twocharacter location code, eithern t he f eder al l evel (ADEO
wher e a gprodamedssopeswad Germawide, or of the level of a German
Lande. g. ABYO for Bavari a, ASNoO for Saxony, e
a region, a city, or a citglistrict. Each loation is followed by a twaligit identifier to
distinguish between groups. This gives a clear, unambiguous, and anonymous code to
every group that I will use in descriptions and analyses throughout the thesis. This step
went handin-hand with an additionadoding, in which | used the textual information
on a groupbés scope to code | ongitwale and | at

derived from a groupos name. I n cases of

a)

conducted a content check of posts to derivexact. Places with a wider scope than

t he muni ci pal l evel (e. g. AnS2chsische Schw
longitude of tle geographic centroid of that region. Similarly, tieeGermanywide

groups were coded to the geographic centroid of @eynthus making them appear

close to the Hessiahhuringian border on a malb.must be noted, however, that there

is no way to determine the actual location of individual users. We mestfdine

assume that users being active in groups with a locdboed are either living in that
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area, or at least show an interest in it, as they would otherwise have no interest in being
active in that respective group. Indeed, research on SNS andhsdadve shown that
user s6 onl i n ecorespondovheit hyghlydoeaizeosontextsand that

their activities and interactions are usually a good indicator for #otiral offline
location (Cheng, Caverlee, and Lee 2010; Han, Cook, and Baldwin 2012; Wilken
2014)

The naming scheme along with the coded locations igrliesl inFigurelV .1,
showing that thesevo coding schemes allow for a consistent, unambiguous naming
pattern while at the same time revealing fgrained geographic garns.l used the R
language(R Core Team 2018jpr coding and the fpackags fi s gP@besma and
Bivand 2005)a n d i s (Badtetey, ®wbak, and Turner 2016) mapping and
analyses.

FigurelV.1 shows the administrative boundaries of the German Lander and the
exact coded positions of all 185 AAfBoups,with slightly adjusted labelt avoid
overlap. The fact that overlap cannot bevanted in some places, reveals a first
finding, namely amonrandom geographical pattern with a clustering of A@&ups in
the regions of BerlBr andenbur g (Il abel s: ABEO and
other parts of Germany, like Mecklenburg Westeomerania (NorthEast) or
RhinelandPalatine and the Saarlaf8@outhWest), we do not find any such groups.
Thus, while a majority of groups are located in the former German Democratic

Republic (111), a nenegligible minority (62) of groups are in WeSermany?2. This

22 Not counting nine groups in Berlin and three Germuaye groups.
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by and large confirms the pattern that Scheltet KunegisZ017)found in a snilar
dataset.

Figure V.1 AASgroups' positions and labels
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As Table IV .1 reminds us, thdatasets a collection of a total of more than 2.3

million activities. However, we must keep in mind, that these maydrg unequally

distributedacross the different groupBhis is visualized in

FigurelV.2, which shows the complementary cumulative distribution function

(CCDF) of posts, comments, and reactions across the 185gAAMPS.

Table V.1 Total counts of activity types BASgroups

Activities

Posts 112,878
Comments 327,442
Reactions 1,905,454
Total 2,345,774

Figure IV.2 Empirical complementary cumulaé distribution function (CCDF) of posts, comments, and
reactions across the 185 AAfoups
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This style of visualization is commonly applied when the aim exjdore and
to compare distribtions (Bessi et al. 2014)We can read the-axis as the amount of
activities of each type and theaxis as the probability of finding at least this amount
of activities on a given pagé@&he doubly logarithmic axes reveal that even though the
patterns for all three activity types are similar, the scales are different, meaning that
the number of reactions ligr outweighs that of comments and of posts. We can also
see asharp decline in probabilitipr more tharroughly 1,000 posts or comments on a
page and more thanughly10,000 reactions. The concentration of points between 10
and 1,000 posts and commerds 10 and 10,000 reactigmeeans that on most of the
pageswe will find activities within that range. However, we do find some outliers in
the heavy tail of the distribution, meaning that the actiwvityery few groups by far
outweighs the activity imany other groupslhe similar distribution patterns of the
three types of activities might be explained by a relation between the three types.
Indeed, testing for rank correlation between posts, comments, and reactions all three
combinations aresigniftnt wi t h hi gh values for Spear mano
groups that show high activitiestierms of posts, also show high activities in terms of
comments and reactionsrom a perspective of social media affordan@sssetta
2018; Halpern, Valenzuela, and Katz 2Qi¥¢ can understand posts, comments, and
reactions as the techimog i ¢ a | af fordances off &fhed by Face
fact that we see many more posts than comments and even more reactions thus can be
understood in light of the fact that both effort and commitment differ by type of

activity. In other words, posty requires certain amount of time and intellectual

23 Although typically, affordances are discussed on the level of platfommpadson(Bode and Vraga
2018; Stier et al. 201&or a discussion on Facebook, gBarrett and Kreiss 2019)
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capacity on the wusero6és side and might a
technicé side. Commenting however is reactive in nature and can rather signal the
willingness to start or engage anddate on content supplied by others. Reactions
surely require the least commitment as they are basicallyclahke activities.
Nonetheless, theyave impact on recommendation algorithms and can increase
visibility of content.In a study of Facebook audiescacross German parties, Stier
and col |l eagues srgaetionwh Batebookt naylte read as politidale o
support, while a comment malso be used to voice criticisfp017) However, both
the fact that our study looks less at political competitors but at a more homogenous
field thanthe party spectrum and the fact that we do not restrict our data to positive
Aili kedo reactions, s p eThkssa margletdilad sdcourtt of i s i n
affordances might delve deeper into these differences and their empirical
manifestations from a perspective of Huma&Domputerinteraction design, we might
discuss the differences in sensory, cognitive, and functional afford&teréson
2003) For example, the animatesmiling, frowning, or angry faces of emojis have a
different sensory affordance than a postton, with the famer clearly assisting the
user in understanding that these reactions may be used to express emotions. Of course,
functional affordance also sias by activity type, as only posts can be categorized into
events, photos, videos, etc., while comments argigesl to a (mostly textual)
response to a post.

For us however, the fact that distribution patterns of each type of activity are
remarkablysimilar suffices to aggregate them to a measure of overall group activity.

Also, at this point, we remain purefyn an aggregate level of greaptivity anddo
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not di sassemble these into the-ijwedil vi dual

discuss the question of membership and individual contributions in more detail.
Whether the differences between grodpkow a geographic pattern can be
examined inFigurelV.3. Analogous td=igurelV.1, all grops are represented by a
green dot on a map, albeit with two differences: Firstly, to make the figure less
cluttered, labels and borders within Germany are left out. Secondly, thef €aeh
datapoint corresponds to tHese 1Qogarithmof a grougs to@l activity, as using a
linear scale is not feasible due to the enormous difference in aclilitymeans that
small differences in size must be interpreted as big differencesup gubivity.
From a visual inspection, we can conclude that some ohitfteest activity
groups are located in Saxony, BerBnandenburg, and BadaiNuerttemberg, while
less activity is found in the West, the North, and the Southeast (Bavaria). In gddition
one of the highest levels of activity can be found in the Germadg group in the
center of the map. Thus, the key finding of this exercise is that the geographic pattern
of group concentration in the East and Selbst of Germany is further amplifidxy
a concentration of activity within these groups. Later analyses ebtivonked
interactions will have to discuss whether these findings resonate in the importance or

centrality of these groups within networks of collective action processes.
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Figure IV.3 Regional scope (positio@nd observed activity (size) of A&Scebookgroups (N=185) in Germany
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In a next stepl examined whether the identified patterns of spatial distribution
correspond to the distribdoh of street activityFigurelV .4 shows eachttack against

an asylursshelter in Germany from 2014 to 2017. The @ascollected from federal
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police records, as discussed in chapiieof this dissertation. In total, we s@¢526
attacks visualized on a map of Germany. Each attack is represerdesinge point

of light color, meaning that multiple attacks in the same place will lead to a more
saturated dot. Attacks, as collected in thedasetmay range from showing a kia

salute, shouting racist insults, to damage of property, arson, ortexepied murder.

All of them, however, are punishable crimes by German law, meaning unlike
demonstrations, they constitute illegal (protest) activitgclude this figure to show
that(a) while there are concentrations of attacks in places where weaal§od AAS

groups, we can (b) nonetheless find many attacks in places withougABs. Thus,

the distribution of attackdoesnot seem tastronglycorrespond to the distributicof
AAS-groups To clarify these patterns and facilitate the visual imgdion, we can

use spatial density plots of the point patterns, which can be found in the Appendix
(Figure Al) . Il n addition, p e r ffunationiDixgn 2044) t e s t of
illustrates that crimes are slightly more clustered than expected by chance (see
Appendix Figure A.2).Deeper angses would have to takether factors like
population densitynto account, as well as account for the fact, that attacks on asylum
shdters can only happen in the actual presence of such a shettéhis, however, no

comprehensive data exist.
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Figure V.4 Location d attacks (n=2,526) against asylushelters 20142017

In addition, we mast note that these attacks by definition may include political
violence, which is linked to, but yet very distinct from more civil forms of collective

action and protesPolitical violence must thus be differentiated from other forms of
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protest(della Porta 1995; Tilly 2003Pella Porta2008)hassummed up the different
persgectives that social movement scholarship has taken on the question of violence,
including an organizational perspective that argues for different organizational
properties and logicof clandestine and violent groups “&sis more civic
organizations. Thay when showing demonstrations alongside attacks, we may both
conceptually and empirically look at two very distinct phenomena. The discussion and
visualization of attacks in this apter thus rather serves to illustrate the sad fact that
the phenomenon @s exist in Germanyet we can by no means conflate them with
demonstration events. A perspective rooted in a genuine interest in political violence
including an elaborate discussion attacks and their determinants can be found in
Jackle and Konig (2018J-or this thesigt suffices to identify nestronglycoinciding
pattern between attacks and the presen@&-groups in a region.

This isdifferent in the case of demonstratspthat are visualized FigurelV .5.
In this figure, we see multiplsources of data combined. First, the already familiar
pattern of spatial distribution of AA§roupsis no longer visualized as points, but as
the shading of each of the 403 German districts (N@TSr egi ons, i n Ger man
or fAkrei sfr éene legend refledts, the shadingAvariest by the number of

AAS-groups that fall within each district.
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FigurelV.5 Number of AAgroups (N=185) per district (shading) and demonstrations (N=276) by number of
participants (circles).

@,
@)
O
O
@ O O
© 2
= 2
O - :

Thus, we find the same data a&igurelV .1 andFigurelV .3, simply in different
graphical form. The new information comes in the shape of purple circles, each
representing one of the7® demonstrations against asylum shelters that were held in

Germany between 2014 and 2017, as described in chigieof this thesis. The size
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of each circle is proportional tthe number of participants in that demonstration, as
estimated by the pae. Where no estimate was available, the average number of
participants of all other demonstrations was used. The fact that we can identify
intersectingeircles or circles within one atiger shows that in many cases, multiple
demonstrations were held inetlsame place during the observed period. Overall, the
figure reveals a clear geographic similarity in the distribution of demonstrations and
of online AASgroups over GermanyJsing Ripk y 6 -function test(Dixon 2014)

with 49 simulations of complete spatial randomness, we can see that both
demonstrations and AA§roups are clearlgnd significantlynore clustered than in a
spatialy random distributior? Instead, theyare more likely to be found, wreethere

is also an AASgroup presentwhich isalso visible in the spatial density plot in
Appendix Figure A.1To add to this visual inspection, | created a 408»@rix that
recodedthe presence [1] or absence [0](af an AASgroup, of(b) a demonstréon
event,andof (c) a demonstration event drawn from a spatially random distribution of
276 event® for each of the 403 NUTS regionsWhile there are more sophisticated
methods aailable to analyze spatial data and account for theimdgpendence of
observations, | believe thdbr our case, imple tests suffice to state whether an
association between the observed presence of events and the observed presence of
AAS-groups existsWhile | ran a series of correlation and regression tbsisall
hintedat the same associatign$elieve it suffices taoncludethat the presence of an
AASgroup i s associated with the26)welesence of

this isless so when testing this association for spatially random evert®8Yyorfor

24 SeeAppendix,Figure A2, for a visualization oftte testesults.
®Created wi t hfurcthhrefrom thei s paskatgPebesma and Bivand 2005).
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attacks ¥=.13). This supports the visual impression giveRigurelV.5 andFigure
A.1 andis in line withthe findings ofVasi and Suhwho argue that both online and
offineact vi t y s pr presgnceforenengizadlactivisis ( 2016: 150) .
Additionally, we can find tha61 per centof the demonstrationse obseved
were held in districts that also feature an A&®up. In the case of a random
distribution of demonstrationsthis is true for only 29per cent Thus, most
demonstrations were held in the vicinity of an Ag®up Of those 39 per cent that
fell outside of NUTSS3 regions with AASgroups, most seem to have at least one AAS
group in neighboring districts, as Figuxe5 suggests. Those that do not have a nearby
group mostly liein Mecklenburg WesterRPomerania (Nortfcast) and the Saarland
(SouthWest).Equally, the reverse is trueeaning we can only finikw places where
an AASgroupcan be identified without a denstration being held nearby at some
point in the observation period.
We may speculate on directionality or even causality here, but faaltee of
this thesis, it suffices taconclude that online AA$roups and offline AAS
demonstrations are the proverbial birds of a feather. Thus, regardless of direction, there
is a clear coincidence between the two. In turn, this means that in termstdyicg
a population of AASgroups,it is unlikely that a major group is missing and the

assumption to have Acapturedo the phenom

Time

After having identified clear spatial patterns in AAS activities, | will spend the
next pages on a similar discussi@garding the second analytic dimension of this
chapter: time.To continue with potie records, | visualized both attacks (top) on

asylumshelters as well as demonstrations (bottom) agtiest inFigurelV .6.

97



Analyses

Figure IV.6 Quarterly aggregation of attacks (N=2526, top) and demonstrations (N=276, bottom) against
asylumshelters in Germany
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Data are aggregated gqoiarters of each year for a simpleruabzation. First, we see

a clear commonality in both the peak and the decline of attacks and demonstrations.
Although on different scales, each rise in the fall of 2015 and peak in the winter from
2015 to 2016. Thiss well in line with the height of whatas generally dubbed the
AEur opeaar ir.eflesngelei ght of a humanitari an
in Hungary, the German government decided to take action in September 2015,
organizing save passage tor@any for those in need and neglectgdhe rightwing

Hungarian governmeiiBlume et al. 2016)Theflong summer of migratiamhad thus

arrived inGer many and Chancell or Mer kel s ear

schaffen daso) of @paioydhat tcdilexl ot fori Soliolarnty and

integrationinstead of isolation and demarcation. It is important to note that despite my
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rather grim foce on protest against asyleseekers, the events of 2015 also saw a
wave of solidarity sweep through German society and a (although-lisieolt
AWi |l |l kommengRMelltcomi ng culture) could be
back to the opposite sideigurelV .6 also tells us an important difference: While the
records on attacks start from a relative low, demonstrations seem to have been a
common sight in German streeteawefore their peak in 2015/2016. Thuhjle this
type of civic engagementvas clearly amplified, it seems that already some
organization was in place before, able to mobilize against assthafters even in the
absence foa major puskactor such as thgeneral public debate on migration.

This becomes even clearer by a lookigurelV .7, which shows the popularity
of the German wor d f orinthé goedlesanreheengif@m . e. Al
2014 to 2017/normalized on a scale from 0 to 1@®ogk n.d.) Previous reseehn on
public attention and contentious topics has shown that search interest, as measured by
these data, is a valid indicator of general public attention to a {(®®aonett,
Segerberg, and Yang 2018he green line shows that before the second half of 2014,
public interesin refugeess virtually zero and remainsomparativelylow beforea
drastic peak in the fall of 2015. After that, interest starts to fall again, with a short

relative peak in early 2@l right after theevent s surrounding th

celebrations in Cologr&

%l'n the area around Cathedrg, greupsof youmgemflorm|! st ati on anc
predominantly Northern Africa and the Middle East sexually d&shyaing women during the
public New Yeardés celebration. More than 1,000 cr

perpetrators, many of whom weregistered as asyluseekergAnon n.d.)

99



Analyses

Figure V.7 Popularity of the term'"refugee” (greenlin@ nd fAweat her 0 ( gondGypoglbeaerk gr ound | i ne

time

100

Popularity
=

25

Week

Despite ggradual decline in the course of 2016, the search term remains at a low

but stable level of popularity. The light gray line in the backgtcbvisualizes the same

measure of popularity for the German word fAW

typicd | evel of variation (in this case,
google. Against this background, it becomes even mpparent, how suddenly and
massively, a previously almost nonexistent public interest in the topic of refugees and
asylumseekers was generated and hkey events resonate in the behavior of
informationseekers online.

These key events also leave clearkaan the activities of AASroups, as
FigurelV .8 illustrates. Shown here is the weekly total count of all activities between
September 2012 (the earliest activity recorded) and April 2017 (the end of data

collection). The two hidnest peaks correspond exactly to the timing of the already
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mentioned evenis Cologne (31.12.2015/1.1.201f& st vertical ling and the terrorist

attack on a Christmas Market in Berlin (19.12.208e&ond vertical line?’.

Figure IV.8 Weekly total activities of AAGoups
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Despte the similarities, some important differences to the data on public attention can

be identified. First, we can already see peaks of activity in late 2013 and even more so
during he year 2014. While activity rises in the fall of 2015, this incline tsaso

drastic as in the general public interest, meaning that to people active in the AAS
community, the height of the sva | | e d -cirriesfiusgbeedoes not dem
enormous ¥ogenous shock. Thus, within these groups, people must have been already

well aware of the issue and unlike public interest, their activities were not sparked by

the events of 2015, but were already well underway. In this regard, the activity pattern

27 Tunisian Islamic State (IS) terrorist Anis Amiri killed twelve people and wounded 55 in a terrorist
attack at Breitscheidplatz oentral Berlin. Earlier, Amiri had (unsuccessfully) applied for asylum in
Germany. Four days aftére attak, he was shot by the Italian police in Sesto San Giovanni.
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of AAS-groups shows commonalities with the data on demonstrations against-asylu
shelters, as seenkilgurelV .6. Due to a lack of data in police records, we cannot make
claims about the period before 2014, but it becomes wtaathetss that bah AAS-
activity and demonstrations were already happening throughout the yeaimh0§4
both did not need public interest as an initial conditicalthough it may well have
served as an amplifieAlso, unlike general public intere®AS-groups é acti vity do
not die down as fast but remains at higher than th@@1é level throughout the period

of data collection. This is also in contrast to both forms of offline activity, shown in
FigurelV.6. We may thus reasonab$peculate that whatever the exact nature of the
relation between online and offline AA&tivity in its initial and its peak phases, the
pattern cledy divergesin the course of 2016.

However, the view on temporal patterns of AA&ivity so far has agegated
activity over all 185 groups, ignoring different dynamics across these groups.
However, as-igurelV .3 has shown, groups vary in their degree of activityat these
differences must not be ignored, illustrated inthe hatmap inFigure IV.9. The
visualization is based on a matrix with the dimensions 55x185, with each cell
containing the count of activities for each of the 185 groups in each of the 55 months
of observation. The gradient coloringlegts the logvalue of thatount, ranging from

no activity in white to a dark red for the highest activity by any group in a month.
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Figure IV.9 Heatmap of monthly activity by group
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The order of groups frortop to bottom reflects the aggregated activity of each group

over the entire period and shows that the top groups in terms of total activity are not

103



Analyses

necessarily the ones wimave the highest monthly values, but who have been active
for prolonged periodsfaime. The heatmap reveals that Af8ups can be very
heterogeneous in their activitpn the one hand, the count of monthly activity varies
greatly, making a logcaling appropriate. On the other hand, different temporal
dynamicsnay be observe#Ve canidentify groups that have been active early on and
keep being so throughout the period of data collection, but we can also identify groups
that are active only occasionally and groups, whose activity stops suddenly or peters
out ower time. The reasons ftiris may be manifold: In some cases, activity might not
have picked up the desired dynamics, Facebook might have deleted a page due to rule
violationg’®, the original grievance (i.e. shelter) might have turned out not to be built
in the first place, or pgte might have simply lost interest. In other cases, we observe
opposite: instead of dying down, activity increases in the later periods, well after the
general peak of activity in late 20%5This may speak for a certain polatiza within

this episode focontention(McAdam, Tarrow, and Tilly 2004)n which some groups

or individuals opt out of contentious activity, possibly feeling represented by the
parliamentary focce of the newly emergingfD, while others become even more
active in the remaining groups. It may also mean that we observe a process of
monopolization or centralization evolving among A&&®ups, in which more and
more activity is coordinated within ongroup, rather than acroggoups. These

assumptionsnthe base of activity patterns remains speculative at this point, inviting

28 However, this is not the most likely case, as Facebook at the time had not beettiveriy a

policing the platform. Also, many dfie observedroups have been very active in spreadiatg

without being deleted.

22Figure A3 in the Appendix showthe ime and the value &f a ¢ h  gpeas of madnthly activity,

as well as their average daily activity. This reveals that indeed some of the highly active groups are
late-peakers.
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deeper analyses of content and networked interaction among the groups, to solve these
puzzlesWhen reading this figure in cpmction with FigurelV .8, it becomes clear

that the different peaks and dynamics in the latter figure are driven by different
mechanisms. While the rise and peak of total activity during 2014 and 2015 seem to
reflect a widening of the field of AASroups, vith many new groups beg initiated,

the peaks and constantly high activity throughout 2016 and 2017 seem to reflect a
narrowing of the field, with activity more or less centralizech small number of

groups.

ChapterSummary

This (sub)chapter aimed atdascriptive analysisfdemporal and spatial patterns of
online and offline AAS activities. | have introduced some of the properties of my main
dataset on Faceboakoups, as well as some supplementary data from police records
and to a smaller extend, dm google searchtrends These served to answer the
research questions from Rt | that asked for distributions of and correspondence
across these dasaurceslIn terms ofspace it could be shown that there are clear and
nontrandom foci of AASactivity, that correspondtrorgly to the foci of AAS
demonstrations, but neb stronglyto attacks on asylusshelters. In terms dfmeit

could be shown that there are clear patterns of-@éi&ity, in terms of a similar peak

of activities in online and legas well as illegal offhe AAS-activity, and in the
general interest in the issue of refugees. However, differences emerge through a closer
look at the period before and after the height of the sol | e d -cirri esfi usgoe e
Demonstrations and online activiyere already under wairoughout 2014 and the

latter continud on a high level long after the general public interest in these issues

faded.A look at the temporal distribution of activity across groups also revealed that
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overall activity may be drivemytdifferent mechanism#&aying out some of the puzae

to be solved in the more-ttepth analyses that followherefore, we will move on to

an analysis of the content that is produced through the writing of posts and comments
within AAS-groups. We will thusdisassemble (some)dhe activities we havso far

treated as an aggregate into differéspical discussions. This servest only to
understand better what these activities actually mean, but also how these topics change
in the course of time and light of external evest The following chapter will present

the data, methodology and results of this exercise.
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IV-ii Content Analysis

The purpose of this chapter is twofold. On the one hand, a substantial interest stems
from the exploratory approach aimetlaWe b er i ane hifewmer, meani ng
substantial knowledge to the case under investigation. This aids our understanding of
the naure of German AASroups and their issues, claims, problem definitiamsl
seltascriptions. On the other hand, the ss&l of content is instrumental to the
following chapter on netwosk meaning that the commonalities of groups in terms of
their framng of a collective identity will serve as an indicator of the mechanism of
boundary work, used to operationalize Medesof Coordinationframework.In the
design of this thesighis sectioncorresponds tohe research questions presented as
RQ-setll, which | repeat here:
What are the topics that members of Afk8ups discuss and how are these
topics discussed? Cancolte¢ ve i dentities of O6usod6 al
these debates and how are these collectives portrayed? Can temporal patterns
of topic prevalence be identified that correspond to those identified in the
overall activity of AASroups? Are some AAPoups closer in terms of a
homogeneity of topics than others?
| will seek to answer most of these questions within this chapter,thétmotable
exception of the last question. The answer to this question will be based on the results
of the content analysisey will be analyzed as one type of tie in a network of AAS
groups and thus find its answer in the chapter on networkigladds ¢ Coordination
Since | decided to group research question by-siatiaces, | nonethele¢gep this

guestion within R@set II.
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Data

The data used to answer these questions are the textual contents produced by users in
their engagemenwith AAS-groups, meang the actual messages people wrote in
posts or comment3ablelV.2 sums up some of the basic propesiof the textual data

at hand. I n t heor ydatastuaureycangantain a message,dut e b oo k 6 s
in practice, not all do. Posts are of different types, the most common of which are
status, link, photo, and video. For many types of postspibssible, but not necessary

to include a brief accompanying message. in cases where photasdarzideos are

meant to speak for themselves. As we read in the table, however, 390,13peor 89
centof the 440,320 posts and comments do contain a messdgeeactions, the third

type of activity, nevedo). In total, Icounted more than 9.7 million words, with the
average words per message being 25. The median however is 13, meaning that half

the message texts in the data are shorter than this.

TablelV.2 Textualdata description

Textual Data

Posts + Comments 440,320
- Containing Messages as Total 390,130
- Containing Messages as Fraction .89

Total number of words 9,738,801
Average wordper message 25
Median words per message 13

This overview illustrates a number of things: Firstly, we can identify a tendency
towards short texts, which does not come as much of a surprise, given that the logic of
Facebooks follows a structure of ongl input (posts) and users sharing theftegn

shot) thoughts on this input (comments). Secondly, we can see finarrajority of

posts, we can find written messages. This istn@ral, as the analytic approach taken
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in this chapter, focuses solebn text, ignoring the audiovisual possibilities bgt
medium. The reason for this is the complexity of an integrated appobacialyzing

text, photo, video, and audand the limited methodological tools of doing so. Given

the constraints of a disseita, | opted to focus solely on text. Thereforejsit
important to know that text is central, as even in the given multimedia environment,
many audiovisual pieces of content are accompanied by a written contextualization.
Thirdly, the overview shows thaihe amount of textual information leaves but two
metodological choices: sampling the data fodr@anuad approach or relying on
automated approaches to content analysis. | chose the latter path and decided to use

technques of topic modelling to work i the given data.

Method

Topic models area set of gantitative tools to uncover the latent thematic
structure of large corpora of textslore specifically, probabilistic topic modeling
algorithms aref st at i st i cal met hods t lginattexsmmal yz e
discover the themes that run throudjern, how those themes are connected to each
ot her, and how t (Bei\2012) it mgseconomore forrafttopiane 0
models uses latent Dirichlet allocation (LRAvhich isii a  t-lével éierarchical
Bayesian model, in which each item of a collection is modeled as a finite mixture over
an under | yi ndBleis B¢, and Jordan @@038)rc athier word, each
document, i.e. observed piece of text like the message of a pasirament, contains
a number of ters i.e. the single words that make up #gpgcificdocument and that
may be sharedith otherdocuments. Thiatenttopics are distributed ovéneseterms
and identifying and interpreting these topics means uncovering the more or less hidden

structure ofthe corpus, i.e. collection of documeriGrimmer and Stewart 2013)

109



Analyses

Thus, statistically a topic is nothing but a probability distribution over each word of
the corpus and a document is nothing but a probability distribution top&s.
Therefore, the aim of LDA is to estimdtestwo matricesd with the dimensions df

topics and V words andiwith the dimensions of K topics and D docume¥ihat we

want to know are thus the probabilities for each term to appear in a topforagath

topic to appear in a docume(iBlei et al. 2003; Maier et al. 2018Before the
estimation of these matricdBayesian statistics assumes a prior Dirichlet distribution
of probabilities Starting from randomly assignetbcumenitopic andtermtopic
probabilities, LDA therfi a i ms xirize jointdikelihood of the model byrisively
adapting values of the wotdo pi ¢ di stribution-topi@atr i X
di stri but {(Maier etiada2018:i9&)Thu$,dhe outcome of a topic modeling
process with LDA are basically two matrices, one informing the researcher about key
terms that make a pic interpretable and another that informs about how topics co
occur in documents. That being said, it is obvithag topic models are smlledbag

of wordsapproaches meaning they do not discriminate between types oflikeriis
instance Quantitativarrative Analysis wouldFranzosi 2010anddo not care about

the positions of words within a sententike N-Gram Analysis would(Cavnar and
Trenkle 1994)While | do not find it useful to dig deeper in tleehnical and statistical
aspects underlying LDA here, it is worth mentioning that no common substantial or
theordical definition of the concept dbpic exists(Maier et al. 2018)As mentioned,
statistically topics i distributions, yet an application of this technique in the social
sciences and a substantial interpretation of its results require asstandérg of what
topics actually mean in a given context. As a relatively new and still develgqmuog

of methods from the fields of machine learning and automated text classification, this
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shared meaning and theoretical reasoning in the social scienc#l lacking.
According to Gri mmer, who studied tU. S. <
Apol itically (Gsihnmner 2003t627)assumming that £amcepts like
healthcare or war will be talked about using different ter@simmer and Stewart

2013) In an aplication of topic modeling to scientific journal&tnther and
Domabhidistress that topics remain vaguely defined in scientific debate andaoffer
tentative definition of topics asigener al t hemes t hat aut
(2017:3057)Geeseapplied topic models to study political speeches on immigration,
suggesting that topics in this context represeniitheat ent | sseaechesoent |
(2019)that may shift over timeStier et al. (2017), who used topic models to study
Facebok activities of German parties and populist actors, argued that similarity in

terms of topic distribution can be seen as debating the same, ishoasng hat

discussing similar things in similar terms reflects the ideological and political
proximity of (collective) actorsThus, | follow this general understanding of topics
representing substantive issues of interest to actors, in turn meanidghihtibgthe

same topics not only reflects but also fosters a common identity. To allow topic
probability b vary over time and across actor groups, a modificatitimedbasid_ DA

topic model is required. For this purposapic models have been developed that ar
dynamic(Blei and Lafferty 2006)correlatedBlei and Lafferty 2007)hierarchical

(Teh et al. 2006)or factor in the order of words in a sente(\&llach 2006) For the

purpose of this thesis, in which | want to include dwvbod and thedvherd of each

message, | will rely on thepproach of Structural Topic Models (ST{Roberts et al.

2013; Roberts, Stewart, and Tingley 2QM8hichiiaccommodat es cCcOfr pu ¢

through documenievel covariates affecting topical prevalence and/or topical
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c 0 nt (Roberts et al. 2013:1n other words, metadata such as time or authorship,
political leaning, et can ke added on the documdewel and are allowed to explain
topic prevalenceand topic content. Thus, STM move topic models beyond mere
classification and exploration towards social scientific applications that call for
inference.As my research questions afsk temporalpatterns in thelebateswithin
AAS-groups and for similarities between groups in terms deltebatesSTM is an
ideal methodological choice for my type of data and research quéStiansther
practical advantge of STM is that they come with an implementation in the R
statistical language andnaimber of accompanying packages to aglialization and

interpretation.

Preprocessing

Thus, the data that | used to input to the topic model include the meéssbage
both posts and comments. These texts were not fed into the model in their raw form,
ascommunication via SNS tends to be informal, thus containing undesirable noise that
requires careful cleaning and preprocessing before data can be used inatiomgdut
analysegLucas et al. 2015; Maier et al. 2018; Reber 2018; Welbers, Van Atteveldt,
and Benoit 2017)For example, some users may decide to write in capitalized letters,
while others use only lowarase. Fpoa casesensitive algorithm, an otherwise identical
message written in either uppear lowercase would consist of entirely different

terms. Further, topic models caomly about the terms nested in documents

30 Note that STM differ from LDA also in their deterministic nature and-resmlom initialization
procedure. This produces slightly different but more reliable results even in the exploratorytipart of
topic model. As these details are Higtechical, theabove introduction to topic models has focused
mainly on LDA as the most used implementation to illustrate the general purpose -@adesef this
family of techniques.
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punctuation, symbols, and graphical chaesctikesmileys that are frequently used in
informal digital communication, are of no use to the model. Therefising the R
environmeniR Core Team 2018}he following steps of cleaning and preprocessing
were applied to the original message sekirstly, the texts from each post and the
associated comments were collapsed into one string. The rationale behind this step is
to avoid problems associated with shorter texts in topic modeling by assuming that
comments to a post are very likely to reflectuggin i ons on t he post 6s
groupo6s di s c u slTkisascounts for the Faet that commmants and posts
form one thread of conversation around an issue. From a qualitative observation of the
produced content, comments were usually usezkpress approval of a post, rather

than express dissent or provoke controversial debates. There are several advantages to
grouping posts and comments into one document. Firstly, comments do not stand
alone, but are put into exactly the context where these meant to be, thus making
each document watutbhhoomthenpseaeficwhi ch i s
multiple opinions. Secondly, reducing the number of documents greatly reduces
computational efforts, as the dimensions of the docuteemtmetrix are vastly
reduced Secondlyall characters in the corpus were converted to lmase. On the

one hand, this introduces a certain amount of ambiguity, especially in the German
language. On the other hand, one of the benefits of this standard peotesas et

al. 2015; Maier et al. 20183 that especially in cases wikry irregular spelling and

use of capitalization like messages on SNS, unification to locase will help stop

word removaland lemmatizationThe look-up dictionaries used in these steps will

have correct capitalizations only and would thus fail todeterds thaarewrongly

and irregularly capitalizedF o r exampl e, a comment i ke
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Asyl anten in UNBERERN Gt agdgeéd®el@asywilm t owno
cause problems, as all but two words in it are wrongly capitalized. Therkfoes;

case conversion is recommended as adiegiof preprocessing by Maier et al. (2018),

who have systematically reviewed different accounts of topic modeling in scientific
publications. Thirdly, hyperlinks were removed from the text, using a regular
expression! that detects all http or ftp linksFourthly, symbols and graphical
characters like emojis, all punctuation, and all numbers were removed using regular
expression®, as they do not constitute terms in the sense of topic mé&afidy, stop

words were removed, using a comprehensive archive of 621 German (iads

2016)and addinganother 26 custom wortfs thatwere not includedn the archive.

All stop words were also ceerted to lower case to match the cordnsautomated

text analyses, stop words are considered terms that are frequent in a language, yet
contain little substantial meaning, as theyrasesgecific to the content the researcher

wants to analyzéMaier et al. 2018; Reber 2018; Welbers et al. 20tV English,
typical stop words would be fitheo, Afando,
and thus add nexclusivemeaning to a documenris topic models use a document
termmatrix, it is also desirable in terms of computational resources to keep the
dimensions of this matrix small by excluding stop words prior to any computation.
Nonetheless, alsucas et al. Z015 argue, the choice of stop words is a substantive

decision and researchers should check, whether arof-dl-box stop word list does

contain seemingly insignificant terms that might carry a specific meaning in a given

SPat t tht(tp)(sTHC/N(HLICP

ZPpatternph: fM[P{:plemoat A[[:digit:]]o

BAdasso, Amal o, Aschonod, dAwaro, fibeziehungswei seo,
Afgeradeodo, nNnerstodo, Amachto, Aeigentlicho Awar umo,
Adasso, 0 wegrlddj cifimeohhrl @,
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research contexSixthly, words containing less than four characters were removed.

The reasoning behind this is the same as in stop word removal, meaning to keep the
documentterm-matrix small by assuming that short words are unspecific of a
documends conteniReber 2018)These may be exclamatiolilee fi o lordi a hoa 0
abbreviat i®insGer manimEéd for Ain my opini
to appear on a list of stop word®eventhlyany whitespaces, leading, trailing, or in
between terms was removed, as it obviously contains no informdgighthly,

mesages thatow contained lesthan five words were removed. Short documents are
assumed to contain little information and variation, and matrices with the number of
documerd as one dimension will thus be smaller and hence reduce computation time.
Further,short texts are problematior topic models as tliredocumentterm-matrix is

hence very sparse, and little-oocurrence is possible if a text contains too few words

(Yan et al. 2013; Zhao et al. 201Ninthly, one of the most problematic steps in
preprocessing was performed, namely the lemmatization of eanhlh written text,

declersion and conjugation cause many words of the same root to appear in different
variations, yet all referring to the same phenomenon. For example, a German user
could speak of refugeaeads aFsl gichhRl gbehot | Nng g ,
depending omgrammatical context. For topic analysis, howewteis only important

that she writesabout theissueof refugees Researchers generally useeasf two
techniques foterm unification stemming, and lemmatizatiomhe simpler approach

is stemming, whick onverts the inflectedWdbarsem of a

al. 2017) As Lucas et al. write:

34The earlier step of punctuation removal can either be done by removing for example a full stop
completely or replacing it with a blank. The Gerr
or Ainin Both Aases, this pigrocessig stepwill remove it.
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ASt emmi ng i $anguageettiauchangesitheamdf the word in order

to convey a tense omumber[ é.]Since tense and number are generally not

indicative of the topic of the text, combining these tecars be useful for

reducing the di mensi268). of the inputo (201F¢
However, stemming will strip each suffix that contains the inflexion or derivation,
meaning it will often leave nekexical entries or even create the same stem from two
similar, yet diferent words.In addition, stemming becomes more complex in
languagedike German, that are morphologically more complex than English. The
plural form might change the stem (e.g. singl
letters might in one word bgart of the stem, while these letters are part of the suffix
in others (Caumanns 1999)Therefore, especially in the German case, many
researchers prefer lemmatizatimstemming, albeit its greater complexity, as it does
require a lexicon instead of an algorithnmstead of a choppeaff and hard to interpret
stem, lemmatization thus ceerts every inflexion to itkexical form, @ lemma | used
the Rpackage textsterfRinker 2018)in combination with acomprehensive list of
358,476Germantokenlemma pair§ MPDc h u r ® le@rafiz8 dhe corpuFhis
dictionary was also converted to lower case befargriatizing the corpusiowever,
it must be said thato automated approach is perfect and minor inaccuraciesomust
accepted when opting for such an approach. For example, humans will usually deduce
from context whether thet®Ger mammaomd i mlkismk e n
used in context of politicdééaning or whet her it i s already a | ¢
betraydo in Ger man. I n the context of this st
of being able to process large quantities of text aitlautomated approach outweigh

these minor deficienciesTenthly relative pruning was applied. This technique
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removes both words that are very frequent across documents, i.e. appear in more than
99 per cent of all documents, arevery specific to one dmment, i.e. appear in less
than 0.5 per cent of all documents. As the logic of topic models is based on the co
occurrence of words across documents, neither too frequent nor too infrequent words
are useful to detect to@@nd thus add little informatioto the mode(Maier et al.
2018 Reber 2018)Thefinal corpus used for topic modelirtgus contains 5397
documentswith 1,537 unique terms appearing 1,332,205 timeshe gosts and
commentdrom 181 AAS-groups®. Each document contains the preprocessed text, a
variable containing the AA§ r o u p 0 the timestarap in the form of the elapsed
days since the first observation (rangelj®0]), and a permanent ID that caslh
trace a processed document back ta#wedataWith these metadata includdd;an
thus firstly explore the topics that emerge in discussion of-géfbips and secondly
test, whether some topics are more prevalent among some gnodpsng certain
times

However, one key concern in topiodels is determining the adequate number
of topics,k. It needs to be said, that there is
as Maier et al. pointouit here is no statisti chid stan
selection; thus, this remains one bétmost complicated tasks in the application of
LDA t opi c (2008:97eWhilem bigh number of k might be advantageous in
terms of model fit, it might be difficult to interpret as the topics might be veryifsp
A number too low however might ptace topics that are too broad and collapse

different issues into the same category. Empirical measoiraisl the selection of k

35 After application of the various preprocessing stéms; groups were left without a document, as
not enough content was produced by them.
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are being developed, and some of them are implemented in tpaskaggRobets

et al. 2016) like held out likelihood, residual analysis, semantic coherence and
exclusivity. Despite these measures, researchers widely agree that the selédson

first and foremost a substantial @¢&on to be taken by the researcher basedhe
gualitative interpretation of resul{&rimmer and Stewrt 2013; Lucas et al. 2015;
Maier et al.2018) In other words, the correct number of k is different in every case
and depends on the expectation a researcher has towarddata and the
interpretability of the results. The standard practice in topidatiiag is thus to run
different modelsfor a range of k and choose the resulting model that is most
informative to the researcher. For example, in a study of Islamic fatwas, Lucas et al.
(2015) ran models with 5, 10, and 15 topiwhile Geese (2019) fodrnl3 topics to be

a good fit to study piamentary speeches on immigration in Germany, whiler et

al. (2017)ran models with both 50 and 100 topics to classify the Facebook activities
of German parties and righting populistsin my case, that is already very narraw i

the sense that all groups explicitly focus on the issue of-Aé&ity, it makes more
sense to explore topical ranges similar to the first two studies mentioned. Therefore, |
ran nineteen models ranging from tveottventy topicsThe resultdor the emyrical
selection criteriadescribed abovare shown inFigure A.4 of the appendixBoth
empirically and substantially, k=13 topics proved to be a goodGien the
charateristics of the cqus discussed above, | believe this is a sensible and robust
choice, based on my own evaluation of the alternative models. Many of the themes we
will discuss in the next section also appeared in models with fewer or more topics. In
gereral, when opting foa higher kvalue, topics tend to become more localized,

meaning we are likely to find more topics that deal with specific regional topics, and
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are likely dominated by few groups. A smaller number of topics generally led to more
conflation and less granuidy, making interpretation less cleaut. Therefore,he
following discussion is thus based on the result of a structural topic model with 13
topics, andwvith the documentevel metavariables of AA§roupandday allowed to

explain bpic prevalence.

Reslts |
| will report results in twesteps: Firstly, as an exploration of the topics identified with
the words (and in some cases examples of documents) that describe each topic best,
along with the overall distribution of topics oveettorpus. This willasrve to illustrate
what issues are debated among AgtBups and which of them am@oredominant or
moremarginal. Secondliythe temporal variation of topic prevalence will be explored
and contextualized with the already known variation in AsBvities aml external
events debated in a prior chapter

Figure IV.10 gives a first overview of the modsl results. It shows the
proportionality ofeachtopic in the corpusn the xaxis, along with the highest overall
probability wordsandthe topic numbefor each topic (i.e. the results of the tetopic

matrix b).
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Figure V.10 Topic proportionstopic numbeand highest probability words per togit the corpus
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We can see that in generagloportions are almost equally distributed across topics.
As we have 13 topics and proportions add up to 1, an entirely equal distribution would
mean about 0.076 for each topic. Except for the topics 4 and 9, that arge over
regectively underrepresent@dthe corpus, the values for most topics range between
.07 and .09This means that we can already identify at least one topic that is more
prevalent than others, yet not by a large mardiable IV.3 aids a deeper
understandingfahe topicsby printing out nothe highest probability words for each
topic, butinstead the twelve words witthighestFREX-score(Airoldi and Bisclof

2016) thati & hife wei ght ed har monic mean otf the word
and f r e(gobestsat §.®2016:12n other words, while some terms might be
very frequent and thus have a high probability of appearing in many topics, the FREX

metric alows to understand topics in the terms that are both frequelgxclusive to
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a topic. Thus, they are neither too broad nor too specific, enabling adoetigarison

of topics than the probability score without being too narrow.

TablelV.3 Toptwelve FREX words in each topic

Topic Number and Label

Top-Twelve FREX words

#1 Islamic (terrorist) threat

#2 collective protest

#3 ecmomic costs

#4 sexual violence

#5 insulting refugees

#6 local participation

#7 debating culture

#8 insulting politicians

#9 language & integration

#10disadvantaged Germans

#11ligenpresse [lying press]

#12 remigration

#13asylum shelters

europa, islam, muslim, tirkei, islamisch, terrorist, europaisch
terror, frankreich, muslimisch, ungarnpsiem

demo, pegida, friedlich, dresden, teil, veranstaltung, freital,
demonstration, protest, antifa, aktion, video

prozent, million, illegal, behérde, asyl, fordern, euro, fliichtling
steigen, milliarde, antgp bundesregierung

jahrig, tater, verletzen, sexuell, polizist, Ubergreifen, madcher
polizei, opfern, beamte, kdln, mann

raus, packen, dreck, dreckspack, schwein, sofort, sowas, gesii
abschieben, benehmdmast, fressen

birgern, politisch, antwort, interesse, thema, burger, frage,
weiterhin, demokratie, entscheidung, songitsache

nazi, leute, schon, denken, lesen, gerne, sage, bdse, genau,
leider,naja

wahlen, politiker, volk, wahl, griin, dumm, schande, blod,
regierung, hirn, verarschen, merkel

kind, eltern, lernen, familie, deutschen, fremd, integrieren, vat
leben, mutter, spiel, schiiler

geld, arbeit, bezahlen, obdachlos, bekommen, essen, steuer, re
kiimmern, rente, kaufen, verdienen

medium, artikel, facebook, links, bericht, presse, seite, hetze
recht, ligenpresse, fotmteressant

sichern, angst, Uberall, fahren, bleiben, lassen, sein, willkomm
heimat, fiihlen, voll, hand

unterbringen, landkreis, gebaude, unterbringung, turnhalle, be:
asylheim, containerdorf, berliner, anleer, unterkunft, hellersdor

We can for example see that the most prevalent topic, number four, seems to discuss

sexuavi ol ence against girls, as the ter ms
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Nn¢bergrei fenand il m? acls@aud t pligistrate. Topic r
found to be least pralent in terms of proportionality, seems to discusspttodlem

ofi ntegration of children [fAkindo] to Ger ma
[ Af amwithin 0] as the ter mso] i muitvtaetreor o[ A[nioftahtehre r

Aisch¢glero [Apupil o], Al er neanndod [Mitmot elge art i @]n,c
express. To inspect results more systematically, the following pages will briefly

discuss each of the togictop terms and documents an English translationand

conclude with ahortenedabeling of the topic, which is a common progezlin topic

model interpretation.

Topic oneseems to discuss the issue of Islam (not) belonging to Europe, as terms

feur dpafe ur of pi®E usrdohpodidE u 1] 9 p efain®l amo, /and Amus I
fimu s | i minmsocsH e mo || ékpessislam seems to be stigly connected

to terrorism, as the wuse of #Ateringofr o and At
France [ AFr ank rrefareade to]the tairogsitacks lineJanuary and

November 2015, in which t&rrorists killedmore than eundred civians in the

French capitalFor a better understanding of how these terms and concepts are

interrelated, we can look at the documents with the higlestmenttopic (ma t r)i x d

probability. Note that these are different from documents with an averagalplibb

for a certain topic and clearly do not represent the average document in theicorpus

instead, as probabilities are unevenly distributed (see AppendirefAgs), only few

of these documents as existilasy are vergpecificto a given topic. Imnother words,

such documents mostly contain words that are very distinct to a given topic and only

contain few other words. Hence, they are ideal for the pugfatistinguishing topics

from one another by describing what is specific to each Tmeud the permanent
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identifier applied to each document before preprocessing, we can trace back each

documenbf the corpudo the original text as it appeared on Fa#b In the case of

topic one, the originakxt (slightly formattedand translatedof thehighest probability

document|f =.76) read:
AKing of Jordan: Turkey sends terrori s
accused Turkey of sending Terrorists tardpe. This is part of the Turkish
president Eroganés policy.o

Theseconéghighest probability documenp £.69) read (in excepts):
i | n20 at@he latest, there will be widespread persecution of Christians by
Muslims all over Europe. The tolerant of todaijl be the persecuted, tortured,
and killed of tomorrow. Bishopslam will take over power in Europe. Isa
Gurblz, SyriarOrthodox head of church in Switzerlgndarns of Islam.
Muslims in Europe will proliferate and then begin with the persecution of No
Mus | ims . 0

These documents are revealing of a view of Islamjslentered on feaof terrorism

and of an exchange of the European population with Mu&lithat will eventually

eradicate all notMuslims. We can clearly see that the ideas propagattisi debate

are dangerously close to conspiracy theories gbatigcal rightwing and their racist

%6 Qriginal Germani K° ni g von Jordanien: T¢rkei snsdheé c kt Ter
Konig Abdulah hat die Turkei beschuldigt, Terroristen nach Europa zu schicken. Dies sei Teil der
Politik des t¢rkischen Pr2sidenten Erdogan. i

87 QOriginal Germand Spa2t estens 2020 wird es fl2achendeckend
in ganz Ewopa gden.Die Toleranten von heute werden die Verfolgten, Gefolterten und Getoteten

von Morgen sein. Bischof: Der Islam wird in Europa die Macht Gibernehmen. Isa Girbliz, das syrisch
orthodoxe Kirchenoberhaupt in der Schweiz, warnt vor dem I€daenMuslime wireen sich in

Europa stark vermehren und dann mit der Verfolgung von Nithts | i men begi nnen. 0
38 A term frequently employed byéeman rightwing conspiracy theorists in this context is
AUmvol kungo, which very roughaltyi othrbans| ates to fr e
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idea of an ethnmationalist culture war. For short, | laksl this topicil s | ami ¢
(terrorist) threato.
Topic Twois one of the most important in tesmof studying collective action.
Among the top words intermsofpp babi | ity are fAbitteo and Ad:
words meani ng 0ploecaawed adi taenidl dint ch afjndkd moeach ar e 0] ,
[ short for ARdpmotasnudt aifsitarmasie]@] .[| iAmong t he FR
terms are al] 8peadadeaefiwldd]l]i,chdbveranstaltungo [ Af
i Dr e s This reweals two things: On the one hand, a proximity to and mobilization
for the protests organized by PEGIDA in Dresden, and on the b, an
understanding of the self as peaceful potite®®. The toptwo documents related to
this topic(p =.83 and .80) are both mobilization calls for demonstrations, one in the
SouthWest of Germany and the other in Saxony. One of them reads (in ecerpt
AThe biggest evening walk in the history
Saturday23.01.2016. It is time fodMUT ZUR WAHRHEI®(daring the truth).
The 27" of November has shown that unity and collaboration pay off. Again, all
citizen initiaives from Erzgebirge have united. Movements from Vogtland,
Thuringia and Brandenburg wil!/ support u

tradition, and 6éheimatoé (sense® of home). \

39 This becomesven moreapparent when comparedttee insulting terminology used in other topics.

40 Original German: Der groRte Abendspaziergang in der Geschichte unseres Erzgebirges wird an

diesem Samstag den 23.01.2016 stattfinden. Es isti#elen"MUT ZUR WAHRHEIT" Der 27

November hat gezeigt, das Zusammenhalt und Zusammenarbeit sich auszahlt. Auch dieses mal haben

sich alle Biirgerinitiativen aus dem Erzgebirge zusammengeschlossen. Bewegungen aus dem

Vogtland, Thiringen und Brandenburg wendunsunt er st ¢t zen. [ ] Gemeinsam fg¢r F
Tradition und Heimat. Gemeinden vereinigt euch zu ein
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The messages typical of this topic usually revaweund protest events, inviting
citizens to join and calling for unity and solidarity among protesters and protest groups.
Therefore, | labkedthistopici c ol | ecti ve protesto.

Topic threediscusses thasing economic costs asylum for the Germastat,
as the wusage of Amilliono, Amilliardeo
Aforderno [ At o de man dndlifates This ts aeiscgsseddn [ At o

conjunction wi t h t he | egal process of

1

appbjnocafibeh®rdeo [fAauthorityo], Abundes:s
and nishowegal 0O

The highest probability document for this togac(80) is the discussion around
a post that reports statistics the percentage of population who receive welfa
benefits (colloquially called AHartz 1Vo0)
separates the numbers by German and@emman recipients, trying to illustrate the
high expenditures of the German welfare system orGenman citizens. The seabn
ard third highest probabilities (bofh=.75) stem from documents that also discuss the
numbers and percentages of asylsmekers who receive money from welfare funds,
finding them higher than the population averddese documents also report numbers
for asylumseekers whose applications have been rejected but who still receive
monetary support. The general tone of these posts is rather neutral, quoting official
statistics or newspaper reports as credible sources. The comments to these posts
howeverreealt he usersodé evalwuations, that of¢ten
and show a crude understanding of (international) law regulating asylum, as this quote

exemplifies:
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AnSi nce t helk (eple)na no point in time wanted or asked for

immigraton,al | of them (asylum®seekers) are il!/|
For short, | ecomdmekdste.d t his topic 0

Topic fourhas briefly been discussed above. Terms referring to sexual violence
against women are typical for this topic, as is the debate of thefrthe German
pol i ce, as the terms #Apolizisto [Apoliceman
[ Aof ficero] i1llustrate. Also, the age of eit
central, as xxfj 2 hr i g 0 [siha ighebt rated BREXrm for this topic. A
look at the top three documenfs<.95, .94, and .93) shows that they are posts in the
style of short news reports or policemmuniqueglisting incidents of rape and sexual
violence perpetrated by foreigners agaf@stmanwomen. In this siyle of seemingly
neutral news reports, it is common to report both the age of the victim and the
perpetrator. Although, a closer look at these documents shows that more often, the
victimdbs age is reported, a s ofttwertyy Thar e most | vy
rationale behind these posts is probably to
age and portray immigrants as sexual predators. Therefore, | labelled this sogicx u a |
vi ol enceo

Topic fiveis harder to interpret, as the key terms are al@xdusivelyinsulting
and swearwords, |ike Adrecko [Adirto], fApack
[ Airagtago]. The words fifaosdepdoudDd] &a@sofidab
show thatthe call to deport asyluseekers ipronouncedvith violent urgency. The

fact that no single document has a probability of more tHato.6elong to this topic,

“0r i gi n al DaGasrdentsane VolR zu keinem Zeitpunkt die Zuwanderung gewollt oder
gefordert hatte, sind sie fir mich alle illegah
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shows that(in comparison to some other topit)ese demands are rarely the only
content ofa document, but rather seem to be a reactionmaitinments than the main
content of a post. The four highest probability documents are all short links to reports
about(sexua) crimes committed by asylwuseekers, that are followed by lengthy and
ugly inailts in the comments sectionalling for incarceation or castration of all
refugees. For s hansulingrefugeesa.bel | ed this topi
Topic sixseems to discuss thgarticipation of citizens in political decision
making regarding asylum or, to bemore precise, the lack thereof. Among the key
tems for this topic are fAb¢grgero [Aciti ze
[ Aidemocracyo], in combination with fAinter
Aant worto [ fAanswads arg typicdl lofl a debhte dn ldenw@atic
proceses, in which citizens voice their questions and concerns to clecte
representative#\ look at the three highest probability docents for this topicy=.57,
.56, and .55) reveals that the debates theesinlve around democratic processes like
municipd elections and the fear of a leftist mayor in one town, the demand for more
transparency in the sessions of the municipal parliament of another town through live
streams on the internet, or the squandesifig money i n another cit
An obvous commonality of these documents is the focus on regional politics. Thus,
the concerns in these debatesraveaddressed to the federal government, but rather
to local authorities. Therefore, | labelledh i s ldcad gaitiaipatitiro .
Topicsevemshar der to interpret by just itods
that are negatively connoted |ike fAb°%°seo0
as positively connoterd Hhge&renddchfagloadliypd

verbs | nke[fAidenkbBinko], fAsageno [fAto sayc
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the topterm both in overall probability and FREXetric, which is naziEarlier in this

thesis | have briefly touched the debatehaf discrepancy between the political self

positioning of AAS-groups and the nature of their beliefs and demands. This topic

seems to capture this controversy, as it stresses the civil and peaceful culture of debate

among AASgroups in stark contrast togHeftish, uncivil mainstream. The three

highest pobability documents for this topig (=.53, .50, and .48) exemplify this
reasoning. I n this |l ogic, fAinazi 06 becomes a m
do not want to see reality. AA§oups,however, can impossibly be nazis, as one

commentator g¥ains:

il have to say something. I read nazi et c
becauseibnone of us shoul d be a nazi, hedd ha
old. This meansifanythinpge opl e ar e natio*halists, but noq¢

Another comment laents the lack of a civic discussion culture of theilesfbmething
AAS-groups cannot be accused of:
fil was insulted as an npd [National Democratic Party, see chdftebratze
[ugly woman]on your page and then the kommisihmentswere gone despite
menot having attacked anyomad havingsoberlyexpressedmy pi ni o¢h [ é] 0o
The failure of the political opposition to see reality clearly is exemplified in this

quote:

42 Original Ge r m aAso ichAnuss jetzt auch mal was sagen ich lese so oft Nazis usw. Dabei kann

keiner von uns ein Nazi sein denn wenn einer von uns ein Nazi seien sollte musste er Uber 80jahre alt

sein. Das heil3t die Leute sind wenn tberhaupt NationalistérkeneNa z i s . 0

“0riginal German: fals npd bratze wurde ich beschimpf
weg obwohl ich nimanden angegriffen habe und sachl i ch
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AWith this, the other group would admit that not everything is as beautiful as
theywant o tell us. That, *they cannot ackn
The mainline of reasoning within this topic is thus one that accredits a civil and

sober culture of debate BAS-groups, while leftist loudmouths are the ones who are

unable and unwilling to have a debate lase facts but instead try to discredit

concerned citizens as finadebaingcultuféh.er ef or e,

Topic eights in stark contrado the claim of civility, as itontainsa wide array

of defamations of politicians, as the teriisd u mmo [ Aist upi do] , bl
Afverarscheno [Ato shit someoneod], or Asc
of this topic is that politiciansifp ol | andk Be 0 Jgover nment [ Ar e

chancell or Merkel or yédee tGhee@empman ypd aml
Politicians are generally seen as not legitimized by the true will of the German people,

as theecomments to the electimf German PresidefttFrank Walter Steinmeier (the

highest probability document,=.66) show:

i A bthwhassholes, exploiters and nothing more, there is always money to

(@2

raise parliamentary allowances, the stugidlkéwi | |  wo®k for i t.
Especially theGreen party, whaook a liberal stance toward immigration and
welcomed refugees, defending the rightasylum, is subject to ugly defamations in
the documents of this topic. According to AAStivists, Green politicians have

not hi nspit inbtheir beimd a n dalways en difigs As these defamations

“0Original Ger man: i Da 2wgebedss nichi albes 0 sctidn istevieGeunp pe | a
erzahlenwollenDas k°nnen sie sich nicht eingestehen. o

% n Germany, the President has little executive power, but rather representative functions. She is not

elected directly by the people, but filtundesversammlungd, whi ch in turn consi st
parliament and representatives appointed by the German Lander.

46 Original GermanfiEin Haufen Arschldcher, Ausbeuter und nicht mehr, fir die Diaten Erhéhung ist

immer Geld daja das bekloppte Voliarbetet dasschon wieder rei
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clearly outweigh any reasonable comments in nspéction of documents related to
t his topi cnsultihgpbliackresl.l ed it A
Topic ninehas been briefly discussed above. It is the smallest itopgcms of
proportion of the entire corpus, and its key terms indicate a discussion about the
problens of integrating children whose parents do not speak German into German
schools.The highest probability documenp €.57) starts by quoting a newspaper
report that called for German schools to introduce Arabic language classes. For AAS
groups that would é an unthinkable betrayal of German identity, as one comment
illustrates:
ifWe are Ger man and s heratkey Hawernomdapt aridf t hey ¢
speak oulanguage and not the otherwayound wher e wo*ltl d that |
Thus, for AASgroups, integratin can only be a ongay process of assimilation and

adaptation to a mainstream Gerlgmngteul t ure (I

German | anguage i s cr udanguage & iotegtation s , | | abell
Topic tenis similar to topicthree as 1t al so debates economi
[ Aimoneyo] , Abezahleno [Ato payonveverisand t he ¢

slightly different, as the debate evolves more around the prioritization of government
spending (Asteueg® tffdthxmdl)es s hlafiolsdhaawhldos 0]
[ A r e nThe tareeddbcuments with the highest probability for this tp#r72 for

all) are al/l di scussions around the same or
Fluchtlingshelfer in Deutschladd! ! ! '  supp®otafrbk of refugees ir

that originally appeared within German groups on the RuSsaral Malia Platform

“Original German: #AWir sind deutsch und sprechen auch
die sich anpassen und unsere Sprache sprechen nicht a
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VK und was later spread across different groups. The text is lengthy and pathetic and
describes the benefits that redeg receive in Germany and that were allegedly denied
to German unemployed, homeless, and elderly. Some of the rhetorimgsied the
text read as follows:
AfAre you also the o6nice Granmad for Ge
shops for the poor @Gmans and give it to the homeless? Do you see to it that
Germans have a roof over their head all year round? Do you paydarding
houses and hotels so tfiey can stay the
The | ogic of this argument hatwhepedimancalal | y |
resources are scarce, Germans should be the prime recipients of both public welfare
and neighborly satiarity, before any refugee or asylum seeker is helped. Therefore, |
| abel | e ddisadvantaged Gepnaos. i
Topic elevenfeatures a term well known in the populist dictionary:
Al ¢genpresseo [Alying presso]. Ourher k e
[ Aimedi ao] , Afarti kel o [fAarticleo], presse
topic seems to be critical of mainstreamadia, who, like théeft political opposition
[ Al i of kopi® deven, fail to acknowledge the reality about asydeskes but
instead agitate [fAhetzenodo] -qgoymsiThedetm t he <
Afacebooko al so a prgydanahe €ontexnhof d fear of regulatipn ¢ , p
and policing of the platform, that is seenasundemocratic censorshipi AAS-

groups. The document with the highest probability for this tqpe%5) starts with a

“®0riginal Ger ma n"iebé@mfuddeutsthe Kiralert3amnielt ibr in Geschaften

Lebenmittel ein, fir die armen Deutschen, um sie dann an Obdachlose zu verteilen? Kimmert ihr

euch darum, dass die Deutschen das ganze Jahr Uber ein Dach Gber dem Kopf haben? Zahlt ihr den

armen RutshenPes i onen und Hotel s, damit sie da kostenfr
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post on the regulation of Facebook that edadFr eedom of speech in
Constitution Article® 5. Dictatorship on the
We can thus identify aeasoning already familiar from other topics. The own
actions are covered by freedom of speech, while any dpp@diforces are oppressors
of truth. The self is always depicted as the calm voice of reason whibéhiies loud,
crazy, aggressive, anéuagerous. The documents of this topic draw a picture of the
mass media as being unable or unwilling to tell the truth, instead supporting the acting
government in their betrayal of the German people. | therefore labelled this topic
flligenpresse .
Topic twédve does not have documents that belong to this topic as clearly as for
other topics. The highest documéaopic probabilities are thus lower tham other
cases, with alpha values of .32, .30, and .28 for the top docurtenight thus bea
topic, thatis not as cleacut as otherdut insteadepresents theme underlying many
other debatesThe terms seem to hint at the perceived threat by imamig, with
Aifé¢e¢hl eno [Ato feel 0] or fAangsto [Afear o] am
drivemlo, [fMs®i beo], Awil |l kommeno [ Awel comeol]
h o meirwifate a debate about the coming and going of people, the documents show
th at the main debate is one about Aremigrat
i mmi gr ant s tandeaxpgressing widhésahaterssa@an be handled quickly.
AHei mat 0 i notdnlytheplate onjyriasthavée te go back to, but the place
Gemans have to defend. Some of the documents are literal calls to arms, expressing

the hope that Germans,waor e at t he fAfrontlined of migrat.

“Original German: #fMeinungsfreiheit in Gefahr GG Arti
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fight back. Overall however, the dominating theme in these documents seems to be the
(more or less violentlyexpressed wish for immignést o i g o Therefones O .
| abel | edremnidraioso .t opi ¢

Topic thirteenis a topic dominated clearly by the debate around the actual
shelters or houses for reegs and asylumseekers. The terms
funterbringunggdu nt er kunf t 0/ ounterbringeno [fiacco
fasyl heamphamt er o] , fgeb2udeo [Abuil ding
villageo], fAturnhalleo [Agymnasiumo] 1111
actual pysical edifices that make migration tangible for many local residents
[ A anwo h radditian,|the kely terms seem localized around the German capital
Berlin [Aberlinero], whose districts are
It is striking that no adjectives appear among the highest probability or FREX terms,
meaning that ealuations of local situations are not typical for this topic, which is
instead focused on a neutral reporting on the actual or planned sites of asylum shelters.
The thee highest probability documens£.85, .84, .83) are all plain reports about
the locdion of asylum shelters in two Berlin districts and one small SGghman
town. Therefor e,asyumgdhetbxed | ed t his topic A

After having explored and labellegch topic separately, | will continue with an
evaluation of the overall picture thisrdent leaves us withlThe research questions
posed at the beginning of this chapter wivbat arethetopics that members of AAS
groups discuss and how are these tepicdi scussed? Can col |l ect
and 6t hemd be i deamdthowfaiethese doliectitedipersaged?Gab at e s
temporal patterns of topic prevalence be identified that correspond to those identified

in the overall activity of AAg§roups? Are some AAGoups closer in terms of a
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homogeneity of topics than others?sumnary, this exploration of topics leaves us

with a couple ohinswers to these questioAs a first conclusiorthe topic model was

able to provide thirteen cleaut andinterpretable topics. It could be shown that

members of AASJroups use the Facebook ghtem to almostexclusively discuss

various aspects of migration and asylamg¢do not stray from the overdthieme The

narratives produced throughout these debateslearly aimed at fostering a collective

sense of MAuso and nptahreemoo f Wsh e tGeartmains ftVhoel koo
realized the threats of magsmigration and the failures of politicians to regulate it.

Members of AASgroups perceive the self peaceful and reasonable, whereas the

political opposition is generally depicted as lpinysterical, and aggressivéhus

finrazi 0O becomes a political term employed by t
citizens and silence any voice of reasbnturn, he col | ecti ve At hemo cc
different actors, that are all equally wrong: On the @and, the mentioned leftist

mai nstream of society in their misguided fAwe
leftistgr een pol i ticians whmotdoi mpospede migharnths
presso that fails t @hetherld ctahtee gtoangthbo fa bfiotuhte nmoi
problems thathey bring.These problems are as follows: Refugees cost money, that

would be better spent on Germans. Thus, politiciaihgdf allocate resources properly.

Refugees are unable and unwilling to assimilate gnigpinto German culture by

learning German. Refugedsing Islamist terrorism to Germany. Refugees bring

sexual violence to Germany. The cognitive dissonance of patipggclearly right

wing ideology while at the same time claiming to represent theigadlitenter of

society can be observed in many instances of recent extreme right phenomena, from

PEGIDA to the Identarian Movement (Knupfer et al. 2019)herefore, v can
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conclude that SNS are employed in several mechanisms of collective action
coordindion. The debatesamong AApr oups <cl early foster a s
in sharp demarcation from a collective 0
SNS ae used to collect and disseminate factual information about the central issue of
asylumshelters, while topic two shows that SNS are used to coordinate and mobilize

for street protestAgain, it needs to be stressed that the perspective on SNS and
collecive action taken in this thesis is not one that tries to calculate effexdtablish

causality. Instead, it is focused dww different groups use SNS to coordinate
collective action. Therefore, in tfhe nex

structural topic models and explore teenporal patterns of topic prevaten

Results I

The exploration of topic conteint the previous sectigorovides some guidance tihe
investigation of temporal variation. This means that some of the topite @pected

to change little, as they debate more or less stable issuags ke Al yi ng pr e
Aremigrationo. Ot her s, however, l i ke fAse
expected to gain more attention through external shocks like the mentioerets in

Pari s, Berl in, and Col ogne. S{geeen}] i ng W
Al ¢gen@meseseaond Al angua(@lee) & iguenlV¥.E,g wiht i ono
exemplify these dynamics using the expected mean topic piaedity for séected

topics overtmeT o do s o, I used the fiesgackageat e Ef f
i s t (Roberts et al. 2016 he function performs a regressiwith topic proportions

as the depatent variablewith the document metadata as covariates. The Figures in

this section thus show the smoothed effect of the-tiam@ble on topic proportionality

in our modelThe timeframe is limited to the years 264316, as there was not always
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enough dta before andafter for every topic, leading to high uncertainty in the
estimates of the modefrom our analyses in chapter-lywe know that activity
among AASgroups was generally sparse prior to 2014, meaning that few documents
in our corpus predatais, which isreflected in the wide confidence intervald-ajure
IV.11and following Figures.

As thefigure shows, there is little change in the expected prevalence of these
threetopics. The wish for asylureeekers and refugeéo leave Germany, the inability
of nonGermans to adapt, and the critique of the lying media all remain mdessor
stable over time. The overall level however is different: A critique of the media is

clearly more prevalent throughout the observed pahan the other two topics.

Figure 1V.11 Mean expected topic proportion for remigration (green), ligenpresse (orange), and language &
integration (blue)with .95 confidence interval.
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Other topics howe\er, are not as stable, Bgure V.12 shows.We find the
topic of filslamic thread (green)to be constantly high, and even shifting upwards in
the fall of 2015. This may be drivday the overall rise of terrorism on European soil,

and especially the events in Berlin in September 2015, when an Islamist attacked a
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police officer with a knifein Paris in November 2015, when a coordinated attack on
multiple targes killed more than a hundred peopdethe suicide bombing &russed s

airport and Metro ifMarch 2016(green vertical lines in Figure 1V.1ZJhe fact that
AFranceo was -teme of this topics, supmiEsXhe assumption that it

was real |l ife events that | ead to san upw
even more apparent for the topicfisexual violence (blue), that did not seem to be

among the prime concerns @&AS-groups prior to 2016. The mean expected
proportional ity rarely exceeds .05 befor.
in Cologne ¢ee chaptditl), but these clearly mark an upward shift for this t¢plae

vertical line in Figure IV.12)Thishiows t hat i n the depiction
AAS-groups were not fixed from the beginning on, but remained ready to adapt and
refrane their agenda, depending on external events that might benefit their cause.
Indeed, given its low initial propodin, t he O0career 6 of this t
prevalent in the aggregated corpus is even more remarkable. This supports the
conclusion® t he key role of external events &
Cologne in both shifting up overall activignd offering a narrative of the collective
enemy.The topicficollective protesi(orangehowever, peaks earlier and achieves the

highest poportions in the fall of 2D4. This is the same time, the alsfiamic PEGIDA

group made headlines by mobilizing tisands of people to their protest marches in

the Saxonian capital of Dresden.
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Figure V.12 Mean expected topic proportion for Islamic threat (green), collective protest (orange), and sexual
violence (bluewith .95 confidence interval.
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The second, smaller peak of this chart in the fall of 2015 corresponds to the
highest overall activity in tens of AASdemonstrations, that | have illustrated in
FigurelV .6, earlier in this thesis. After that,
slightly. This is however not equivalent to it loosing importance in absolute terms: As
we have seen ifrigurelV .8, overall AASactivity remains on a high leveiroughout
2016. Thus, a decrease in relative importance as shown here means that other topics
concentrate more of the overall attention, while the total interexillective protest
is not necessarily decreasing.

The last visualization of topic prevalence over timeigairelV.13, showing the
expected topic proporti oemm)l idryd offadiyylocml s lpalr
(orange).We can see thahroughoutthe first half of the observation perigdthe
proportion oflocal participationexceeds .10, but the topic slightly loses relative

importance over time. This may mean that in the beginningl ioitiatives and direct

citizen paticipation gained more relative attention, but over time were crowded out by
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more general and overarching issues or groups that focused less on local, but national
initiatveor mor e on t he c ol bwa activities@nelien reatardo t h ar
relaive decline over time can be observed in the topic asgoetters, that is almost

reduced to zerduringthe course of 2016. We may speculate that the nowéltye

construction of asylurshelters that was the foundation of AA8tivity gradually lost

its importance as external events like terrorist attacks and sexual violence proved a

more stable and easier to feed narrative of threat and danger.

Figure V.13 Mean expected topic proportion for local paipation (green) and asylum shelters (orangéh
.95 confidence interval.
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Summing up, this brief inspection of the temporal variance of topic proportions
illu strated some of the basic properties of the coFitgtly, while some topics remain
more orless stable over time, others are more volatile in terms of proportionality.
Secondlythis volatility seems to b&ronglydriven by external events that miglutem

up new discursive opportunities FAS-activists. Thirdly, the major shifts in topic
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prevalence go hand in hand with shifts in the overall activity of A%&&ups explored

earlier.

Chapter Summary

In conclusion, this chapter has been able to providengrehensive overview
of the topics that AASroups are concerned with and the dynamicsshape their
debatesThese served to answer most of the research questions fresetRQhat
asked which topics can be identified in debates of AyA&ips, howhese topics are
discussed, and what collective identities and temporal patterns existaendtizses.
It could be shown that structural topic models allow for a meaningful analysis of
textual data in this case, providing 13 interpretable topics. Fromprtportion of
topics in the corpus, we could learn that sexual violence perpetrated lgnforen
against German women is the top concern among-a&®ists. In addition, we
learned that topic proportionality as a measure of importance of a topicabvays
stable but seems to be influenced by external eventshigkancidents in Cologne in
2015/2016. Further, we could see that debates on social media serve to foster a
common wunderstandi ng o f(multiptelec od d lelcetc tviev ed t huesnmid
where the self is reasonable, calm, concerned, and able to see thewhelreas
politicians medi a, and the | eftist mai nstream (f
delusional or lying and foreigners are portrayed as sexually violent, terrorists, or
unwilling to adapt to the values of German culture.

Since we are interested in the role of ICT foflective action processes, we
could learn that, indeed, the affordances of the Facebook platform are utilized to create
and reinforce common framing and colleetidentities.These are neither stable nor

independent of outside factors, as the shiftipictproportionality in conjunction with
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external events revealed. Alsas chapter IM has shown, not all groups show the
same activity and engagement in thegard meaning thatthere is clearly no
technological determinism, but groups make very differeise of various
technological affordance$his aspect will be deepened in the following chapters, that
investigates how different groups make different usénefaffordances of SN&nd

how these usages combine into diffefgluides of Coordination
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IV -ilii Networks and Modes of Coordination

In this section, | will use the Facebook dataset on all 185-4#8ps as well as the
results from the structural topic model in the previous chdptewvestigate patterns
of interactions among AA8roups fromthe relatimal perspective of m MoC
framewak. This way, this section will seek to answer the research questions presented
as RQset I, which | repeat here:

How do AASgroups use social media? What types ofdireengsAASgroups

can be identified and what netvks evolve from these ties? How tihe types

of ties correspond to mechanisms of resource allocation and boundary

definitionamong AASroups? How do they combine into differéfdes of

Coordinationof collective action?

As the analysis is guided by a tinetical framework that allows fa typology
of Modes of Coordinatioof collective action based on the two dimensions of resource
allocation and boundary definition, this chapter will be structured along these two
dimensions. Each type of tie and thewmk resulting from it is discussl in terms of
its role in either resource exchange or boundtafnition, before combining both
dimensions into the different MoC discussed in detail in chalpter
As Diani has highlighte@2015, 2018)these mechanisms play out offetient

levels, meaning that processes related to fostering exchange and forging solidarity may
be at work between individuals, betwemrindividual andanorganization, as well as
between organizations. It is the lattehat allows for a mapping of the
interorganizational networksvhich will be discussed in terms oModes of
Coordinationin this chapter Again, | want to iterate the fact that organizatisn i

perceived in a widefor partial)senseas discussed in chaptiér allowing to include

142



Analyses

the informal groups that forwithin and throughhe activities on Facebook pages.
Despite their informal character, we will see that these groups do possessiagency
t he s e nauonomdus deaisional capadty ( Di a n i, forgam@e il 7 )
recognizing each other as distinct groups, as the mutual recognition network will
illustrate. Also, the organizational trait of a distinct corembershigor each group
despite no formal criteria for membership will be empirically supgerby an
investigation of user activity patterns in thernembership network. Thereforine
following analyses will treat AAgjroups as partial organizations and hence analyze
the pattered activities and interactions of users and administrators whikivioC
framework.

As such, we will delve deeper into the operationalization of théased
approach to Modes of Coordination that was laid out in chapter Il. There, we have
argued to focsi our attention on the ties and networks that emerge from adivistss a g e
of the affordances of Facebook. Thus, rather than opting for an inquiry of equivalent
positions and roles, we seek to offer a thdmaged understanding of how these
affordances cabe understood as supporting the mechanisms of resource exchange
ard boundary definition To do so, we will investigate five different types of
interorganizational ties and argue their relevance in light of our two conceptual
dimensions. This is not to s#lyat we have effectively covered each technological (or
functiona) affordance of the Facebook platfoinor of other SNS for that mattér
but instead opt to scrutinize our case based on the theoretical arguments laid out earlier.
As such, we can offermore nuanced understanding of digital ties and networks than
manyprevious studies, that have relied on hyperlinks as opaque signifiers of all kinds

of intergroup processeblone of the arguments made in this chapter are set in stone
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but should be undexsd as theoretically grounded suggestions to advance the debate
on digital communication technology and collective action. Naturally, other
researchers may emphasize different readings of the same data of focus on different
technological aspects to opecatalize ties. To me however, this chapter offers a close
reading ofthe available data in light of our theoretical argument and the research

guestions that flow from it.
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Resourcé&exchange

Mutual Recognition

The first network to be discussed here alraadiudes a conceptual decision that may

be contested. The mutuatognition network is based on the datpafe likesamong
AAS-groups, as reportedinchapter Thi s captur es pogitaee Si mp
nomi nal20i5pash e ar g ugeen theirha#ectivefinature, liking amongst

SMOS$° may influence perceptions of closeness, making them apt for establishing
(sub)movement boundaries around collectivetitgn ( ST mpson 2015: 49)
act of Ilikisgb mahkeyanother i n t haffetticeghusc of a
fostering bondari es and i dentiti e sleeparnbdndsacs s u c |
solidarity, mutual commitment, and emotional attachmmédiani 2015:14hatmay

be better grouped undeoundary definitiothanresource exchang@his perspectier

may however underestimate the strategic aspdittinng, which signals to others who

is perceived as part of a colledty and who is notAs page likes construct hyperlinks

between pagespllective action scholars oftemderstand them ssigiis of elonging

and potential means of alliangéVicari 2014:92) | follow Shumate and Dewitt, who

pointed out the conscious and strategic aspect of hyperlinking practices, stressing that
fithe decision to link one organizati with another is a strategic communicative

choice (2008:407) As recommendatiorarevisiblei n s peci fi ¢ secti on
| i ked by totalhvisitors pnaaggeocu p 6 s ma i fikespnaygckannelt h e s e
visitors to other sites and thus serve as gateways to an exploration of the wider

collectivity beyond any specific groupVe may thus argue théikesdi r e c t user

50j.e.: Social Movement Organizations

145



Analyses

attention. This resonates well in perspectiveatkention economywhich posis
attention as a scarce resource in an-aemdance of informatiofGoldhaber 1997;
Simon 1971)especially in a hybrid media systé@hang et al. 2018\We may thus
very well argue that groupiging each other on SNS do not only signal their belonging
to a collectivity, but also share the resource of their ownm b eattemtiion with the
exectation of reciprocity to receive attentioc
while there are fair points to be made for sedikgs as a mechanism of boundary
definition, | opt to treat it as a form of resource allarain this thesis.
As descriled in chapteill, pagelikes are basically hyperlinks chosen by a
pagebds admi ni st spacifiosectiaohtizetfronappge.eAa sucliten a
arerecommendationsvhicha d mi ni st r dirk theirgpagassasthert sites
which they feedomehovésimilaréand with which they share ideological trai{§ ateo
2005) This is not be confused with individual s e likess, dwhich have also been
subject to acadmic debate(Brandtzaeg and Haugstveit 20 Eranti and Lonkila
2015) I nst ead, a founder or appointed admini st

exclusive ight to set pagékes

TablelV.4 Descriptivestatistics onpagelikes

Page Likes

Rang [07 259]
Zeros 88
Median 1

Mean 9.93

SD 27.26
Total 1,838

Empirically, Table IV .4 shows that the practice of patlijeesis by no means

abundant, yet instead shows that groups seem to carefulgseehwhom they
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recommend and whom ndh fact, 88 groups do not use the function at all, thus leading

to a median in pagikesof only one In total, | counted 1,838 of thebkes with an

average of 9.9 and a maximum of 259addition, a qualitative exploration ofda

g r o uliked showed thathe function is exclusively used to point to (perceived)
similar pages or pages that might be alig
neutral, none of thikespointed to political adversaries.

These data on actsf recognition not onlytoward groups outside of our
population ofAAS-grous , but al so on ownrecogitoa actser n a |
allows to add empirical insights to our discussion on fields, subfieldsa &eltics
populationfrom chapterll. We krow not only whon our 185 AAS-grougs liked but
also whan those 1,259 norAAS-grours liked, which wereinitially liked by AAS-
groups. This allows us to randomly select &8b groups from this set of 1,444 groups
that we have full information gand comparéhe network of recgnition among them
to the network of recognition among o@AS-grouys (which is going to be discussed
in this chapter). In fact, out of 5,000 random samplely, 8d, or .6 per cent, of the
samples resulted in a network with a highenglty than the netork of only AAS-
groups. In other words, we observe significantly more recognition arA&®ygroups
than among other members of the wider field. This supports our argument from chapter
Il that we may well speak of a subfieldAAS-groups that are clearlyidtinct in their
relational patterns.

Thus, the following sections will discuss the network of (mutual) page likes
amongAAS-grougs, interpreting these likeas a recommeradion to distribute user

attention and as actsm@cognitionamong the membersoflapeci fi ¢ fi.el do&s
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Network Construction

To study pagékesas a network of recognition among AABoups requires the
transformation of the 185 edgelists introduced in chdptérto one adjacency matrix
of the dimensiond85x185. The Sammir application provides data on any outgoing
pagelike, including links topages that are not AAgroups. Asonly relations among
these groups are of interest here, any row of the edgelists that containedASon
group on the receivingde was deleted in a first step. In a second and third step, the
lists were merged and trdosmed into an adjacency matrix with theth thenumber
of rows andthe number ofcolumns equal to the number of AAf8oups.As
recognition is not reciproted by default, we speak of directed edges in this network,
meaning the adjacency matrix is asymmaeln other words, group A may like group
B, but group B does not necessarily like group A baikaddition, the edges are
unweighted, meaning that the strengtha relationship cannot be quantified in this
network. In other words, group A caitherlike or not likegroup B, but there is no
way to likeonegroupmorethan any otheiBecause of these properties, we can speak
of adirected and unweightetketwork d recognition.

In chapterlll, | formulated a set of research questions to be answerdtkeby t
analyses of the networked interactions among A®&ips. These were intended to be
very broad and general, askiagnong othersHow do AASroups use social meaf?
What types of tieamongstAASgroups can be identified and what networks evolve
from these ties?At this point,it becomes necessary to be more precise, make these
overarching questions operationalizable, and thus lend structure to the following
analy®es. Thereforewe will ask firstlywhat the overall structural properties of each

of the networks areanswered by graplevel measures such as density and
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centralization Secondly we askwhich key groups can be identified within each
network, answered bynodelevel measures such as degm@ad other centrality
measuresAnd thirdly, we askwhat subgroups or communities can be identified
among AASroups within each netwoyrkeing answered by mesevel measures of
community detection. Therefore, the arsadyof the recognition network aglvas any
following analygs will be structured along the levels gfraph nodes, and

communiies

Graph

One way to study how AA8roups make use of the different affordances of SNS and
mechanisms of coordinating collea action is to study the density of each network.
Density measures the fraction of all possible ties in a network that are realized and as

such informs us to what degree the nodes in a network are connectet! lo a

directed network such as this, déw is calculated with the formul® ———

wheren is the observed number of edges awds the number of nodes in this
networlé®. For the recognition networkjensity is .017, meaning thaZlper centof

all possible edges in this network are realized. If we were to leaveabaters i.e.
counting only edges between groups that do use recommendations at all, density rises
to .024. Whether or not thefiguresare considered as high or low dependsach

case and the numbers will become more meaningful, once we can compate ttihem

511n the case of an undirected network, the denominaisie be haved, as only one tie can exist
between any pair of nodes.
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other networks in the following secticisAs the network is directed, we may further
look atthe reciprocity of this graph, defined as the proportion of connectiahsut&
mutual. In this graph, reciprocity is .18, meaning thap&8centof all connections

from any node A t@anynode B are also returned by node B. This indicates that when
AAS-groups receive recommendations it seems far from automatic that theytinetur

act. Therefore, a look at degrewasures on node leviel the next sukchapterwill

help to understand reciprocity in more detapart from density, the overall structure

of a network can be characterizzsiconnected or disconnectedSNA, aconnected

graph is one in which there is @ath, between any pair of nodes, meagithat
information or resources may in theory flow from any node A to any node B, no matter
how many intermediaries are required (i.e. how long the path is). In this logic, a
components anyconnectedubgraphof adisconnected@raph meaning that withira
component, a path exists between any pair of nodes, while no paths exist across
component§Wasserman and Faust 1994 herefore, as soon as there @&olated
nodes, that have no connection to any other node, a graph is disconnected. The number
and size of components of this disconnected graph can provide importantsinsight

the overall structure of the network. In the case of the recognitiororiettie graph

is indeed disconnected, as 29 of the 185 A¥&ups both do not recommend another

group and are not recommended by any other group. The remaining 156 groups are

521n general, density in a recognition network can be expected to decrease with network size, as it

becomes more and more unlikely for Fonamugh di fferent act
indication, it may be noted that the alliance networks Diani (2015) found among civil society actors in
Glasgow(N=124)and Bristol(N=134)had densities of .023 and .0Xudies from the sector of

right-wing internet networks report densities.0f (N=77) for French extreme right websitésroio

2018)and of .06 to .10 (N from 16 to 36) for different European rigimgy online networkgPavan

and Caiani 2017)The observed value in our case can theisamsidera to be well within the

expected range for a network of such type and size.
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connected in one big component, with an average path length of 3.67, meanamg tha
average, each shortest path between two nodes tridwelsgh almosthree other
nodes.In directed graphsve can further distinguish betweemeak and strong
components. While weak components ignore the directionality of tiesroag
component is oain which information that originates from any node of the component
will find a path to any other node oftbeo mponent by Atravellingo
of the edges. When applying this stricter criteriothreestrong componesbf size >
1 remain,containing 53 four, and twoo f t he net Whernkntber ofnode s .
componentandtheir size can be comparedrass networksind is one the measures
thatinform the researcher b o ut a g r dBotyditiset abt 20h3§salogous
to an investigation of components, reskars can calculate a measure of
connectednessefined as the fraction of nogmirsthat can reach each other through
a path of any length(Borgatti et al. 2013; Krackhardt 19949r its inverse
fragmentatiorwhich is the fraction of nodes that cannot reach each.cMliehese
measures may reflect exteffieitations as well astrategicchoicesby actors Or, as
Diani explains
organizations may concentrate most of their resources on their own projects
and devote a very limited amount of resources to collaborative initiatives,
resulting in fairly sparseinterorganizational networks. In other cases,
resources invested in collaboration ynbe substantial and may lead to fairly

dense network&015:15)

53 Thefirecursively connecté&ccomponent in which all ties are reciprocated would be a special case of
the strong component (Wasserman and Faust 1994). As we alreadyhkhonly 18 per cent of ties
in this network are mutual, this cannot be the case here.
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When applying the measure of connectedness to the recognition network, the score is
.71, meaning thatl per centof all node pairs are able to reach each other, as they are
in the samaveak componentAs mentioned above, the stricter criterion of a strong
component leads to more fragmentation, letting the connectedness score drop to .08,
as by this definitiorof reachability, much fewer connected pairs are possible. Again,
this may be driverby a lack of reciprocity, meaning that recommending does not
automatically lead to being recommended, but instead may indicate hierarchies in the
network.

While Borgattiet al. (2013would call the abovementioned measures indicators
of cohesion, they ab suggestharacterizingvhole networks using measuresbfpe
One of these measurémt can reveal inequalities in the overall structure of a network,
is centralization.

Centralization is a graph | evel measure t|
centrality value to the maximum value and divides (i.e. normalizes) this sum by the
theoretical maximum for this gragBorgatti et al. 2013)For example, if an actor is
central in terms of hding many connections to other actors, this measure of degree
centrality can be used to calculate the (degceetralization of a graph. For a perfect
star as the most centralized grapbssible, this value would be an&he more
centralized agraphishe ror e fAipower 06 do fewer groups in t
more marginalized groups. For the recognition network, we can calculate a score of
.12 for in-degree centralizationvhich measures the inequality in terms of popularity
and a score of .29 for cdegres centralization, whichmeasures the inequality in terms
of outreach activityWhile the noddevel analysis in the next subchapter will reveal

some insights on the distribution and relation of and outdegree between
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organizations, it might alreadye sirprising at this pointthat he fAr ecei vi ngo
attention is more evenly distributed tha
invest heavily in outreaehctivity, likely in the search and expectation of recognition
by other members of thigeld. Interestingly,Pavan and Caiani (2013Jso found a
consistent pattern of higher outdegree than indegree centralization in their comparison
of six European online righwing hyperlink networks, further supporting the
assunptions thatpage likeandhyperlinksfunction in a similar wayThis also iterates
the importance of the debate at the beginning of this section, namely the possibility of
reading an act of recognition both in terms of resource exchange and in terms of
bounday definition. While we will stick with the former for now, future research
should address th@mbiguity of recommendatieties in digital environmestmore
deeply.
Another measure that is call&@nsitivity or clustering coefficientnay reveal
the dgree to which nodes tend to cluttered together in tight knots, meaning this graph
may be characterized by areas of very high density in some areas and low density in
others(Borgatti et al. 2013)The measure is one of triadic closure, meaning it counts
the nunber of any thremodes A, B, and C in which A and B as well as B and C are
connected and calculates the fraction, for which A and C are also connected. Using
this measure, we can calculate a transitivity score of .20 for the recognition network.
Table IV.5 sums up the abavdebate and presents these basic structural
properties on graplevel. The interpretation will become clearer once we turn our
attention to the other networks of resource exchange and boundary work and can add

a comparative dimension. Foow, | will coninue the exploration of the recognition
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network on the micrdevel of individual nodes to investigate hierarchies, inequalities,

and mechanisms of reciprocity in more depth.

TablelV.5 Structual properties oftherecognitionnetwork

Measure Score
Edges 579
Density .017
Reciprocity .18
Fraction of Isolates .16
Components (isolates excluded) weak/strong 1/3
Maximum Component Size weak/strong 156/53
Average Path Length 3.67
Connectedness weakriong .71/.08
Centralizationif-degree) 12
Centralization (outlegree) .29
Transitivity .20

Nodes

In a directed networkuch as thiswe can meaningfully distinguish between amd
outdegree of each node (i.e. group) in this network. Outdégtke number of edges
that originate from a node, i.e. the number of other A®&ups that araominated as
liked by this group. In that sensié might be interpreted as a measure of outreach or
networking activity each group performs. Indegree, in tusnthe number of
nominationseach group receives from all other A48ups. In that sense, it might be
interpreted as a measure of populai@y. , as A nHigh butdegree fuggests :
that an organization is actively networking with other grodfigh indegree indicates
that an organization is prominent or perhaps powerfather organizations seek its

advice, resources, or influenzéAnsell 2003:126)
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Figure V.14 Relationship betweeandfrequency ofn- andoutdegreeof each node (N=185h themutual
recognition network
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FigurelV.14 illustrates the both the distribution of-iand outdegree over nodes as
well as the relationship between these two properties. Startitigeright of the figure

| will first discussoutdegeein this network. InTablelV.4 we have already learned
that 88 of the 185 AAgroups do not make uselefa c e book 6s af fordanc
other pages & | 1 kKWhenae restrict this to nominations only among A@&ups,

we can see that number rises to 105, i.e. the nuofbedes with outdegree zeras
shown in the first bin of the histogramm turn, this means that of the 97 A4®oups,

who did make publimominatons 80 did nominate another AAGoup, i.e. the
number of nodes with outdegree above zero. From thévedfalow median and mean
scoresof pagelikes, we could see that groups make careful use of this feature.
Therefore, it is even more striking, th& Per centof groups who did make positive
nominations did so tat least one otheAAS-group. Hence atelhst among these
groups we can assuraaawareness of being part of the same collectitttyddition,

a look at this distribution reveals that theaee a couple of groups, who make
comparatively much use of the function, i.e. invastein outreach actity. Namely

the group8W13, BW10, SNO6, and SN33, two groups from Badirttemberg and

two groups from Saxony, show outdegrees above 45, with amaax of 57 for
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BW13. As the scatterplot ifigure IV.14 shows, these are howeweot the same
groups that receive much attention in terms of indedte¢he regression line shows,
there is no strong linear relation betweenand outdegree, or hve¢en giving and
receiving attention in this netwoikat least not for all groups$nstead, some of the
highest nodes in terms of indegree have a relatively low or even zero outdegree, while
some of the highest nodes in terms of outdegree, have reldtivelgdegree values.

This may mean that reciprocity is not the key mechanism drivingagges in this
network, but instead recognition seems to be highly centered in veppfaviar nodes

while others (unsuccessfully) seek this attention by reaching owny other groups.

In general,indegreeseems tdbe distributed more evenly than oefgiee. As the
histogram shows, only 35 groups receive no nominations at all, while many groups
receive nominations in a range of 1 to 12. The two groups that stamdtiowialues

of 24 and 25 are the Brandenburg group BB31 and the Germidey DEO3.
Inteestingly, these groups also score very hig
means that the assumption that indegree may be interpreted as a measure dfypopulari
within a network can be corroborated with a measure of external popularityser

likes. Indeed, correlation tests show a strong and significant assotidt@ween
external and internal popularity, while outreach activity (i.e. outdegree) aedhalxt
popularity show only a weakly positive and not signifi€aassociationln total, this
exploration of in and outdegree leaves us with three broad types of nodes in this

network: groups with relatively equal scores for both popularity and outrganins

““Pearsonds r: .56, Kendall 6s Tau .40 w
05 16

both p valu
Pearsonés r: Kendall 6s Tau t

sig.

156



Analyses

who reach out but receive little attention in return, and groups who are verjapopu

without any outreach activity.

Communities
The study of subgroups in networks can be informed by different approaches.
Some are based on the (structural or ray@quivalence of nodes, where nodes that
are connected in similar patterns to alters fgroups or blocks of nodes with similar
positions or roles in a network. Other approaches are based on cohesion, like
community detection algorithms that seek to tdgnsubgroups which are
c har act emanyzedgks within cdmmunities and only a fetwéen ther
(Clauset, Newman, and Moore 20042). Communities in a network are of interest,
b e c a thesrelativié absence of ties across communities means that information will,
more often than not, be trapped in the areas of higher internal den(skynzalez
Bailon and Wang 2016Borgatti et al. (2013: 193rgue that a study ofigly cohesive
subgroup®, in social network analysis can reveal important irtsigs
actors within cohesive subgroups tend to share norms and often have common
goals and ideals. They can also exert considerable peer pressure on their
members to conformo these norms. This means that group members frequently
have similar outcomesith respect to adoption of innovation, behaviors and
attitudes.
On an interpersonal level, these subgroups or communities are often linked to a

higher likelihood of informatiorflow, asHimelboim et alnote:

56 Cohesive subgroups are often also catlechmunitiesor clugers. The terms are used
interchangeably.
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Users create pathways for the flow of information when they create these

connections. The resulting groups define the social boundafiggormation

flow; within these clusters, information flows freely, while across clusters

information flow is restricd by the limited connectivity available across cluster

(2017:3).

This is consistent with the findings of Lerman and Gh¢2810) who
empirically found that higher density can lead to a faster initial flow of infooman
an interorganizational network, we can reasonably expect that when groups are densely
Il i nked by Bignp @ belongmd and potentiali means of all@i¥icari
2014:92) users are more likely to be exposed to the same information and to spread
peces of content seen el sewhere within their
thes links. Thus, denser areas of recognition do not constitute a flow of information
per se, but surely facilitate this fl6v Thus, the following section will explore gh
recognition network on the mesevel of subgroups or communities.

The identificatiorof subgroups may be driven by aprori knowledge of actors
and an expected community structarel thus be used as a confirmatory analysis. In
other cases,such did,i t may be dri ven btpunteiseandmesear cher
network, reveal commmity structure and interpret theresults in an exploratory
process. Used like thisommunity detection lends itself well to a deeper exploration
of graphlevel propeties such as density and fragmentatibor the detection of
communities in networks, aumber of different algorithms have been developed,

based on decomposing a graph by a stepwise deletion of ties with the highest edge

5" Table 1V.26, later in this thesis, will also show, that the adjacency matrix of recognition and
information sharing are significantly correlated, meaning that groups who are connected in one
network, are &0 comected in the other.

158



Analyses

betweennesgGirvan and Newman 2002y maximining the modulari®§ of
partitions(Clauset et al. 2004pby randorwalks alonghe edges of a netwo(Rons

and Latapy 2005)r by using a mapquaton focused on flow in network@osvall,
Axelsson, and Bergstrom 2009)hese algorithms differ by the types of network
properties they can handle (directed/undirected, weighted/unweighted, number of
components) and by their computation tireeq Lancichinetti and Fortunato 2009 for

an overview) While | do not find it helpful to dig deeper in the technicalities of the
various algorithms for the purposes of this thesis, it must suffice to say tstett
several algorithms implemented in the network analysis padgegeh (Csardi and
Nepusz P06) used the algorithms that are designed to handle the properties of the
data,andreport results that are most interpretaflable |V .6 reports the results of a
community detection using the Infomap algoritiRosvall et al. 2009pn the one

giant weak component (nodes=156) of the recognition nefwockuding only the

three communities with a membership of at least eight grduestable sums up the
results of his community detection, reporting some of the already introduced
measurements to describe the structural properties of each of the itgest b

communities segrately.

TablelV.6 Structuralproperties ofcommunities of size >8 in the recognition network

Measure C1 Cc2 C3
Nodes (fraction o€Component 118 (.75) 8 (.05) 8 (.05)
InternalEdges (fraction of Component) 409 (.71) 16 (.03) 10 (.02)
External Edges (fraction @omponent) 99 (.17) 34 (.06) 28 (.05)
Density .03 .29 .18
Reciprocity A7 .38 2
Average Path Length 3.05 1.33 2.03
Centralization(in-degree) .10 43 .39

58 The Modularity score Q, seeks to inform the researcher about a significant departure of the assumed
partition of a network against a null model with a random structure.
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Certralization (outdegree) .35 .29 .25
Transitivity .21 51 15
Average edgéength in km 274 129 189

Firstly, it seems that a vast majority of nodes@eeed in one big community,
C1, comprised of 75er centof all connected node&econdly this community is
remarkably similar to the overall network, withly slightly highewaluesin densiy,
centralization, and transitivity, and slightly lower vadue reciprocity and average
path lengthln addition, the average length of an edge in kilomsete similar to that
of the overall networkC2 on the other hand exhibithi@hervalue in reciprocity and
transitivity, meaning that theight groups of tls§ communityare densely (.29) and
mutualy interconnected, leading also to triadic closure amlls path lengths.
Nonetheless, this community Iy far more in-degreecentralized than the overall
network is, meaning somegroups are vastly more popular thathers in this
communityare However, this community isot separated from the rest of netiyor
as the 34 external ties, i.e. ties that connect nodes in this community to nodes in other
communities indicateC3 that also consists of eight groups, liesnewhere in the
middle between C1 and C2, as the measures are concerned. In summary, we may
interpret these results as a structure, in which only very few groups seem to form very
few dense clusters, that &allmdsitO2Bigem et o
IV.15illustratesthe two smaller communities. Inishvisudization, nodes are placed

by the forcebased Fruchterman Reingold algoriffinFruchterman and Reingold

591n this case, the algorithm yields very din resultsto a visualization based on multidimensional
scaling (MDS) 6 geodesic distances. Onethé advantages of MDS tlkat distances in the plot can

show

be clearly interpreted. 1tds disadvant axppea however i s

lesshactepnabut aesthetically more plBorgatietely | ayout
2013)
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1991)for network visualizationNode size is proportional to thetal degree of a node

in the entire network. Squarshaped nodes represent the gsotrpm Hessia in C2

and from Bavaria in C3, while all other nodes are cistiapedThefigure tells us that

in both cases, geographic proxim{ig the sense thdour (C3) and five(C2) out of

eight groups are from the same geographic aeajns to plaa role for cohesion.
While there is an extensive debate about spatiality in networks (Gould 1991;
Hedstrom, Sandell, and Stern 2000; Nicholls, Miller, and Beaumont 201 8)is

thesis | will not enter this discussion in detail, but rather assumeeaunaierstanding

of geographic proximity and investigate
If we take the average length of an edge, measured in kilsnbt&hC2 and C3 have
shorter average lengths then the average of the néfwatheastfor C2, this finding

is significant and indicates, that in this case, community structure corresponds to
geographic proximityThis proximity in spatial termalsoseems tde associated with
reciprocity, meaning that among the Hessian groups, it is noonenon to be aware

of each other and return a positive nomination than in other groups. The algorithm has
also placed the most popular overall node DEO3 in this communiighvelxplains

the indegree centralization of this community. C3 that consists attlgpn8avarian
groups is also centralized around a group BYOL, albeit with important differences:
BYO01, as the node size shows, is not as connected in the entire netwdtR& il

BYOL1 is not only on the receiving end of recognition. Instead, we camaei does

reach out to two Saxon groups within the community, which do not reciprocate the

801f we apply a permutation test and draw 5,000 random samples of 16 (C2) and 10 (C3) edges of this
network, only .04 per cent (C2) and 16 per cent (C3) of th@lesnmave ahorteraverage length. At

least for C2, we can thus assume that groups are significantly closer to each other in spatial terms than
expected by chance (Although the placement of the Gerwadg/group in the centroid of Germany

slightly distots this measre).
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effort. I n that sensecl BY®1l aiss DiE@tactbliée mapmgt e
as a regional bridge between Bavarian and other grddpwever, even if His

investigation of two smaller communities serves to illustrate trends and tendencies, it

must not be oveinterpreted, as we must not forget, that both communities ar@esno

separated from the rest of the network, as the visualization may imply eboibdes

of C2 and C3 hold 34 and 28 ties to other nodes outside the communities. Therefore,

the entire network is not clearly structured along community lines, as theeablati

low modularity score of Q=.16 explains. Figure A.6 in the Appendix featurg&

Layout of the entire network (without isolates) that shows how even the smaller more

cohesive communities are still relatively well connected in the entire netwotk, tha

does not seem to be strongly divided among comnulingg.
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Figure IV.15 Communities @and Q in the recognition network
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What is more revealing of an underlying structure in this netwadfigsrelV .16, in

which the nodes are placed according to their geographic position on a map of
Germanyln thisfigure, node size corresponds tediegree and nodes with more than

20 outgoing connectionsaltabelled. The colors represent coumties C13, with all

other nodes colored whité/e can see that on a map of Germany, the eight groups of
C2 (orange) are mostly in central Germany (Hessia), while the eight groups of C3
(blue) are split between ther@hdy discussed Bavarian groups ahdse in East
Germany.The added value of thifgyure is that it reveals a geographic pattern behind
the divide of receiving and giving recognition that was discussed earlier. The
overlapping labels in the Soutest hae many outgoing links, but as the eacsize
indicates, they receive almost no recommendations themselves. The groups with
relatively many inand outgoing links, i.e. labelled nodes of moderate size, are placed
in Saxony with the SNabels. The two largeades DEO3 in the center and BB31
recave most recommendations without giving any themselves. While these two surely
stand out, we can see that many other popular groups seem to be located in (Northern)
Brandenburg and Berlin. On the other hand, groupsanNest and South almost all

receivevery few recommendations, as their smaller node size indicates.
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Figure 1V.16 Geographidayout of theecognition Network
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Therefore, the key finding in terms of identifying structural patterns in theggivin

and receiving of recommendations is not one of a strong division between internally
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cohesive communities but one that underlines a clear geographic divide between
popularty and outreach, with especially the former more prevalent in Germiley

or Easten-Germangroups. With these findings about structural patterns in the overall
network, in communities and on key actors within this network, we will focus our
attention tovard a comparison of other types of ties that can serve to operationalize
the varios aspect of resource exchanges. Therefore, the following two subchapters
will illustrate practices of information sharing andmobilization for events and thus
allow a conparative perspective on hagifferent groups make use of the different

affordance®f SNS and what patterns emerge from these interactions.
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InformationSharing

The second type of network that | group under the mechanism of resource exchange,
is informatbn sharing. Sharing in the sense used here, does not mean group A actively
providesany piece of information to group B, but rather means both groups share the
commonality of having access to and having actively debated a piece of information,
be that anmage, a video, or a newspaper report. We rneagonalyl assume that a
highly activegroup whose members collect and debate pieces of comagtbe seen

by others as a source of information to look to and may thus influence the formation
of opinions, orguide attention to issues and events. Collective action studies have
frequently hignlighted the role of information dissemination as mnportantfunction

in the organization adind mobilizatiorfor joint action(Bennett and Segerberg 2013)

I n Dianitdonampdl itchae Mo C framework (2015)
explicit survey questn to qualify ties that represent the dimension of resource
exchanges. Thus, a network of mutually shared pieces of information represents
exactly those aspects, those &®ythose newspaper reports, memes, digital leaflets,
etc. that do not remain with the confines of a single group but are collectively
ascribed with importance and meaning for the joint cause and thus are henceforth
influential across groups.o operatnalizeinformation sharing, | ran a search for
regular expressions that captureavy fAhtt p: // 06 or dAftp:// 06 h
of messages, meaning all posts and comments on the pages of all 185FARS.

Before mapping these data tmetwak of information sharing among AA§roups,

these hyperlinks themselves and theage and importance by and for different groups
may enrich our understanding of AAfsoups, in terms of how they use linking, what

they debateandwhat captures their attgon.
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TablelV.7 Hyperlinksin AASgroups

Hyperlinks

Total 110,432
Uniquelinks 84,075
Shared links 14,553

Per group mean 597

Per group median 220

Per group range [2 -14,409]

TablelV.7 provides dirst overview of the usage of hyperlinks in AAffoups.
Firstly, we can see that linking is a common practice, as in total, we find 110,432
hyperlinks embedded in posts and comments. However, as total activity varies across
groups (see
Figure IV.2 in a previous section), it is heurprising thatsecondlythe use of
hyperlinks varies from as low as two to a maximum of 14,409 in a single group. Thus,
from an average of 597 links per group but a median 220 of links per group, we can
conclude that many groups make moderate use cdrigks and few groups make
exceptiomlly heavy use of linking informatiohirdly, the table shows that groups
do not remain confined to isolated ecologies of linkiog that only 84,075 links in
the data are unique, meaning they appear only on oneghage. In turn, 14,553
unique hyperlinks can be found &t leasttwo different AASgroups providing the
substance of the information sharing network that will bdyaed in this section.
Before we turn our attention to the structural patterns of irddon sharing among
groups that arise from this ¢imking practice, | want to continue the investigation of
hyperlinks themselves, to foster our understanding ofdtimbsubstance and content
that forms the information ecology of AAgoups.

In order b study this ecologythe first step of data manipulation involves

extracting the domain from each hyperlink. While an analysis on the level of domain
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instead of hypenmk has the downside of any aggregative step, meaning a loss of
resolution, it also prades important advantageSirstly, it cancels ouhoisein the

data, meaning that a link to the same piece of information can contain many additional
elements, for exaple sec al | ed AUr chin Tr ackicanign Mo dul
tracking information. WHe in principle it is possible to harmonize these elements, |
find it easier and sufficient -offdro tehaicsh
hyperlink after the dmain. Secondlythe aggregation to domains provides a clearer

and more straigkfiorward picture of whichtypesof sources are pivotal for AAS

groups, allowing a look that is more focused on media ecosyéBamkler, Faris, and

Roberts 2018jather than singular storieBherefore, lusedtofgac kage dAur |l t c
(Keyes et al. 2018}o disassemble the hyperlinks into their elements and extract only
subdomain and top level domain. In additional steps, | exdlude he Awww. 0 fr o
domain, as well as signifiers of the mobile version of a wellsiiek e Am. 6 or Ar
in front of the domain. Thus, a link like
Ahttps:// www. openpet i t-absaniebdrealsaentischer on/ on |
salafistenislamiste® s i mpl y b e c o me. Jhisfiedyctomyelels2i®B i on . d
unique domains that weresed among AAgroups. The frequency of these domains

I s, as we would expect, unequally distri
videos, and posts themsels , ar e al | grouped under the
appears 40,348 times. One tbee hand, it means that members in Ag8ups
produce significant amounts of Aownod coc
information. On the other hand, for this arsaé it is thus more meaningful to look at

domains external to the Facebealtform, ag-igurelV .17 does.The chart is ordered

from top to bottom by the total amount of links to each domain, which is also the value
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of the xaxis. These to24 are overwhelmingly dominated by the domains of Rews
websites, with the nolde exception of the videsharing platforn¥ouTube. Ths tells
us that the external information that circulate among AA&ups is largely comprised
of articles from various German news websites. Thaltopain is focus.de with 4,481
links. The print ver®n of Focus magazine is one of the mospylar weeklies in
Ger man press. | t 6 sgropps maylpartrally ey expdaimex lhygya A A S
controversy around the magazines coverage of the already mentioned sexual attacks
I n Col ogne on NedocusYepatedasout he inciden® Witboaer
showing a naked white woman with black handprints all over her body under the
headi ng 0 Wd mfeenmigaant saxastaeks: are we still tolerant or already
bl i #d?o
Perhaps unsurprisingly, most of th@p news websites in Figure 1V.17 were
mostly critical in their coverage of migration and asylum, with conservative news
outl ets from the publisher ASpringero |ike 0
rightwi ng news out |l etos, |fiEpeo chAhd uTnignee sFor;e ifihNeeittz pl a
News 0 . Mor e mai nst reemlm nneeddanoag néwsgafers kS Z
ATagesspiegel 06 are not as popular in terms o
the list. Thus, we can assume that A¢®@upsdono f or m i soh amkear i c ho
obliviousto any mainstream discourse, but in turn follow the logic of a coynuielic
(Downey and Fenton 2003), well aware but highly critical of mainstream or
oppositional discourse (Kaiser and Puschmann 2017). Theirisight to the actual

content of links iggiven in Figure 1V.18.

20r i gi nal Ger ma n i NadhRlensBexdtackek Yom Migramtena Sind wir noch
tolerant oder schon blind?0
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Figure V.17 Top-24 domains (without Facebook) among AgkBups byfrequency
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Figure V.18 Top-24 domains (without Facebook) among AgkBups by number of AAgoups
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This chart follows the same logic BgurelV .17 but with the xaxis illustrating
the number of different AA§roups that linked to the respective domais, aa
additional measure of popularjtihatis not based onaw counts but instead tloe-
appearance of a domain in multiple A4%ups.The very similar composition and
the overall high values show that those domains who are central in terms of absolute
links are also the ones that span across most@tA&ps.It is notable however, that
this measure of theeachof a domain through the population of AAfoups is more
equally distributed than th@aw popularity measure in the previodgyure. This also
means that neMmgecwstpli etge | l0i,kd Zfei t 6, or ASuedde
to report more nuanced and less radicalized about issues pertaining migration and
asylum, are nonetheless cited dynostas many AASgroups as more conservative
and rightleaning outletsare This fits well with the above mentioned concept of
counterpublicsand witht he popul ar i t y -disdourse imthe dindpterge npr e s s e
on content analysis, meaning that despite the clearly radical views expressed by
members of AASgroups, they are not detached from a mainstream news ecosystem,
but instead are likelyo follow and (critically) debate information from various
source®.

Summing up,we can note that théollowing analygs of a network of
information sharingamong AASgroups is likely to reflecboth theproximity of
groups i n ter ms tonfpiecesemeanmg thedr Icahsumptioh and ma
discussion of (online) newspaper articles and YouTube videos, as well as in terms of

A i nt enformatiordpiecesmeaning useprovided content within the Facebeok

62 The tendencyo select news sources from opposing political standpoints and regardless of the
sour ces 6 ahagasotemdesabted by Hagerfl993)as t he search for Aopportur
witnesseso.
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platform.Thus, information sharing as we understand it here, represents a shared link
ecology, mostly in the form of media ecology, as the dominance of news websites
suggestsWhile this surely touches controversialates opolitical polarization in

general andelective exposure and echo chamliengarticular(Bruns 2017; Dubois

and Blank 2018; O 0,H belieae it suffides Brithe va&kenof thi2 0 1 5)
dissertation to assume thatetwork built by acts of (re)posting the same linka be
understand as f ¢ r e sharedsarial smaédimews agend#Bright 2016) Thus,

on the one hand the (Qoreation of such an agendasures that even passive users

are exposed to the same stories and images$ on the hand, it produces a common
repertoire of information that AAgroups can dravrom in solidifying their internal

beliefs and signaling those to the outside world

Network Construction

The analgis of this networks requiresfew steps of data manipulation that need
explanationFirstly, each of the 110,432 pairs of hyperlink ar&i;group was treated
as an edge of the network, which thus consists of 84,260 (i.e. the number of unique
hyperlinks plus the number of AA§oups) nodes. This is a twoode network,
meaningthat edges exist bgeentwo different types of nodes, namely AAffoups
and pieces of informatigribut never between nodes of the same type. This network
can be represented by a dichotomous matrix of dimensions 185*84,075 in which each
cell contains a one or a zero depegdon whether or not a given AAgoup has
linked to a given piece of informationSecondly transposing this matrix and
multiplying it with the original yields a symmetrical weighted matrix of dimensions
185*185 in which each cell contains the number oficmn pieces of information that

were shared both the group in the row and the group in the column in this matrix.
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In other words, thisimilarity matrix represents thenemode projection oh two
mode network. This network is bothndirected meaning ti expresses not
directionality but commonalitydiween two nodes ameeighted meaning the strength
of each commonality can be quantified througiedgé® sveight This weight
however s unequally distributed, d3gurelV.19illustrates.

In this visualization we can read theaxis as the weight of an edge and the y
axis as the probability of any given edge to have at least this weight. Each datapoint
represats one of the 7,273 edges in this network. As the doubly logarithmie sca
implies, very few edges are very heavy corgpato the many edges that possess
comparatively low weights and thus a higher probability in the plot. In fact, 2,929 of
the edges holé weight of only one, meaning they connect two AgkBups that

shared oly one piece of information.

Figure IV.19 Empirical complementary cumulative distribution function (CCDF) of weight for 7,273 edtes in
information sharing network.
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We thusobserve a behavior typicaf networksgenerated from online interactioin

which themost commorconnection is a weak one and the distributions are not well
described by measures like the mean or the standard deviation, as values are not
clustered around a typical val§€lauset, Shalizi, and Newman 200B)steadve can

speak of heawailed distributions that sm several orders of magnitude and do seem

to approximate lognormal or powerlaw distributions rather than exponential or
Poisson distributions, meaning that even though exceptionally large weights are rare,
they are much more common than we would exfyeaot assuming exponential decay

or even a normalistribution.The poperties of this network are summarized able

IV.8.

TablelV.8 Properties of the information sharing network

Network Properties

Nodes 185
Isolates 0

Edges 7,273
Density 43
Range of edge weights [17 3,827]
Mean edge weight 7.85
Median edge weight 2

To detect, analyze, and visualize structural patterns in such a network where
almost every nodés weakly connected to every other node (Dersi$), several
scholars have highlighted the importance of edgsed data reduction techniques
(GonzalezBailon and BorgeHolthoefer 2016; Mukerjee, Majé/azquez, and
GonzalezBailébn 2018; Neal 2014)The simplest approach ® apply a naive
threshold for edge weights,m@ving any edge below a certain weight. The underlying
logic is that low weights in projections of affiliatioretworks represent ephemeral

connections and are unlikely to reflect to stable, {@sfing, andstrong overlaps.
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While this is certainly trueit ignores the factthaa ct or sd properties 1i ke
membership or duration of activithat limit the naximum number of affiliations of
each actormight be unequally distributedh this case, thigertainly applies to the
number of total activies per AASgroup, as the discussion on
Figure IV.2 in an earlier chapter has shown. For a networknédrmation
sharing, an edge weight of 25 may be considered a strong connectogrbup with,
say, 1,000 total activities. Fa group with 10,000 activities however, 25 may mean a
weak connectoindm.ol Thwmg, ffor t hi pdefiniogcaa | di spar |
null model to determine what counts as an exceptional connecgom, significant
departure from randomness, &ddering that connectivity in networks varies
significantly from node to nodéGonzalezBailén ard BorgeHolthoefer 2016)The
| ogi c behi nd tedsantallyahitphe mature bf-edfiliatiort data ffom
frequencies of ceoccurrences to tendencies or revealed preferences ‘wcomo
(Borgatti am Halgin 2014:426)While applications based eng. Jaccard Coefficients
have been in existence for some decades, more recent developm®atsaoyg et al.
(2009) andCoscia and Nefftké¢2017)have proposed an extraction of treckboneof
weighted networks based on normalizing the weights for each edge between node i
and the adjacent nodes and comparing the empirical weights to randssigyeal
weights from a uniform distribution. Téiields a measure of probability of existence
of each weight against a null model amdnventionalp-values can be used as
thresholds. Thus, as thhkird step of data preparation, | implemented Serrano and
coll eaguesd backbone [Rythonrpegrammioglangubgg or i t hm i n

calculate the sealled alpha values and used a threslbld=. 1 to filter out any edges
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above that scor@he properties of theesulting networkvhich will be the object of

the following analysis, are summed upliablelV .9.

TablelV.9 Information sharing network before and after backbone extraction

Network Properties Before Reduction After Reduction
Nodes 185 185

Isolates 0 26

Edges 7,273 941

Density 427 .055

Range of edge weights [17 3,827] [37 3,827]
Mean edge weight 7.85 39.9

Median edge weight 2 19

We can see that the number of edges (and hence density) is greatly reduced in the
netwok 6 s b ac k b o nmeight imtheeeduced wetwsrtk is now three, meaning
that any edge of weight one or two also had alpha values wéaboThis leads to a

new mean weight of almost 40 and a median that is still lower than the average, yet
not to seh a degree as before ustion. Ideally, these procedures of data manipulation
and reduction will allow to flesh out the structural patein the practice of

information sharing among AA§roups more clearly.
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Graph

The measures applied to assess tiopgrties of the entire network of information
sharing are similar to thenes used to inspect the recognition network, with
adjustments madue to the undirected but weighted nature of the foffadtelV .10

presents the resulis a comparative perspective.

TablelV.10 Structural properties of the recognition and ihéormation sharing networks

Measure Recognition Information
Sharing
Directed Yes No
Weighted No Yes
Edges 579 941
Range of edge weights n.a. [371 3,827]
Mean edge weight n.a. 39.9
Total edge weight n.a. 37542
Density .017 .055
Reciprocity .18 n.a.
Isolates 29 26
Fraction of Isolates .16 .14
Components (isolates excluded) 1/3 1
weak/strong
Maximum Canponent Size 156/53 159
weak/strong
Average Path Length 3.67 2.42
Connectedness weak/strong .71/.08 .74
Centralization (irdegree) 12 .46
Centralization (outlegree) .29 46
Transitivity .20 .32

From these measures we can deduce that the informsti@aring network is more
cohesive than the recognition network. While almost six percent of all possible edges
are realized, only 14 perdeaf nodes remain unconnected to any other node. Those
who areconnected arsoin one single giant component, whakensity (not in table)

is .075. This corresponds to an average path length of 2.42, and a connectedness of
.74. In substantial terms, thiseans that AAjroups are not separated by producing

and debatig different information but instead seem to be yaiwbmogeneous in their

178



Analyses

information sharingWith the exception of the 26 isolated groups, all nodes are
connected by linking to an averageatimost 40 shared pieces of information. At the
same time, th@etwork seems to be both more centralized (.46)naok clustered
(.32) than the recognition networkhis higher centralization may be the result of a
more instrumental logic at work: We caell imagine a generally homogeneous set
of organizations, lie AAS-groups, to (happily) rely on few central dibtsitors of
information, as in the absence of deviant discussions or opinions, there is little need
for alternative hubs of information. Thact that all groups are connected in one
component can suppaditis assumption, which also fits well with the resuf our
content analysis in chapter 4/ There, we found that discussions rather serve the
purpose of reiterating and fostering precoticgs and frames rather than openly
deliberating an issue frowarious, contrasting angles. In genethls centrakation
means thatlespite high cohesion in the overall network, we may look at inequalities
within the network, thatanbe revealed by amspection of nodéevel measures in

the following section.

Nodes

Unlike the recognition network, we cannot distirgjubetween inand outdegree in

the information sharing network. Nonetheless, an unweighted measure of degree, i.e.
the number of other gups with which one group shares information, can inform the
researcher about central actors within a netwogk those with morepportunities to

influence others.
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Figure IV.20 Histogram of degree distribiain in the information sharing network
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Figure IV.20 gives an indication of how degree isstdbuted across AAS
groups. The highest bin contains the 26 isolated nodes with degree zero. From then on,
we can see that for most groudegree centriity ranges between one and 30, with a
few outstanding exceptions. Six groups are each connectedrt® thran 50 other
groups through information sharing, with a maximuatue of 95. It is this unequal
distribution of centrality that explasnthe high scer for centralization in the graph
level analysisThe groug with the highest value (in descendingrder) are SN33,
SNO06, THO1, BW19, BB3land BB26 Given that ties in this network are weighted,
we canadditionally introduce measures of igleted degreeantrality, either through
the combined weights of all edges adjacent to a node or through the aveigigeof
all edges adjacent to a nofforgatti et al. 2013)The former measarproduces the
exact same order for the tdpur groups with total weights of /3, 6,876, 2,841, and

2,646, meaning they are not only connected to many other groups, but also that they
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are very ative in sharing informationA look at the latter measur@ average tie
strengthhowever reveals that none of the groagsociated with any connections
and overall strong connections can be found within thedopln fact, the ten groups
which sharenore than 100 pieces information in an average tie all Aawreximum
15 ties. In turn, this means that there seems to be no immediaectonrbetween
having many ties and having strong ties.

Three of theabove mentionedmost connectedgroups alreadyfeatured
prominently in the analysis of the recognitionvmetk, albeit in different way$Both
Saxon (SN) groups scored high in terms dfre@ach, whileone ofthe Brandenburg
groups (BB) scored high in terms of popularityVhile all three groups share
information with manypartnersthetotal and average amouwf information shared
through these ties is substantially higher for$iNegrous than for the BB group. As
the ties in this network are undirected, we can only speculate about the substantive
interpretation of this fadgt we might however reasonably assithat the high sharing
volume may again be a resulttbesegroups 6 q u &tsntion,fa®tiney frequently
reproduce content they find in other groups. In other words, groups who did no¢receiv
as much attention in the recognition network make higiser of their ties in the
information sharing networkndeed, if we apply a simpllinear model to inspect the
relationship between popularity, outreach, and the average volume of information
sharng for each group, we find a positive, significant assmeidbetween outreach
and information sharing. This supports the speculation dttehtionseeking is a
driving mechanism behind a gr othgwolsmeact i v .
of informationsharing Howeverwe must remain careful in thisrd of interpretation,

as the data at and does not allow to clearly state whexegof information originate
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and where they travelrherefore, we willeavethe investigation of single nodes hist
point and turn attention to the discussion of subgroophe information sharing

network.

Communities

To identify cohesive subgroupsf enformation sharing, | applied the Infomap
community detection algorithnRosvall et al. 20090 the biggest component
(nodes=159) of the network. In total, the algorithm was able toifgenmore clear

cut community structure than in the case of the recognition network, with a modularity
value of Q=.9. Of the 13 communitgthat the algorithm identifiedablelV.11sums

up the structural properties for all subgps of at least nine members.

TablelV.11 Structural properties ofommunities of size >8 e information sharing network

Measure C1l C2 C3 C4 C5

Nodes (fraction of Component) 79 ((50) 14 (.09) 11(07) 9(.06) 9 (.06)
Internal Edges (fraction of Component) 483 (.51) 72 (.08) 20(.02) 13(.01) 14(.01)

Total weight of internal edgefdction of 19,038 6,948 546 (.01) 401 (.01) 118 (.00)
Component) (.52) (.19)
Mean weight of internal edges 39.2 96.5 27.3 30.85 8.43

External Edges (fraction of Component) 199 (.21) 59 (.06) 51 (.05) 80 (.09) 53(.06)
Total weight of external edgesdction of 4,028 1,299 1,035 1,683 891(.02)

Component) (:17) (.03 (.03) (.04)

Mean weight of external edges 20.24 22.02 20.23 2104 16.81
Density .16 .79 .36 .36 .39
Average Path Length 1.96 1.22 1.90 1.64 1.78
Centralization (degree) .69 .13 .34 .64 .36
Centralization (betweenness) .26 .06 .26 74 .34
Transitivity .39 .93 .50 40 48
Average edge lengtin km 267 56 a7 83 257

It is the nature of communities to likense than the overall networksStill,
community C2 starslout by havingrealized 79per centof all possible (internal)
edgesThis goes hand in hand with a transitivity of .93, meaniedrction of closed

triads in C2ltis also the community witlne highest average weight of internal edges,
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meaning that through an avgeaconnection within the community, 96.5 pieces of
information are sharedhus, even though the community contaon$/ nine per cent

of all nodes and eight percentofalledgessi edges carry 19 per
total edge weightln addition of the communities in the table, only C1 and C2 have
more internal than external ties, meaning the members of dw@amunities share
more ties with each other than with all otlggoups of the network. While C1 is
comprised of 79 groups, and thus hdlflee entire component, thiehavior might be
expeced For C2 however, this is more remarkable, as is consisislpfl4 groups,
thus having much morpotential external ties tharC1. Nonetheless, the ties that
members of C2 hold to members of other ommities areslightly stronger than other
external ties, with an average weight2@fpieces of information. This na@s we can
describe C2 as a highly cohesig&rongly connecte@nd nonhierarchical (i.e. lowly
centralized) subgroup, that holds relalyvéew but comparativelystrong ties to the
rest of the networkWhat is striking about C2, is thatl but oneof the AASgroups

in this community are from Brandenburg. This medyad information sharing in C2

Is a highly localized practic&he averagéngth of an edge, measured in kilonste

is only 56 (network average: 238km), and thus significantly lower thpacted by
chancé&®. As strong connections exist to the rest of the network, we can nonetheless
assume that while certain pieces of infornratioay gain more attention locally, these
groups do non remain oblivious to information in the reshehetwork bu are also
strongly engaged in circulating information that attracts attention outside of the

community. These dynamics are all but deterisiit, as a look at C4 shows.

83 The permutton test to establish significance is the same as used for the recognition network. Also
see: Footnot&. The test also shows that edges in C3,@dre significantly shorter than expected,
while edges in Clra signifiantly longer.
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Membership to this community again seems to correspond to geographic proximity,
asall its nine groupsra from Brandenburgnd the average edge length in kilomete

iIs 83, and thus significantly lower than expected by chadogever, the internal
structure is by far more centralized both in terms of degree (.64) and in terms of
betweennes(.74). Betweenrss centralization (graph level) or centrality (node level)
measure the number of shortest patbisveen any pair of nodésatgo througheach
node(centrality) and the inequality of this score (centralizatidnhigh betweenness
centraity can thus meatihat many actors depend on one single actor to bridge different
parts of the network. Thus, on node level, it can servedeotify brokers or
gatekeepers, holding power in the sense that they can influence which pieces of
information pas through the netark and which do noMhen we turn our attention

to Figure IV.21 the concept of betweenness celitirdbecomes clearerThe figure

shows communities C2, C3, C4, and Ciotted separately. Node position is
determired by the Fruchterman Reingold algorithm, that seeks to place well connected
nodes in the center of the graph. Circular nodes are thosetlieomain geographic

area ofeach community, while square nodes are frasther regionsLabel size
correspondstogr oupdés degree centrality <calcul ated
Il mportantly, node size correspaecakcdaedt o each g
for the entire network. This means that C4 is noy dighly centralized internally, but

also that the @minant actor within the community holds most of the connections to
the rest of the network. While C3 and @t not dependent on a singlegp to
manage the flow of information to the rest of the network, #se ©f C2 is entirely
different. As we discssed above, the communitystrongly and densely internally

connected, with little tendency of centralization. However, as the vast disciep in
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terms of netwde-wide betweenness (i.e. nedze inFigurelV.21) illustrate, shang
information with the rest of the network is highly dependent on a single node in a
powerful position. As the clustering of nodes sedmgorrespond to geographic
proximity, we can therefore speak of actors who perform the role of regional hridges

or fispanners (Borgatti & al. 2013)between groups
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Figure IV.21 Communities C2, C3, C4, and C5 (clockwiieen topleft) of the information sharing nebrk

HEOS
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In the case of community C4, the AAfoup in that position is alreadypown
from our previous analyses: the highly popular Brandenrbasgd group BB31n the
case of C2, this role is taken by group BB19, waas not yet playedn outstanding
role in any of the measures applied so far.

Comparinghe internal structure an@utralization tendencies within subgroups
to the networkwide betweenness centrality score of Ag®ups forces us to take a
look at the bigest community indrms of the number of groups it comprises: C1.
While it is already the most centralized in terofsdegree, it is also the one than
contains the group with the highest overall betweenness centrality,-Based SN33,
which we have beguto discuss abovéiowever, C1 does not depend on SN33 as the
only bridge to other communities, as the visualizatbthe entire network ifrigure
IV.22 shows. In this figure, we see nodes laid out according to their geographic
position®, while colors represent the results of the community detection outlined
above, with separate colors for tiop-eight communities and a light gray for the rest.
The only edges shown are those that cross community boundaries, meaning no edges
existbet ween members of the same community
corresponds to its degree in an imagyngraph without intrecommunity edges. In
other words, bigger nodes are well connected to cohesive subgribgpthan their
own. From thidigure, we can read several thing#stly, the aforementioned regional

clustering of AASgroups becomes visibla its entirety.

64 A layout based on multidimensional scaling can be fouridgnre A77 of the Appendix. It
confirms the partition of the community structure, as nodes within the same community are placed in
similar positons in thidayout.
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Figure IV.22 Geographic visualization of the information sharing network
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Secondly the measure of betweenness centrality applieBigare IV.21 is
robust, as the sellts match those of the degree centrality applied Agially, as the
number ofedges shog/ communities are dense subgroups, but notedntdetached
from each otherAnd fourthly, the largest community C1, shown in green, is scattered
all over Germay. We can also see several larger nodes in C1, meaning despite its high
internal degree cenlity, several of its members are well connécte other parts of
the network. This means, information flow is not monopolized by only actor, but
depends on sevargroups.

Finally, before turning our attention away from the inspection of content and
information sharing, | would like to close this 8en the same way | opened it: by
looking at the actual content that circulates through the tidseaofetwork. Sice the
community detection of AASroups revealedlocalized information sharing
communities, liis leads us to ask whether or not the piegfemformation shared
within these communities differ from what is relevant outside these communities.
Analogous tahe analysis fronfrigurelV.17, | opted to count the number of links to
each domain (excluding Facebook), but seedyafor each of the five biggest
communities in terms of AASroups. To reduce the amount of work and exclude
rarely appearing domains, | used otie top ten domains in order of the frequency of
their links, and handoded each domain to one of thre¢ @agor i es fl ocal |
news websiteo, fAnational news websiteo,
As we have seen earlier, except fonks to the YouTube platform, the information
ecology of AASconsists mainly of news websites, which is whgy@an focus on the
dichotomy of regional versus national news. Firstly, it was striking that the regional

news | idetified within each community we indeed focused on the region where
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most ofeachcommunit/& groups were located. Secondly, TablelV .12 illustrates,
all of the top five communities show a highexdtion of regional news thahe overall

network.

TablelV.12 Fraction of links to regional news sources in different comitras

Community C1 Cc2 C3 C4 C5 Network

Fraction of links to regionalews .10 .18 .53 43 .25 .08

In caes where the community is geographically more dispersed, like C1, the
fraction is .10, while geographically more confined communities like C
(Brandenburg), C3 (BerliBrandenburg), C4 (SoutheasteBnandenburg), and C5
(mostly BadeAWurttemberg) all shovhigher fractions of links to their respective
regional newsWe might speculate that these numbers are even higher, considering
that some mai on al papers | ike the tabritmi d ABi |l do
YouTube channels might also have a regionauso®ue to the constraints of this
thesis | focused the analysis only on domains, which do not allow for a more fine
grained classificatiorin any case, it is likely tha more finegrainedapproabt will
even increase the fraction of localized conteiie Key information however is that
while national news and the stories therein form an important part of the flow of
information throughhe overallnetwork, it is regional news and their localizéaries
that may explain the formation of localized cohesisubgroups in the information
sharing network. The implications of this are twofold: neitirerwe likelyto witness
a NIMBY®>-phenomenonin which AAS-groups care about the opposition to asylum

shelters in their local setting but are oblivious to bepayt of a greater protest

85 Acronym for Not In My Back Yard
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phenomenon, nado the affordances of social media lead to a sharing behavior that
neglects the importance of ldized content. The role of the regional brokers in that
logic however remains unclear. In the two cases C2 and Rerewve could clearly
identify such powerful actors, their removal from the analysisld lead to values of

.17 and .67n TablelV.12, meaning only in one case did the broker clearly share more
national than regional news. Thusom the lack of cases we cannot clearly say
whether or not they serve as a bridge between more national and more regional content.
What we @an more confidently conclude from that exercise is that the sharing of
regional news content can serve as an impbmaechanism for the formation of
localized communities in the information sharing network. Removing the identified
domains of the mosinked regional news and constructing an information sharing
network without pieces of information from this domain siraple way to test their
function. l ndeed, subjecting such an f#dtr
original information sharingework reveals a less cleaut community (Q=.30) and

a far less localized community structdfe.

Thus, b sum up theesults of the investigation of this type of tie, we can
conclude that the information sharing networks shows a-clgdwcalizedcommnunity
structure driven by the sharing of more respedyMecal pieces of information within
than across communitiegn addition, he communities exhibit different internal

structures. In some cases, despite high cohesion within commuamtiethus low

certralization tendencieswe could nonethelessdentify powerful brokers whose

66 Althoughwe may argue that more thorough undertaking of this kind would require the
identificationand exclusion of all regional links, not only the most shared ones. However, given
limited resourcs, this was not feasible.
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connections spaacrossdifferent commaities. We could also see that many of the
groups which are central in terms of degree and betweenness were alreadyrgromine
in either poplarity or outreach in the recognition network. However, while
information sharing is clearly an important part obaerce exchanges, some
researchers have argued that collaborative collection action is a more rigid criterion to
asses int@rganizational atworks (Saunders 2007)Therefore in the following
passage we will turn attentiontardAAS-g r o u pirlvalverneat in (éfline) protest

events aan additional anfinal way to operationalize resource exchanges.
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Co-mobilization

In his appliation of the MoCframework, Diani (2015) analyses the joint
involvement of organizations in events both asetwork of organizationdeing
connected through events and asxework of eventdeing connected through
organizations. Public events from a egclive actonpeyrpect i v ebringdavwve t o
or more people together to realize a common purpose or specificdd@ampson et
al. 2006:675) In that sense, Samps@nd colleagues | a i m mdvdmerits aiid
related protest events are not just aggregations of individual participants; rather, they
are social products born of complex interactive dynamics played out within
established social settings ( 2 0 0\Be céndle@r)y see howhiat understanding of
events resonates well with a relatbrperspective to collective action and how
studying thesedynamics with the means of SNA lends itself well to foster our
understanding of the interplay between groups and events. It must be owtdh
that events form a broad category, that may spaneaneful neighborhood meeting
to disruptive protestsHe sitins or squatting. Therefore, Sampson and colleagues
(2006) distinguish between Acivi ey nAprot
operationalizes$civico andfprotesb events to studjoint involvement in either of the
two. While it is meamgful to distinguish theoretically and empirically between the
participation in a charity event and a violent street confrontation, tipedtisn of
events in this chapter will illustrate that ineticase of AASroups, the events are
overwhelmingly demostrations and as such of th@otest type - given the
oppositionalnature of AASgroups, this might not come as much of a surprise. As
Diani argues, public events dmmeodbmovementsme an s

in particular b u t offer imavgmenrdictors their best opportunity to attract wider
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attention, making their voices heard, or challenging everyday life rodtine¢ 2 0 1 5 :
120).Thus, ceparticipation in or more precisely ¢oobilization fa public events is
a visible display of joint claims arahn both lead to fostering solidarity and collective
identity. As such, caonobilization ties might as well be treated as twmundary
defining type.However they require the strategic choice to deviimited resources
of attention and leverage of moldition potential by each groulp.is preciselythe
latter aspect that invokes a notion ofroobilization as a in&trumental collaborative
tiedo (Simpson 2015:49, cf Saunders 200atd thus | opted to treat the joint
mobilization for a publiceventby two or more AASgroups as a type of resource
exchange.

The data to operationalize mobilization for events can be taken from the
Facebook dataset on the 185 Ag®ups introduced in chapt#l . It must be noted
that Facebook offers the possibilitycreate, share, and claim to attend real live events,
such as parties, meetings, or demonstratidhg. creators of a post (thus usually
administrators) can select the category ofemant endling certain functios like
confirming attendance before and after the event, calendar entries, additional
discussons, etc. Thus, to increase visibility and participation, it makes sense to assume
that if AAS-groups are interested in publicly promoting event, they will us¢he
eventcategory of Facebod& post typology. Therefore, we will investigate exactly
thesetypes of posts as events in this chapfablelV.13 sums up the collectedrent
data:128 of all 185 AASgroups maoilized 957 times fo519unique eventExcluding
double postings of the same event within the same-g#8p, we an count 892

unique groupevent pairs. Thus, on average each group mobilized for 6.97 events. As
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the lower median and the range suggest, fgaups stand out by being more active,

with a maximum of up to 51 events being promoted by a single group.

TablelV.13 Events in the AA8ata

Events

Total Links 957
Unique links 892
Unique events 519
Per group mean 6.97
Per group median 35
Per group range [1-51]

Before we begin the analysis of thetwork of cemobilization by AASgroups,
we will briefly shed a light on the events themselves and explore what we can learn to
foster our mderstanding of AASrotests in terms of the issues, the locations, and the
relative importance of these events. ifstf step in doing so, is to simply look which
events drew the most attention in terms of receiving mobilization calls from different
AAS-groups. In a bipartite, directed network between groups and events, this would

cor respond to an eventodos indegree.

Figure V.23 Histogram of indegreef 519 eventi a bipartite groupevent network
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FromFigurelV .23, which illustrates exactly this measure, we can see thiét w
most events are mdlzied for only oncethere are nonetheless 173 events that receive
mobilization calls from at least two difient AAS-groups, i.e. they havan indegree
above one. The histogram also shows that most of these events do not receive more
than nine different wbilization callsi with a few exceptional events that drew the
attention of up to 19 different groug=or anin-depth analysis of the cleateristics of
events that draw many AAr oups o6 attention, I Il nspected t
38 events that reived calls from more than three grotfpsn eight cases, it was not
possible to retrieve data anymore, as plages were deletethe datahat is publicly
visible on an events page includes the title, a description text, the location and time, a
linktot he i nitiatords page, anQ@fthe3resixanmg cases afl
events, all were street pest events, either in the foroh demonstrations or of vigils
at the construction sites of asylum shelters. Thus, when speaking of events sethe ca
of AAS-groups, itis likely that we exclusively meprotestevents, as opposed to civic
eventgSampson et al. 200G8n addition, 28 of the 30 events took place in the former
GDR orin Berlin, with only two events held in SoutNestern GermanyRegional
foci clearly liein the regions of Brandenbg and Saxony, where we cowl$o locate
many AASgroups A look at the initiators of these 30 events reveals than in 14 cases,
events were initiated by AA8roups themselves. On the one hand, we need to be
careful, as initiating an event on Facebooksoet necessarily mean organiiit on
street leveli it merely means to be the one who enters the event into Facelsook

system On the other hand, given the ubiquity of Facebablseems reasonably

67 Surely this number is arbitnato some extent, but it should allow the inclusion of the most
important events while at the same remaining feasible in terms of the effort required
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unlikely that any other group of activists who organizes a demonstration would not

also be the one who posts it. In the casesveints organized by the Berlin and Leipzig

chapters oPEGIDA, which can also be found among the 30 inspected events, it was
clearlythe organizers themselves who also initiated the event on Facebook. Therefore,

we can assunmthat AAS-groups do not only join in on existing events but appargently

In some casesnvest the resources to stage own eveAtgjualitative and non

systemé&c look at the titles and descriptions of the events further reveals that all of
themdeal with various aspects of migration. In some cases, the topic is the immediate
oppositiontoanasylum hel t er , e x p Gierxesneedns aceceptantde t i t | €
are not silent! Spremberg says no to the Asylum shiftelth other caseshe topicis
violence and crime perpetr atGadnarbvictiméor ei g
foreign Perpetratord®, b3 against violena®®,  8acuritiy instead of feaRight

to the future courage for resistan@él. Other topics of these events inclute tall

for remigration, the closing of German borders, the resignation of the German
government, oGer many 6s withdrawal from the Eur
Atlantic Treaty Organization, calling for an alliance with Ruslsiaddition, the target

group addressed by these calls is gergral h &ernfian citizeda o r Gerntee A
patrioto , whil e the initiat or sconaerddeitizeris,p e a k
ficitizeninitiativesd  citizenfimovemens. This corresponds to
reflection ofAAS-groups in the chapter on content analysis, where the civil and civic

nature of the self, the concerasd the tactics was frequently highlighted. Also, many

®0ri gi nal Ger man: 0 ScWiwsshwgigen nichteSprénberg sagt Mein mume n

Asyl hei m! o

®0riginal German: f@dADeutsche Opfer Fremde T2tero
“0Original Ger man: AWir gegen Gewalto

“"Original German: #fSicher h-dMiutt <gtuant tWi Areg st lankRe oht

197



Analyses

denonstration descriptions include calls to abstain from violence and oftentimes the
initiators seem well versed in the rules and laws required for a demonstration in
Germany (e.g.: regarding flags, glass bottles, dogs, tattoos and symbols). We may thus
speclate that at least those who organize the events do possess some experience in
protest.

Even from thisbrief inspection, we can conclude numerous thirkgsstly, in
many instances the issues promoted via events are in line with the topics discussed
within AAS-groups, analyzed in a previous chapter of this dissertafiecondly
while some egnts revolve around the opposition against a specific asylum shelter,
many other events (at least of the sample) deal with various conpetraléregarding
migration. Thus, AASgroups do not remain confined to a singdsue (asylum
shelters) but alsoxpress to be part of a wider collectigkantrimmigrationgroups
Thirdly, despite the civic fagade, these issues and the perspectives takemarath
clearly be categorized as rigiving. Fourthly, AAS-groups do not only join in on
other protest phemeena they regard as worthwhile, but also very likely possess the
experience and hence organizational resources to stage own protest evefifthlynd
the geographiscopeof the events promoted clearly overlaps that of the main activity
of AAS-groups, a explored in an earlier chapter.

Before we turn attention toward a network ofroobilization among AAS
groups, | will briefly discuss how eventeeaelated to another by being mobilized or.
This is analogous to the approach taken in Diani (2015), wad ap z e dualitydh e A
of events and organizationd/hile the focus of this work is on interorganizational
networks, we will not dive too deep into analysis of this network, but rathadd a

perspectiveon the way events are interrelated to the debatealide left side of
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FigurelV.24is a visualization of the n@brk of events that are connected by at least
two AAS-groups. We can both see that the network is partitioned into one giant and
four smaller components. Node colors idddally represent the results of a
community detection using the Informap algoritnisual inspection confirms what

the modularity score of Q=.73 already indicates: There are clear cohesive subgroups
of events that are densely interconnected among @aer, but looselyof notat all)
connected to the resiThe right side of thefigure highlights events and their
connections only when they atennected by at least four different AAfoups. We

can see that this excludes all buel@nts and that wile the smaller components have

disappeared, the giant componentastiionedinto two.

Figure IV.24 Components and communities in thedwork of events connected by at least ieft) and at least
four (right) AASgroups

To offer a substantial interpretation of thatiswe may assume that there are
certain key events that draw the attention of more AA&Ips than other events,
leading groups to use their resources and direct attention of theiperenowards
these events regarded as important. And apparentlyyatiffevents perform that

function for different sets of groups, as even though the sets of events in the right of

199



Analyses

FigurelV .24 are promoted by at least four greypnlyconnected events are promoted

by the same groupH.we take a closer look at these 18 events and their partition into
components and communities, some clear commonalities arise. First of all, these
events all belong to thenesdiscussed above. Ehmeansthe events that overall
received many mobilization calls are also the ones that are interconnected by receiving
calls from the same set of groups. A closer inspection reveals that thevénisof

the smaller component, that are colored in grieeRigure IV.24, all took place in
Eastern Brandenburg and were all initiated by (three different)-gud8ps. The 14
eventsof the larger componeatepartitioned into two different communitiesach of
sizeseven. Remarkably, ldbut one event of the turquoise community took place in
Saxony and all events of the orange community took place in Berlin or nearby
Brandenburg. The only event bridging the two communities is exactly th&avam

one and it was hdlin Berlin. The initiator of this event was the local chapter of
PEGIDA, called BARGIDA. While we must not overly generalize the refualts this
sample the inspection of these key eventnethelessells us that there is a clear
clustering of events;orresponding to geogphic proximity.In other words, events
thatare spatially closeeceive attention from the same set of groups. In addition, the
one event performing a bridging function was one initiated by a chapter of the
prominent rightwing PEGIDA phenomenon. Thysve may speculate that a general
adherence to the universe of German rghitg groups might serve to bridge the more
localized and specific protestvents against asylurshelters.As both matrices
resulting from the onenode projection®f a groupevent netwrk are related, we
might thus expect clustering tendencies and localized patterns also in -the co

mobilization network of AASgroups. To following sections will investigate this
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network in more detail and compare it to the networks tésulted from otheypes

of resource exchanges.

Network Construction

As the above discussion of events has already shown, we will investigaterendee
projection of the bipartite grougvent network. Analogous to events and to the
informationsharing network, transposiragnd multiplying matrices yields a 128*128
symmetricaffiliation matrix in which the cell values contain the number of different
events two AASgroups have promotedll 57 groups who did not mobilize for a
single event were nonetheless added to the nktagisolates. This step is warranted,

as they surgl had the chance to do so but voluntary opted out. The benefits are that

the network thus remains stable in size and measures are comparable.

TablelV.14 Properties of the conobilization networloefore and &er edge reduction

Network Properties Before Reduction After Reduction
Nodes 185 185

Isolates 57 148

Edges 802 38

Density .047 .02

Range of edge weights [1717] [3-17]

Mean edge weight 1.50 5.29

Median edge weight 1 4

Unlike the information sharing network, edge weights remain on a comparable
scale.Nonetheless, to account for the strong variation in group activity, | proceeded
analogous to the backbone approach outlined in the informstieming network and
usedU=.1 as a cubff value to exclude edges. As Borgatti et. al (2013) argue, not
controlling for variation in group activity results in the actymdttern of co-
mobilization, while controlling for it revealalso the underlying tendnciesof co-

mobilization. Howeer, in the empirical data at hand, only two edges of a weight
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higher than five get excluded with the alpha cutoff, thus making the results very similar
to an analysis of onlgtrongedges in absolute termBhe results of tis process are
summarized iMablelV.14. It shows that under this stricter criterion, only 37 groups
remain connected by 38 edges with an average weight of 5.29 events-thebitned

for. Thus similar to the information sharingetwork, the reduced backbone of this
network will allow to more clearly highlight the structural patterns in the practice of

co-mobilization for protest events among AAFouUps.

Graph
While some properties of the network kaleen introduced abové&able V.15
includes additional measures and a comparative perspective on all three networks of

resource exchange among A48ups.

TablelV.15 Structural properties of the recognition, imfeation sharing, and conobilization networks

Measure Recognition Information Co
Sharing mobilization
Directed Yes No No
Weighted No Yes Yes
Edges 579 941 38
Range of edge weights n.a. [371 3,827] [31 17]
Mean edge weight n.a. 39.9 5.29
Total edge weight n.a. 37,542 201
Density .017 .055 .02
Reciprocity .18 n.a. n.a.
Isolates 29 26 148
Fraction of Isolates .16 .14 .80
Components (isolates excluded) 1/3 1 6
weak/strong
Maximum Component Size weak/stror 156/53 159n.a. 15/n.a.
Average Path Length 3.67 2.42 229
Connectedness weak/strong .71/.08 74 .001
Centralization (irdegree) 12 46 .04
Centralization (outlegree) .29 46 .04
Transitivity .20 .32 .24

202



Analyses

From these measures we can deduce thabtaalizationis a more exclusive
practice than recognition or information sharing, as both the groups and the exchanges
are fewer than inther networksas only 2 per cent of all possible ties between groups
are realized.Of course, protest events are not entirehmparable to pieces of
i nformation, as t he rgeoups®chbosedrem, and mitiapng| y 0 1
own events requits considerable organizational resources. On the other hand, the cost
of simply informing about an event consumes almost no amdeefforti the fact that
we witness only 128 groups doing so at all and even fewer doing it for the same event,
may be interpeted as groups taking events seriously. This means there is likely a
careful selection of events to promote and a realisticipation of administrators and
members to actually attend the event. As such, the ties in this network are far from
meaninglesfeekgood Acl i ckti vi smo but Il nstead cza
strong collaborative ties among AAf8oups.

As the fragmetation of the event network has suggestatso the ce
mobilization network is partitioned into six different components, kgest
comprised of 15 groups. This explains the low connectivity score, as the high number
of isolates and the fragmentation mehat only very few pairs of nodes can reach
each otherThe same is true for a centralization score that is hard to intgmpea the
different components and the many nodes of degree zero. Where nodes are connected
however, their tendencywardstrarsitivity is comparable to the other two networks,
ranging in the middle with a score of .24. The shorter average path leagtlalso be
handled with care, as many paths maomexistentand several small components of
course mean smaller maximum lengthbkerefore, the important takeaway from an

inspection of the entire graph is its small size and its partition into different
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components. Before we take a look at the latter, we will focus attention on the

identification of key nodes within this network.

Nodes

As we have already learned, 148 nodes are isolated, meaning they are not connected
to each other by a single event. Thiged not mean they do not mobilize for events at

all i that only applies to 57 groupsbut they do not mobilize for the same egeas

others, thus not investing resources in the same objectives and not having to potential
to meet in the streets and fordeeper interorganizational or interpersonal alliances
offline. Nonetheless, among tB& groups of the emobilization backbone, &may
discover some groups to play a more central role than othalike the histograms in
previous chapters, | useablelV .16 to illustrate the distribution of degree centrality

across nodes, as the limited range suits thislemfigrm of data presentation.

TablelV.16 Degree distribution in the emobilization network

Degree 1 2 3 4 5 6 7

Groups 18 12 2 2 - 1 2

From the table we can read that most groups are only c@th® one or two
othergroups, while seven groups hold connections to three or more other groups, with
a maximum of seven. Thigve groups with the highest degrees,aredescending
order,BB17, BB31, SNO6, SN33, SNO1. As we can see, two of these seel lna
Brandaburg and thee are based in Saxony. Additionally, three of them are well
known acquaintancdsy now. BB31 has shown to be very popular in the recognition
network as well as highly central in information sharing, whereas SNO6 and SN33
have shan to be outreaching irhé recognition network as well as highly central in

information sharing. Nonetheless, this relationship seems far from deterministic, as
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with BB17 and SNO1 we can identify two very central nodes in terms of co

mobilization that ha@ not featured prominegtin the other two networks.

Figure V.25 Components in the emobilization network

®-o

o

GO

Figure IV .25 illustrates the six components of Rsolated nodes in ghco
mobilization network along with some properties of both AA&-groupsandtheir
connections: Node size in the network correspada@sgroups betweenness centrality
while the thickness of an edge corresponds to its weight, i.e. the strength of
relationship. What we can see is that the most central nodes in terms of plegree
very different roles when we take into account how tbemnections are configured
and how strong these connections are. Firstly, we can see that none of the lines

connecting B31 and BB17 are very thick, meaning while thegth hold seven
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connections, the average weight of each tie, i.e. the weighted degtesdity of these

nodes is 4.57 (BB31) and 4.43 (BB17) and thus not much above the minimal edge
weight of the network, hich is 3.00. However, they each connect different groups to
each other, that would otlveiseremain unconnected to the component, mreathey

fill structural holes in the network and may play the role of brokers of gatekeepers,
leading to a high betweeess centrality. Removing BB31 and BB17 would result in
either isolates or at maximum pairs of nodes,the nodes connected to these tw
groups are rarely interconnected themselves. It means that in such a configuration
these groups highly depend on thetpowerful actors. This is slightly different for

the Saxon groups, as SNO6 and SN33 hold two and SNO1 holds oneduodant
connecton, meaning that removing any single one of these groups would leave less
groups unconnected than in the Brandenburg. CHsie is expressed in their lower
betweenness centrality scores, which must however be handled with care, as a smaller
component sizéy definition limits the number of paths, and therefor shortest paths,
that may flow through any node. When taking wesgimto account, the weighted
degree centrality for SNO6, SNO1, and SN33 is 54175, and 4.5 respectively. Thus,

we can see that owerage, at least SN33 and SNO1 hold slightly stronger connections
than the central counterparts in Brandenburg. Nonethet®ne of these three groups

are adjacent to the strongest edges in the network, as having many connections seems
to come at the cosff havingweakerconnections. In fact, the highest weighted degree
centrality is shared among SNO7 and SN16 (lelettrcorner of Fig. 4.26), that hold

only one connection, but the strongest of the entire network, with 17 acts-of co
mobilization (thus leding to a weighted degree centrality of 17 for both). BEO8 and

BEO1 of the Berlin component at the bottom of figure told weighted degree

206



Analyses

centrality values of 11 and 8.34, beemjacent to two, respectively three other groups,

but sharing the secorgkongest tie in the network, with a value of 15 events. To sum

up, while many groups are weakly connected in terms ofitingber of connections

and the strength of these connections, we can also observe groups that share strong
connections, but mostly hotthly very few of them, and groups that hold comparably
many connections, but rarely any strong ones. This also influéressructure of the
different components, which shall be discussed a bit medepth in the following

section.

Communities

While Il ab el this section Acommunitieso, i n
following chapters, it would more accuratélye cal | ed Acomponent so
of the network is already given by these. It is worth noting however, that the infomap
algorithm further breaks up the Brandenburg and the Berlin commuhity to the

structure of the former and the distributioihveeights in the latter. Nonetheless, the
components offer a clear structure that does not require additional algorithms to be

more inerpretable.

TablelV.17 Structural properties of abevercomponents irhie cemobilization network

Measure C1 Cc2 C3 c4 C5 C6
Nodes (fraction of network) 15(.41) 10(.27) 6(.16) 2 (.05) 2 (.05) 2 (.05)
Internal Edges (fraction of 17 (45) 12(32) 6(.16) 1(.03) 1(.03) 1(.03)
network)

Total weight of internal eges 75(37) 62(31) 38(.19) 17(.08) 5(.02) 4 (.02)
(fraction ofnetwork

Mean weight of internal edges 4.41 5.17 6.34 17 5 4
Density .16 .27 4 1 1 1
Average Path Length 2.47 2.02 2.07 1 1 1
Centralization (degree) .34 4 2 0 0 0
Centrdization (betweenness) .59 49 A4 n.a. n.a. n.a.
Transitivity .18 .29 A2 n.a. n.a. n.a.
Average edge length in km 154 45 8 8 8 15
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TablelV.17 sums up some of the properties of these components, although we
must note that resultfor components of size two are hardly interpretable. C1, that
consists of 2 groups from Brandenbuygwo groups from BadefVirttembergand
one Germamwide grouphas been discussed in light of its two central groups already.
This structure, as visuaéd in FigureIV.25, is well reflected in the overall highest
betweenness centradition scoreof all components and a relatively low transitivity.
While 45 per cent of all edges fall into this component, only 37 per cent of the tota
edge weight do so, meaning on average, cdiores among the groups C1 are slightly
weaker than in most other components, reaching only 4.41 joint events per tie. C2, the
first all-Saxon component has a slightly higher average weight of 5.17 evenis per t
and is also denser (.27) than C1 (.16)e#lblightly more degree centralized due to
the role of SNO6 and S38. The Berlin component C3 realized 40 per cent of all
possible ties and as we have seen, one of the heaviest edges in the network lies within
this component, driving the average edge Wweig to 6.34. C4 to C6 are included in
table for the sake of completeness, as many network metrics make little sense between
only two groups. What is truly remarkable and should be the main conclusion of
discussion of communities within this network isathwith the exception of C1, all
components are comprised of geographically close groups from the same German
Land. In the case of C2 and C4, all groups are from Saxony, in C3 all groups are from
Berlin, in C5both groups are from Thuringia and in C6 bgtbups are from Saxony
Anhalt. This mirrors the spatial distribution of the evewént projection, where we
have seen that events thare co-mobilized for are generally close to each other

geographicallyAs the network and its partitions are alreadyaiized inFigurelV .25
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I will not provide a spatial mapping at this point, but refer the reader to Appendix
Figure A8. Here it suffices to say that even thoubh components already follow a
spatial separation, within C1 and C2, the central groups BB17, BB31, SN33, and SNO6
act as even more localized hubs that congeagraphically close groups to the rest of
the componentThus, he neat separation of AAGous into spatially close
components of conobilization supports the implicat of the evenhetwork that not

only events are close together, but also groupsmatallize for these events are from

the same areds the costs and organizational effort totggvate in offline events in
other areas are high, this geographic fragmentation seems understandable. On the other
hand, as we have discussed earlier, infognaibout events in distant areas in the form

of posting a Facebook event, consumes little tinekeffort. Therefore, we can again
find support for the assumption that only events are posted on a ptugeeitife
participation of users seems realistind is anticipated. Thusome groupsuse
Facebook forclearly more than mee low-cost networkig but take itseriousas an
alternativeor additionto offline mobilization effortsHowever, we must bear in mind
that even though many AA§oups do mobilizéor (protest) events, only a minority

of them is connected in strowgllaborativeties of ceamobilization in the backbone of

this network. Before we turn our attention toward the question of how this and the
other two networks of resource exchange combin a typology of Modes of
Coordination of collective action, we must first discuss the sedondnsion of the
framework:boundary definitionTherefore, in the following section | will provide an
operationalization and empirical investigation of thewoeks that indicate stronger or

weaker connections among AAfBoups in terms dboundary defirtion.
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BoundaryDefinition

Co-membership

The theoretical reasonirmehindco- or overlapping membership of activists has been

debated in chaptdl of thisthess, but we can briefly review the logic here. Simply

put, we may understand the role of bounemrbetween AASroup such that
isymbolic boundaries are [ é] demar cations arm
make sense of the world arounddo8vang, Piazza, and Soule 2018:16B) that

understanding, boundaries may be functional in distinguishingnd outgroups,

fostering solidarity, andforming collective identity. Especially for informal

organizations, boundaries may well be fluid and if perceived in terms of memberships,

l.e. who kelongs to an organization and who does not, boundaries may not always be

clear and visike. In the MoC frarework, that defines collective action phenomena as

different configurations of interorganizational networks, the investigation of

fime mber s 6 involvemeéntSp Itehus al | flowsof commusidatiod y A

identity and solidaritg (Diani 2009:65) As such, we may understand multiple

member ship of indivi du abosnddryspanoimgy(ang z ati on as
et al. 2018)that can help forge the bonds of deeper solidarity versus a mere
instrumentat ol | abor ati on bet we e mulopte pwlvementsst i ons . Si
provide an indicator, no matter lorough, of whether core activists perceive two

organizations as compatible and close to the point of sharing their individual

commitments betweenetimd (Diani 2015:83) This perspective followa sociological
tradition r o2013gdderstanding oftersecting social circles, which

has beepr omi nent | y dmembedrship reetvork anmalydis lagnafdR

Breiger (1974) For voluntary, informal, and partial organizations such as -AAS
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groups, one key question arises before we may speaketfvork oico-membership,
namely that of membership at all. Surely, there is no way to ascribe thergatégo
formal membership to any affiliation between individual and organization in this case.
Nonetheless, we can look at empirical data to tracesuSer b e dna thus sethat
involvement of users with organizations is generally limited to a singlerngrfew
groups and consists of the repeated interactions that may well serve as a proxy for
membership in this case. To illustrate this, we welka@use of the Facebook dataset
on AAS-groups andook at the distribution of all 2,345,774 activities BY7977
unique users over the 185 AAffoups As the data has a unique identifier for the user
behind any activity, we camvestigate patterns in usgroup interactions and trace
evidence for a membershie structure. Table IV.18 briefly illustrates the

relationship between these numbers.

TablelV.18 Activity averages for groups and users

Average activities ~ Average activities ~ Average unique users
per group per user per group

12,679 7.38 2,248

The table tellsis that on average, each group has 12,679 activities, while on average
each user was active 7.38 times in the data obsdrveddition,on average, we can

find 2,248 unique users in every group, regardless of the nwhhbetivities for each

user. Thisalready shows that there must be overlaps, as allocating each user to one
and only one group would produce an average of 1,718. This means that while there
must be an overlap of users between groups, an overwhelmingitynajpousers
remains active on oner only a handful of pages$ndeed,Figure IV.26 provides
insights into user behavior in the form of a CCplbt. Ona loglog scale we can see

that the probability foeach user to be active irone than one group, drops steeply for
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each increase in unit on tlkeaxis (i.e. additional group)This means it is empirically
more and more unlikely to find users that are adtivenore groups In fact,17 per
cent of users were active in more than gneup andess than one per cent of users

were activan more than five differengroups.

Figure IV.26 Empirical complementary cumulative distribution funot{(CCDF) of the number of groups each of
the 317977 unique users was active on.
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Thus,however unlikely in the distribution, these users do exist and as the plot shows,
very few users spread their activity across many gromitis a maximum of 74 growp

for a single userTablelV.19 adds another perspective on this data that might need
some explanation. The first column shows the average percentage of unique users of
each group that were also shared with any other group. This means, that on average,
each group shares 1.5 pentef its users with any other groups. On averdie,

hi ghest overlap of wusers with any other

TablelV.19 User sharing among groups

Fraction of users shared per gpo Average maximum fraction of shared user:
with any other group

Mean .014 .225
SD .013 .130
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Substantially, this means that we do witness a behavior in which most users are
repeatedly active in one and only one group, which is why we may assusne thi
usership to resemble a form of membership in this informal, digital setting. For this
reason, | wilrefer to this behavior as membership omeembership in the following
analysis. As the data shows, there is also a core of networkers which are addividu
active in several different groups, meaning they can foster bonds of interpersonal
exchange thatve can aggregate to an interorganizational network -shembership
among AASgroups.While we may want to know more about the characteristics of
these uses, whose networking activity forges bonds between groups, we will not go
deeper into this. On the erhand, | want to avoid singling out individual users for
privacy reasons. On the other hand, | did not collect any individual user information
that couldbe used to do so. As the focus of our study lies on the devep | believe
this to be the ethiclyl correct and scientifically justified step. Therefore, we will now
move on to a conembershimetworkamong AASgroups whichwill be the object of

analyss in the section to follow.

Network Construction

Analogous to events and to pieces of informatitble membegroup network is a
bipartite one, that will be reduced to its emede projection of groups. An important
difference is that we can meaningfulhterpret the values of the twoode matrix,
whereas | opted to dichotomize the matrix in the tadier case%. In other words,

dichotomization in this case would discard information about the number of times, a

2 The case that an evemta piece of information occurred multiple times in a sngjloup was rare,

and as it not necessarily beneficial to channeling attention, it might as well have happened by mistake.
In any case, | opted for dichotomization, which facilitates the interpyetaf the onenode

projection.
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member was active in a given groupowever, the approach of transposing and
multiplying matrices will produce an edge weight for any pagroups i and j, which
would be the sum of all products of the number of activities of any member within the
two groups. These would meaningfully weightosger connections with higher
weights but would be hard to interpret in substantial tekisile there are many
methods to assign weights to the anede projection of a twmode network,
including some correlatichased methods, | opt for a naive thoddhapproach in the
weighs of the twanode network and use the sum of overlaps for anoode
projedion. In other words, | dichotomized the memigeoup dataassigning a one to

the relationship between a member and a group, if the member was actateynotip

at least foutimes, and assigning a zero otherWisg&he resulting onenode projection

thus reflects the number of more active members that are shared among groups. The
properties of this network are shown in the left columifiaflelV.20. Analogous to

the data reduction techniques for the other -omede projectiog | applied the
backbone approach with a eoff value of U=.1, resulting in a network of eo

membership with the properties shown in the right columiabtelV .20.

TablelV.20 Properties of the canembership network before and after edghintion

Network Properties Before Reduction After Reduction
Nodes 185 185

Isolates 2 49

Edges 4,058 589

Density 237 .034

Range of edge weights [17 678 [3-678

Mean edgeveight 8.789 43.77

Median edge weight 2 19

SWhile this value mighteem abitrary, it does reflect the cuiff for the fourth quartile of edge
weights in the twemode network.
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This shows that in the bao&ne of this network136 groups are connected by 589
edges, meaning that 3.4 per cent of all possible ties are realized in that network. On
average, an edge has the weight 43.77¢hvis the number of more active members
being shared by the two group&inge exceptionally strong connections exist, with a
maximum of 678, which also influences the median value ofi9s, we can be sure

that a tie in the resulting network does notresent ephemeral activity but requires
both a minimal activity of four foa user to be included and an overlap of three users
to constitute a tieThis reduced backbone will hopefully allow to highlight the

structural patterns of emembership between AA§oups

Graph
Some grapHevel properties have already been introducedvabbutTable IV.21
includes both additional measures and a comparative perspective on aditiooirks

introduced so far.

TablelV.21 Structural properties of the recognition, infoation sharing, cemobilization, and canembership
networks

Measure Recognition Information Co Co
Sharing mobilization membership
Directed Yes No No No
Weighted No Yes Yes Yes
Edges 579 941 38 589
Range of edge weights n.a. [371 3,827] [37117] [371 678]
Mean edge weight n.a. 39.9 5.29 43.77
Total edge weight n.a. 37,542 201 25,781
Density .017 .055 .005 .035
Reciprocity .18 n.a. n.a. n.a.
Isolates 29 26 148 a7
Fraction of Isolates .16 .14 .80 .26
Components (isolates 1/3 1 6 3
excluded) weak/strong
Maximum Component Size  156/53 159/n.a. 15/n.a. 131/n.a.
weak/strong
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Average Path Length 3.67 2.42 2.29 2.14
Connectedness weak/strong .71/.08 74 .001 51
Centralization (irdegree) 12 .46 .04 .52
Centralization (outlegree) .29 .46 .04 .52
Transitivity .20 .32 .24 .25

The table informs us that for many of the metrics presented, tmeeotoership
network occupies a middle ground between themobilization network and the
information sharing network. This is trém both the number of nodes and edges, the
total weight,the number of isolates and of components, and the connectedfineds.
stands out is the highest value of centralization and the lowest average path length of
all networks. These measures might méweat that we will likely discovethat most

nodes are coratted tofew very central node§ heseare probablyconnected to each
other, so any node can, at least through an intermediary be reached quickly. The
mechanism behind emembership may be either mbers of less central groups

Al ooki ng upo ttgoupsroo membepsrofahose wemtral groups reaching
out to widen their network. As we do not have directed data in this case, this must
remain speculative. Nonetheless, the following inspectiorenfral nodes and their

role in the other networks, may@k for a more substantiated interpretation.

Nodes
A first interpretation of the graplevel centralization score can be helped by an

inspection ofFigurelV .27, which povides a histogram of the distribution of degree.

216



Analyses

Figure V.27 Histogram of degree distribution in the information sharing network

40

30

Frequency

10

0 25 50 75 100
Degree

From this distribution we can read the already familiar phenomenon of many
groups being connected to only o0 groups) or two (also 20 groupsgher group
and very few groups (two in this case) being each connected to around 100 groups.
We have already witnessed a similar distribution in the case of information sharing,
yet the dscrepancy between the most central two and the third or fourth central groups
is even largeihere The two most central AA8roups in terms of degree are the
Germanywide DEO3 with a value of 101 and BB31 with a value of\®&h values
of 41,37,37, and35 we may also call SNO8, SN06, BEO6, and SN33 central in this
network. The exact pattern of BB31 and DEO3 standing out above all other groups is
familiar from the indegree distribution of the recognition network. In other words, the
two most popuwdr AAS-groups, both in terms of recognition within the network as well
as in terms of user likes are also by far most central in theerobership network.

Given that both of these groups6é adminis
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other groups, @ may peculate that the overlap in membership rather results from
active members in other groups reaching out towards these two, and ending up being
active there, rather than originating from there. Thus, we may reasonably assume a
pull-mechanism at worto exphin centrality inthisnetworkk. o o ki ng at these grog
roles in other networks, we can say that both BEO6 and SNO8 have not stood out
prominently so far, meaning that centrality in this network is by no means determined
by (for examplé¢ the proposd mechnism above. As of SN33 and SNO6 however, we
might remember that bothre very active in terms of outreach in the recognition
network and played central roles in both information sharing antatmlization
networks. While the same is true for BBTIE03 was remarkably absent from any
highly central position in the other networkdl in all, we see that while some groups
pop-up as central actors occasionally, a handful of groups seepexémntral across

the different networks. As the network isigleted,we can again compare weighted
degree centralities, i.e. the average strength of each tie of a group. In this metric, the
Berlin-based group BEO1 stands out with an average overlap of 131.54 active users
for each tie, followed by BEO8 with a value8Yy.48and SN25 with a value of 86.94.

The raw degree centrality scores of these groups are 13, 27, and 19, meaning that
having many ties does again mean to hrawstlyweaker ties among them, i.e. a lower
average weight. Before we move on to an analg§isomnunities and a visual
inspection of the graph, we can briefly discuss betweenness centrality as a possible
indicator of gatekeeping functioffsHere, the score of BB31,805) exceeds that of

DEO3 (2555), despite their similar degree centrafihda highe average tie strength

"“However,tmustbenot ed t hat this is a very rundagdyismeasur e, as
not accounted for. For a debate see @tandes eal. 2016; Fleming, King Ill, and Juda 2007)
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(62.25) for DEO3 than for BB31 (48.80). This means that even though DEO3 holds
both more and stronger connections than BB31, the latter may be in a more powerful
position in terms of bridging parts on the network. This ig bespeted visually,

which we will do together with an analysis of communities in the following section.

Communities

| used the biggest component (nodes=131) for a community detection with the Infomap
algorithm to identify cohesive subgroups, meaning s$t AAS-groups that have
higher overlaps of active members among themselves than with the rest of the network.
The community structure is not as neatly separated as in the information sharing and
co-mobilization network, as the lower modularity value of.ZB illustrate&. Of the

ten communities that the algorithm identifiethble IV.22 sums up the structural

properties for all subgroups of at least seven members.

TablelV.22 Structural propeties of communities of size > 6 in therm@mbership network

Measure Cl C2 C3 C4

Nodes (fraction of Component) 88 (.67) 11(.08) 7(.05) 7 (.05)
Internal Edges (fraction a&Zomponent) 379 (.64) 28 (.05) 14 (.02) 15(.03)

Total weight of internal éges (fraction of 17,170 3,143 257 (.01) 162 (.01)
Component) (.67) (.12)
Mean weight of internal edges 45.30 112.25 18.36 10.80

External Edges (fraction of Component) 108(.18) 71 (.12) 12(.02) 33(.06)
Total weight of external edges (fraction « 4,043 3,554 189 (.01) 537 (.02)

Conyponent) (.16) (:14)

Mean weight of external edges 37.44 50.06 15.75 16.27
Density .10 51 .67 71
Average Path Length 2.01 1.55 1.33 1.29
Centralization (degree) 74 .39 .33 .29
Centralization (betweenness) .38 .32 .19 17
Transitivity .28 .75 72 .78
Average edge length in km 235 63 26 40

> This can only serve as a rough indicator, however, as the Infomap algorithm does not maximize
modularity. Thus, we cannot infer a more aeed or integrated structure from this score alone.
Generally, modlarity compares partitions of a network, not networks péNse&vman 2006)
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The table tells us that 67 per cent of all nodes of the component are grouped into
one big community C1, with the smaller C2, C3, and C4 each having only 8 or 5 per
cent of AAS-groups as memberk addition, we can see that also 67 per cent of the
total edge weight lies in the 379 edges that connect the members of C1 to each other,
mearing the average weight is very similar to the total networks avevdbide C3
and C4 are @nnected by weaker edges with mean weights of 18.36 and 10.80, C2
stands out with both in terms of the average weights that connect its members
internally (112.25)and in terms of the weight of connections to other communities
(50.06). Despite strongertarnal ties, C2 remains well connected to the rest of the
network through a total of 71 ties, which reflects that despite a higher cohesion within
subgroups, the cgponent in general is not as neatly separated as in some of the other
networks we have dissged.While all communities are denser than the component
(.07), the discrepancies in community size make the measure hard to compare, as in
general bigger networkend to have lower densities. Lower measures of centralization
and higher density and tratigity characterize the smaller communities C2, C3, and
C4.FigurelV .28 showsthese three communities plotted separately. Node position is
determined by the Fruchterman Reingold algorithm, that seeks to place well connected
nodesin the center of the graph. Edge thickness corresponds to edge weight and
circular nodes are those frdire main geographic area of the community, while square
nodes are from other regions AnalogouBitpurelV .21, node size corrg®nds to each

group6s bet weamlouatedsfa the eatimetnetvaolk i
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Figure IV.28 Communities C2, C3, and C4 (clockwisam top lef} of the cemembership network

@S

From the figure, we can readathgeographic proximity seems to ingportant for the
formation of community in this case, as each of the three graphs consists almost
exclusivelyof groups from the same region, represented by circular nédesk at

the average lengths of edges in thesmmunities, measured in kilomesteshows that

with 63 (C2), 26 (C3), and 40 (C4), edges in all three communities are significantly
shorter than expected by chance. This means, a regional clustering is apparent in all
three In the case of C2, this iseBin and surrounding Brandenburg,the case of C3

it is SaxonyAnhalt, and in the case of C4, this is Brandenburg. Both C3 and C4 seem

to be equally nothierarchical when it comes to betweenness centrality, although in a
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different level. This means thafthin the community, no single gups hold specific
gatekeeping power. For C1 however, we see that the group BEO6, who was among the
most central nodes of the entire network, seems to hold strong connections to some
other community members, but also seem monopolize the groups connens8ao

the rest of the network. While these dynamics within smaller communities must not
go unnoticed, what is more revealing in terms ofreambership is that the algorithm
placed most of the central nodes we have dsslisn one community, CITo
undersand thewhole network, we can thus focus attention Bigure 1V .29, which

visualizes C1 in a layout based on a multidimensional scaling of the adjacency matrix.

Figure IV.29 Community C1 in the emobilization network

Unlike FigurelV .28, node size does not have a meaning invisisalization, as
the discrepancy in any centrality score between groups BB31, DEO3, and the rest

would render any such image unreadable. As edge thickness is however proportional
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to weight we can see that by far the strongest overlap of active (iser678)is
precisely between these two groups. Speaking in terms of equivalence, both groups are
very similar: While both hold some ties to otherwise less connected groups, most of
their connections are to the same set of grolipsome instances (to theftl of the
plot) these connections are weaker for both BB31 and DEO3, and in some instances
(to the right of the plot), the connections are stronger. Nonetheless, the many horizontal
connections in this figure imply that despite their strength and ddkpiteact that
these two groups lie most often on the shortest path between other groups, many of
their connections are also redundant, as other groups would be able reach each other
even in the absence of BB31 and DEDIus, the high centralization of themmunity
and the overall network is driven by two actors who almost act as a single enéty, giv
the strong overlap between them and their almost equal position in the community.
Nonetheless, we must not forget the difference in netwaode betweenness
centrality, where the much higher value for BB31 is explained by the fact, that this
groups hold more connections outside of C1, thus brokering connections to the
smaller communities.

Overall, the fact that two groups, who featured prominently and asigniin
terms of popularity in the recognition network are so similarly positioned in the co
memlership network, makes their different roles in informasbt@aring and co
mobilization even more intriguing:his may indicate thadespitesimilar persons in
both groups, the groupsd functions in
action may sti be very different. But before we look at how different combinations of
networks play out to a mapping of actors in diffefglaides of Coordinationl want

to close the investigation of networks with a last type of tie, namely topic overlap,
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which will serve to operationalize groups closeness in terms of issues and the framing

of these issues.
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Topic Overlap

This network utilizes results from the structutapic modelling exercised in the

chapter on content analysis. The reasoning behind topic oasrkaform oboundary

definition is that the data reflects interactions of senaking among members of
AAS-groups, their common negotiation of identity, ah@& f i n i ¢ollective uso f i

a n collgttive thera . Il n terms of Mo C, @efingioniis ar gue
fprimarily associated with ideational elements, social representations, and framing
processes (2015:16) As such, b oun d artericetbat classiy def i
elements of socialfé in different groups and categories, while shaping the relations
between those elements both within and between those grougsi Im isatial) .
movement thery, boundaries are often seen as key elements of collective identity
(Melucci 1996; Toaine 1985) as Tay !l or aBouhdaMy/markelssareer not
therefore, central to the faration of collective identity because they promote a

hei ghtened awareness of a groupds commo:t
members of the igroup andthe outgroupd (1992:176) In other words, the constan
debate about who fiwedo are and who At heyo
to in- and outgroupsis central in the formation of a collective identityut much

overlooked in studis of digitally mediated contentioMet it remains a cruciassue,
asTreréargueghatfihe identification of an other and the delineation of boundaries

are the main mechanisms of collective identity formation( 2 0 1 5 : 9ié&w8 ) . Th
resonates well wit framing perspectives on social movement, in widehford and

Snowa r g u e mavéneert actor8 are viewed as signifying agents actively engaged

in the production and maintenance of meaning for constituents, antagonists, and

bystanders (2000:613). Thus, the joint engagement in the production ohimgand
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identity is important also for the production ofidarity within group boundaries. As

Di ani argues, abeswmdbarl iies dierhplIny ti on of an #Air
as that feehgs of belongingness and solidarity and identities are likelipe more

present inside a certain group/collectivity than outside ( 2015: 8 1) . Therefo
operationalize boundary definition in the MoC framework, | opt to use topic overlap

between AASgroups as a proxy of their closeness in terms of collective igefitie

empirical analysis of topics has shown that they resemble frames much more than

issues, as in the homogeneous set of AYAGIps, the debates were largely consensual.

In otherwords,whhie a topic | i ke Amigrati otnicbesmd ght , f
manifestos, be debated from various angles and perspectives, we have seen that among
AAS-groups, this is not the case. The discussions analyzed here have rather served to

establish a comon framing of the various issues related to migration (sexoigince,

crime,integration, etg and likely reassured the participants of these debates in their
understanding of iand outgroup. The analysis has shown a clear identification of a

colleci ve fAwed as the concerned, Germargy,sandna bl e, an
the various ougroups of politicians, leftist mainstream socielying press or

migrants. Therefore, in the following section | take the network of topical overlap in

the debags of AASmembers as an additional indicator boundary defmitio the

MoC framework.

Network Construction

As the structural topic model used in the content analysis included eaclyidAB as

a covariate, one of the results of the model is an estimate of the effect that being from
one group has on the expected mbipn of a topic. Or, put simplyhe model ¢lls us

whethersome topicsare more prevalent in one group than anothHnis can be
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interpreted as an affiliation matrix of dimensions 182x13, containing the effect for
each of the 182 AAgroups that produckeenough data for the model, and each of the
13 topics identified by the model. The matrix was dichotomized, assigning a zero to
effects below .1 or standard errors above .05, and a one otherwise, to qualify only
relatively strong associations of a grougihaa topic. Using matrix manipulations
analogus to the construction of the other networks, we can thus obtain a 182x182
adjacency matrix which informs us of the number of topics two groups are jointly
affiliated with. The three groups not in the modelrevadded as isolates to keep
network measuresomparable. The results of this raw network of topic overlap are
shown in the left column dfablelV.23. As the density score shows, 52 per cent of
all possible connections do existsuch a network. However, most of the 8,890 edges
are fairly weak, as the mean and median edge weight illus&stereights lie on a
scale from one to four (topics), and traremore comparable than in cases of larger
scales, | opted for a naive cutoffrfedges below the weight of three to reduce
complexity and introduce a more cleart network. This network shiwureveal the

structure of topic overlap more clearly.

TablelV.23 Properties of the topic ovenanetwork before and after edge reduction

Network Properties Before Reduction After Reduction
Nodes 185 185

Isolates 3 93

Edges 8,890 342

Density 522 .020

Range of edge weights [17 4] [3-4]

Mean edge weight 1.325 3.056

Median edge weight 1 3

Applying this edge reduction leads to a network of 92 Agk&ups connected by 342

groups, thus reducing the density to .02 for the entire network, or .08 calculated for

227



Analyses

only nonisolated nodes. The mean weight3.056illustrates that an overlap of four

topics between two groups remains the exception under these conditions and most

edgeswill mean that the members of two groups were strongly engaged in debating

the same three topics within their discussidmsalogous to our previous analysis, the

following sections will discuss this networks on the levels of graph, nodes, and

communities.

Graph

Identical to the four analyses of networks so far, veeusis grapHevel properties in

a comparative perspective, as illustratedraplelV .24.

TablelV.24 Structural properties of the recognition, information sharingnuaobilization, cemembership, and

topic overlap networks

Measure Recognition Information Co Co Topic
Sharing mobilization membersip  Overlap
Directed Yes No No No No
Weighted No Yes Yes Yes Yes
Edges 579 941 38 589 342
Range of edge weights n.a. [371 3,827] [37117] [37 678] [3-4]
Mean edge weight n.a. 39.9 5.29 43.77 3.06
Total edge weight n.a. 37,542 201 25,781 1,045
Density .017 .055 .005 .035 .020
Reciprocity .18 n.a. n.a. n.a. n.a.
Isolates 29 26 148 47 93
Fraction of Isolates .16 14 .80 .26 .50
Components (isolates  1/3 1 6 3 2
excluded) weak/strong
Maximum Component 156/53 159/na. 15/n.a. 131/n.a. 90/n.a.
Size weak/strong
Average Path Length  3.67 2.42 2.29 2.14 3.30
Connectedness .71/.08 74n.a. .00¥n.a. .51/n.a. .24n.a.
weak/strong
Centralization (iR 12 .46 .04 .52 .09
degree)
Centralization (out .29 .46 .04 .52 .09
degree)
Transitivity .20 .32 .24 .25 .60

In comparison we can see that topic overlap is the more exclusive of the two

boundary definition networks, leaving 50 per cent of the network isolated and only 90
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groups connected in the largest component of the network. Smallesvale only

found in thke comobilization network which signifies deep collaborative ties. A
comparatively long average path length, the lowest centralization scores of all
networks and the highest transitivity values hint at a modular structure of W@ ket

This means that Uike for example the conembership that was centered around two
exceptionally strong groups, we can expect to find several cohesive clusters that are
interlinked, leading to long average paths and no clearly identified center of the
network. This structuremay result from different sets of groups simply debating the

same set of topics.

Nodes

Again, we begin a nodevel analysis with a look at degreentrality as an indication

of the connectedness of single groups. The distribatiaegree in the topicverlap
networks varies from that of other networksFagurelV .30shows. While the highest

bin contains all 92 isolates in this network, degrees ranging from one te 2oge

or less equally distributeds the low centralization score already suggested. Thus, we
do not see the familiar patterns of many groups being poorly connected to a few highly
central groups, but instead many groups having a midalige centralityn terms of
degree. With the centiaation and transitivity scores in mind this may be due to the
tendency of groups being well connected in their section of the netwitikgnly few
groups that sit in brokering positions between these subgrasplas position would

be captured by a grup 6 s bet weenness centrality,

distinguish central actors in the network through this measure.
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Figure IV.30 Histogram of degree distribution in the topic overlap network
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While the goups with the highest degree centrality are BB10, SNO5, ST12, and STO1
with 20 ties for the first two, and 19, respectively 17 ties for the seconds two, the ones
with the highesbetweenness centrality are BB10 (989), SN38 (868), BB13 (834), and
HEO1 (794) None of these groups have featured prominently in any of the other
networks discussed so far, meaning that centrality in this network does not correspond
to centrality in othersNonetheless, we recognize a pattern where groups from either
Saxony or Bradenburg play central rolesvith BB10 being a key group in both
centrality measures. In general, a ndeleel inspection in this type of network serves
rather to illustrate how ¢&in graphlevel properties play out on a mielevel. What

is surely moremportant is the question which cohesive subgroups can be identified,
i.e. communities which, through their common framing of migratelated issues as

well as in and outgroupshavea stronger potential for the development of a collective

identity.
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Communities

| used the biggest component (nodes=90) for a community detection with the Infomap
algorithm to identify cohesive subgroups, meaning sets of-@8ps that have
higher overlaps of topics among themselves than with the rest of the network. As we
might expect from the graph and node level analysis, there is a clear community
structure with a modularity value of Q=.64 for a partition in nine communities, five of
which have at least ten memhbenlike in our other networks, we can read that no
regiona clustering seems to at work, as the high average distances. iffipdy

structural propergs of these are summed upTiablelV .25.

TablelV.25 Structural properties of communitiesize > 9 in the topic overlapetwork

C1 C2 C3 C4 C5

Nodes (fraction of Component) 21(.23) 11(12) 12(.13) 10(.11) 10(.11)
Internal Edges (fraction of Component) 84 (.25) 55(.16) 28 (.08) 31(.09) 30 (.09)

Total weight of internal edgegréction of 262 (.25) 165 (.16) 87 (.08) 96 (.09) 90 (.09)
Component)
Mean weight of internal edges 3.12 3 3.11 3.10 3

External Edges (fraction of Component) 17 (.05) 13 (.04) 16 (05) 17 (05) 17 (.05)
Total weight of external edges (fraction « 51 (.05) 40 (.04) 48 (.05) 51(.05) 51(.05)

Comporent)

Mean weight of external edges 3 3.08 3 3 3
Density .40 1 42 .69 .66
Average Path Length 1.80 1 1.67 1.31 1.36
Centralization (degree) .35 0 .39 .31 .22
Centralization(betweenness) A7 0 .32 .10 .20
Transitivity .67 1 .59 .78 .92
Average edge length in km 221 370 183 398 315

Clearly, the communities form areas of higher internal density than the overall
network, with scores of .40 to 1. While some networks have yielded partitions of
unequaly sized communities, the topic overlap network shows a remarkably equal
distribution ofcommunity sizes, with only C1 standing out with 21 groups and the rest

ranging between ten and twelve. As almost all edges in the network carry an equal
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weight, we mushot give too muclemphasigo the weights in this table, as they are
included more foc o mp | et e nC@ & a éommete lca@nmunity with each of its
members being connected to each other, leading to centralization scores of zero and
density and transitity of one. The other communities are also characterized by
relatively high transitiy and density and middie&nged values of centralization,
meaning we find a structure of high cohesion among groups in a clearly fragmented
network, wherea few singlegroups occupyowerful positionsat theintersections of
communitiesFigurelV.31is a visualization of the largest component of the network.
Node position is determined by the Fruchterman Reingold algorithm, while the colors
represent the nine communitied the network. Node size corresponds to betweenness
centrality. This clearly sums up what we have discussed alasveve see ahse
subgroups of topic overlap, which may signal a join involeemin identity
construction, the defition and maintenance afymbolic boundariesyet these
subgroups arknked to the rest of the component by a number of central brokers. With
this observation, we close the investigation of the different types of ties in networks of
resource exchange abdundary definitionpf the central actors within eacénd of

the structure of communities that did or did not evolMeese parts of the chapter
sought to answer the research questions defined i3eR@, which were:How do
AASgroups use social meaf? What types of tieamorgst AASgroups can be
identified and what networks evolve from these ties? How do the types of ties
correspond to mechanisms of resource allocation and boundigfiyition among
AASgroups?In the analyses, we have learned thetrtbh data of interactions on the
Facebok platform can be read as different types of ties, which, from a collective

action perspective, correspond to different mechanisms of boundary definition and
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resource exchanges. From the different types and dinetveorks and in some cases
different am in some cases similar groups who occupy central positions, we can read
that SNS offer different affordances to organizations, and groups tend to make
different usage of these. Thus, instead of treatingabpeda or SNS as a black box

that collective ators are either involved in or not, we have tried to untangle the various
complex interactions antb study, who actually does what on Facebook and how
different mechanisms lead to very different structural pattetepending on the type

and function othenetwork under investigatioQf course, these debates mark not the
end but the beginning of a discussion on the applicability of concepts from (offline)
collective action studies to digital data. Therefore ahalyses above must be read as

a tentatie proposal to apply th®loC framework and the two mechanisms within it to

a case of digitally mediated collective actiand test its exploratory power. To my
knowledge, this is a novel approach and can surely ibémeh a critical debate on its
applicahlity and future comparative studies. Like in any research, we can easily
imagine how the above classification of interactions into resource exchange and
boundary definition in a digital setting might benefit fronultiple cases and
additional data to sctnize the assumptions made and decisions taken. However,
given the limitations of a dissertation, this will remain a debate to be held in further
projects. For now, we will continue on the road taken and investigatway different
mechanisms combine &otypology of MoCand what might be the commonalities that

determine the formation of networks of either mode.
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Figure V.31 The largest component (nodes=90) anccdsnmunities (colored) in the topic ool network
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