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Investigations of networked public spheres often examine the structures of online platforms by
studying users’ interactions. These works suggest that users’ interactions can lead to cyberbalkani-
zation when interlocutors form homophilous communities that typically have few connections to
others with opposing ideologies. Yet, rather than assuming communities are isolated, this study
examines community-level interactions to reveal how communities in online discourses are more
interdependent than previously theorized. Specifically, we examine how such interactions influ-
ence the evolution of topics overtime in source and target communities. Our analysis found that
(a) the size of a source community (the community that initiates interactions) and a target com-
munity (the community that receives interactions), (b) the stability of the source community, and
(c) the volume of mentions from a source community to a target community predicts the level of
influence one community has on another’s discussion topics. We argue this has significant theo-
retical and practical implications.

Lay Summary

Political discussions online, especially those in the United States, seem to range between harmoni-
ous discussions of likeminded people and heated debates that end with few, if any, who have
changed their minds. Researchers have often examined these balkanized/polarized situations by
studying online communities as isolated echo chambers of opinion. Our study focuses on the
interactions between online communities who have different worldviews. We examine communi-
ties engaged in the global refugee crisis. We consider how the inter-community interactions influ-
ence the agenda of the respective communities. Our longitudinal analysis on the one hand
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confirms previous studies, namely that intra-community interactions indeed resemble echo cham-
bers. On the other hand, we also find that there is interdependence in the inter-community dis-
cussion topics, albeit some communities had greater influence on other communities’ discussion
topics. For example, larger, more stable communities command more influence.

Keywords: Networked Public Spheres, Cyberbalkanization, Twitter Discourse, Community-Level
Interaction, Network Analysis, Dynamic Topic Modeling
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Discourse about politics and public affairs is thought to be a fundamental building block of democ-
racy because it can help publics make sense of complex social and political issues, enhance the value
of news and information, and encourage civic and political engagement. Historically, in many
Western countries the episodes of public discourse about immigration have led to mass mobilizations,
affected election outcomes, shaped public policies, and impacted immigrants’ opportunities and chal-
lenges in their host countries (Waisanen, 2012). The same appears to be true for the ongoing interna-
tional refugee crisis that has forcibly displaced 70.8 million people at last count (UNHCR, 2019). Yet,
in contrast to previous episodes, much of the current discourse about refugees and immigration rights
is taking place in networked public spheres.

The scholarly attention on networked public spheres has tended to focus on how the communica-
tion environments create structures that influence individuals and their discussions (Benkler et al.,
2015). Some scholars have lauded online platforms for providing networked infrastructures that facili-
tate political discourse and actions (Marwick & Boyd, 2011). Most of such studies emphasize net-
works as conduits for accessing and disseminating information and as the space for various types of
actors to participate in “open” discussions (Ausserhofer & Maireder, 2013). Meanwhile, online plat-
forms can create network structures that contribute to cyberbalkanization and the fragmentation of
networked public spheres. For instance, when “people seek out only like-minded others and thereby
close themselves off from ideological opposition, alternative understandings, and uncomfortable dis-
cussions,” as Brainard (2009, p. 598) notes, they create fragmented network structures. Evidence indi-
cates fragmented networked public spheres occur from selective exposure and repeated interactions
among like-minded others (Benkler et al., 2015). While cyberbalkanization and polarized opinions
within communities are well-researched (Freelon et al., 2018), little is known about whether interac-
tions among communities can influence their discussion topics.

Recognizing that the opinion environment within a community tends to be homophilous, this
study examines how interactions among communities online, especially communities with opposing
views, affect each other’s discussion topics. We draw from research on networked public spheres
(Benkler et al., 2015), cyberbalkanization (Brainard, 2009), and the evolution of topics (Ausserhofer &
Maireder, 2013; Griffith & Mullins, 1972; Uitermark et al., 2016) to hypothesize that although the
interactions among communities do little to change people’s view, they may influence the agenda for
what other communities talk about. To test our hypotheses, our computational research design com-
bines social network analysis, topic modeling, community detection, and temporal topic evolution
models. The findings show how community level interactions connect the fragmented public sphere
into a mega network where siloed communities still influence other communities’ discourse topics.
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Fragmented networked public spheres

The public sphere—the space between the state and society—is “a constellation of communicative
spaces in society that permit the circulation of information, ideas, debates—ideally in an unfettered
manner—and also the formation of political will (i.e., public opinion)” (Dahlgren, 2009, p. 34). The
original Habermasian notion of a public sphere captures the interactions between members of a soci-
ety and how such interactions sustain democracies (Habermas, 1962). Yet, even before the digital era,
the public sphere was unlikely to be a singular, homogenous arena for discourse deprived of hierar-
chies. Fraser (1990) has highlighted the significant exclusion of publics based on gender, social classes,
and ethnicity. As the dominant class, often heterosexual men, assume universal class in the public
sphere, their hegemonic public sphere could block others’ access, and force counterpublics to create
alternative public spheres (Dahlgren, 2009).

The proliferation of social and digital media and related fragmentation have increased the disper-
sion of public discourse and offered “citizens most invisible in mainstream politics radical new poten-
tials for identity negotiation, visibility, and influence” (Jackson & Foucault Welles, 2016, p. 399).
Rather than a singular public sphere, later work, including that of Habermas’ (2015) own reflections,
suggest the multiplicity of public arenas, and the embracing of multidimensional, heterogenous
spheres (Benkler et al., 2015; Dahlgren, 2009).

Contemporary works have conceptualized networked public spheres as “the range of practices,
organizations, and technologies that have emerged from networked communication as an alternative
arena for public discourse, political debate, and mobilization alongside, and in interaction with, tradi-
tional media” (Benkler et al., 2015, p. 596). Such understanding recognizes that individuals can choose
whom they meet and talk with online. As such, they tend to cluster according to their identities, ideol-
ogies, and other preferences, and form communities that offer sociability, support, and a sense of
identity (Himelboim et al., 2013; Jackson & Foucalt Welles, 2016; Marwick & Boyd, 2011). Such inter-
action patterns could lead to homogeneous groups that essentially create “echo chambers” within
communities (Colleoni et al., 2014). Studies have confirmed that the networked public spheres are
characterized by clusters of densely connected social-mediated communities that are linked by sparse
ties (Brainard, 2009). Social-mediated communities can provide the space where individuals and
organizations engage in collaborative actions, information seeking or sharing, and creating shared
meaning, values, and identities (Marwick & Boyd, 2011).

Cyberbalkanization and the formation of online communities can mutually reinforce each other
(Freelon et al., 2018). Cyberbalkanization refers to the phenomenon in which users interact primarily
with like-minded others and avoid ideological opposition and uncomfortable discussions (Brainard,
2009). Cyberbalkanization tends to be especially salient when information exchange is related to polit-
icalized issues such as the global refugee crisis (Chan & Fu, 2018). Cyberbalkanization facilitates the
formation of online communities through providing members with shared meaning, identities, and
opportunities for repeated interactions. This means community members form frequent interactions
within their communities while avoiding outsiders with disagreeable views. On the other hand, as
clusters of communities contribute to a fragmented network structure, the silos of opinion environ-
ments could reinforce cyberbalkanization, especially within groups with extreme worldviews.
Cyberbalkanization and the fragmentation of public spheres can mutually-reinforce members’
worldviews.

For example, Himelboim et al. (2013) examined networks among Twitter users who discussed
President Obama’s 2012 State of the Union speech. The study found that users tended to cluster into
communities and were more likely to follow others from their own cluster than from other clusters.
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Further analysis of users’ discourse revealed that users tune in to a narrow segment of the wider range
of politically oriented information sources. These results align with Brummette et al.’s (2018) re-
search. They studied the network structure of connected users who discussed “fake news” and found
users tend to form ideologically homophilous clusters, use “fake news” to disparage the opposition,
and condemn information disseminated by the opposing party.

Previous research on the structure of discourses in networked public spheres confirms that users
tend to form homophilous communities. Frequent interactions within these communities appear to
reinforce existing worldviews (Himelboim et al., 2013). Yet, we recognize that communities are not
necessarily simply isolated from one another. Taking a more macro view, one can see that different
communities—even those communities that are ideologically opposed—are interconnected as part of
a networked sphere of public discourse. Our question here, then, is what is the missing link that con-
nects the fragmented networked public sphere?

While the current study focuses on social mediated communication, scholars in other fields have
explored similar questions such as how interactions among scientific communities influence each
other’s research topics and contribute to scientific evolutions (Griffith & Mullins, 1972; Uitermark,
et al., 2016). We draw from these areas to explore whether ideologically distinct communities can set
the agenda for what other communities talk about.

Contentious community interactions and topic evolution

To understand the mechanisms and potential impact of community level contentious interactions on
the evolution of public discourse, we draw upon Griffith and Mullins’s (1972) work on contentious
groups in scientific communities and how they affect scientific revolution. In scientific fields, revolu-
tionary changes are often advanced by a small group of scholars who collaborate closely with like-
minded colleagues to challenge dominant paradigms or rival groups. Griffith and Mullins (1972) de-
scribed a process that contributes to the rise of coherent groups that leads to revolution.

Specifically, in scientific communities, coherent groups tend to have contentious differences in
their perspectives compared to other groups, and therefore draw boundaries between groups. Once a
boundary is established, some groups place themselves at the center of a debate by attracting negative
attention from more established counter-groups. Second, strong support or positive ties within groups
contribute to the group’s solidarity and provide a support system that enables further revolutionary
works. Third, these coherent groups tend to have iconic leaders who perform the critical intellectual
leadership roles to represent the group to its members and outsiders. The leaders effectively muster
more support to advance their perspectives. Generally, group level interactions influenced other
groups’ research agenda.

Uitermark et al. (2016) applied Griffith and Mullins’s (1972) insights in their study of contentious
public discourses in the Netherlands about the integration of ethnic minorities and proposed several
expectations about the community-level interactions between opposing movements. First, they sug-
gested that the public interested in a particular issue would cluster into communities, with some com-
munities confronting others. Importantly, they understood the contentious and coherent
communities as a network mechanism that could facilitate interactions among like-minded publics
and cultivate shared identities and perspectives on an issue. Uitermark et al. also suggested that com-
munities need to draw negative responses from a countermovement in order to catapult them into
the center of a debate and gain agenda setting power. Here it is assumed that eliciting negative criti-
cism alone does not sustain influence; instead, communities need to win support within their own
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communities or they may be dismissed as pariahs and face exclusion. Ultimately the cohesion and sta-
bility of a community is significant because it provides “a cohesive base of followers whose supportive
relations countervail criticisms” (Uitermark et al., 2016, p. 108).

Informed by previous research (Griffith & Mullins, 1972; Uitermark et al., 2016), we propose that
both the characteristics of interacting communities and their interaction patterns affect their level of
influence on other communities’ discussion topic evolutions. Unlike previous studies, we consider the
communication content as a dynamic rather than static texts. The semantic content of public dis-
course can be analyzed through topic based community detection such as Latent Dirichlet Allocation
(LDA) and its extensions (Blei & Lafferty, 2006). Although traditional static topic modeling
approaches tend to assume topics are shared interchangeably by all documents, such assumption has
been scrutinized. The combination of machine learning and natural language processing allow
researchers to find patterns of words in text-based data using hierarchical probabilistic models. The
dynamic topic modeling approach has examined the evolution of discourse topics in sequentially or-
ganized corpus of text-based data (Blei & Lafferty, 2006).

Characteristics of interacting communities
Two basic community characteristics that we consider here is community size and community

stability over time. Griffith and Mullins’s (1972) research found that newcomer research groups
needed to grow to a certain size in order to commend certain levels of influence on other groups’ re-
search agendas. Similarly, other studies have found that in the networked public sphere, communities
with more members tend to command more influence on the temporal evolution of topics due to
their size (Freelon et al., 2018). Communities with more members can amplify voices through their
collective follower or friend bases and disproportionately influence topic evolution. Therefore, we
propose H1:

H1: In networked Twitter spheres, the sizes of both source (H1a) and target (H1b) communi-
ties will positively associate with their level of influence on temporal topic changes.

Griffith and Mullins (1972) discussed the importance of coherent and loyal supporters. Research
on the Advocacy Coalition Framework (Sabatier & Weible, 2007) also argues that coalitions of politi-
cal actors is critical to ensure their influence on public and policy agenda. Because coherent coalitions
appear stronger in public debate, sub-communities of coalitions often coordinate their arguments in
support of each other. In the context of social mediated communication, the effect may be even more
salient. For communities to influence discourse topics over a period of time, if these communities
themselves are not very stable, it might be difficult to imagine they can achieve any lasting impact on
discussion topics. As such, we propose the following hypothesis:

H2: In networked Twitter spheres, community stability for both source (H2a) and target
(H2b) communities will positively associate with their level of influence on temporal topic
changes.

Community interaction patterns
In terms of community interaction patterns, we propose that the valence of interactions and the

frequency of interaction (one community mentions the other) may matter. A key insight from
Griffith and Mullins (1972) and Uitermark et al.’s (2016) research is that negative interactions among
communities could drive public attention and discourse. In other words, the communities on oppos-
ing sides of the refugee issue that engage in negative interaction could exert greater impact on the
temporal changes of discourse topics. Another insight from Uitermark et al.’s (2016) research is that
positive interactions among like-minded communities is crucial for boosting the visibility of these
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communities and therefore increases their influence on temporal topic changes. Based on this ratio-
nale, we propose that the following hypothesis:

H3: In networked Twitter spheres, the valence of interactions from the source (H3a) to target
(H3b) communities will significantly influence temporal topic changes in these communities.

Additionally, the frequency of interactions among communities may also drive topic evolution.
Research on issue attention cycle (Downs, 1972) and “political waves” suggest that at any given time,
public spheres could only accommodate a limited number of issues (topics) and actors need to com-
pete for attention. The more interactions occur among two communities, the more likely that they
can set the agenda for each other’s discussion topics. Therefore, we propose:

H4: In networked Twitter spheres, source (H4a) and target (H4b) communities that engage in
frequent interactions will significantly influence temporal topic changes in these
communities.

Method

Data
Twitter has more than 330 million users worldwide. The United States is the country with most active
users (68 million users, accounting for 22% of the U.S. population) worldwide. Studies have shown
that Twitter provides a salient platform for public discourse of important social and political issues
(Ausserhofer & Maireder, 2013; Benkler et al., 2015). Based on these reasons, we select Twitter to con-
duct our research. Using DiscoverText (Shulman, 2011),1 we gathered tweets mentioning various
forms of “refugee” or “illegal immigrants” in 2016. The data collection took two steps. First, we que-
ried LexisNexis and gathered the number of articles published with the above keywords each day in
2016. Then we identified 26 news spikes, which are periods when the amount of media coverage men-
tioning refugees was two standard deviations above average. Assuming Twitter discussions could in-
fluence the media coverage and vice versa, we gathered tweets one day before a news spike and
gathered tweets a day after to capture tweets that proceeded or followed the media coverage, respec-
tively. In total, data from 86 days were collected from the year of 2016.

We preprocessed the data set with the following steps. First, non-English tweets were filtered out.
Next, to exclude non-active users, the tweets whose user’s status count2 was equal to or lower than 10
were removed. After filtering, the data set contains 723,267 users who generated 2,264,341 tweets
mentioning “refugee” or “illegal immigrants.” We further extracted retweeting relationships to form a
retweet network. A retweet network is a directed graph in which a node is each user and an edge rep-
resents a retweet relation.3 The retweet network consists of 546,989 users and is connected by
1,143,590 edges.

Analytic procedures
Community detection
Next, the Louvain algorithm4 was applied for community detection. This algorithm was performed
on the retweet network using eight different resolution parameters for searching the optimal modular-
ity.5 As a result, 318 communities were detected with 0.701 of modularity value. The top 10 commu-
nities consist of 367,709 users, which accounted for 72% of the total number of users (510,506) in all
the communities detected. And the users from top 10 communities contributed 1,502,361 tweets,
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which accounted for 82.9% of the total number of tweets (1,812,457) from all the communities
detected (See Appendix B for details about the structures of the 10 communities). Therefore, we chose
to conduct further study mainly on the top 10 communities. In addition, the PageRank6 values of all
the members within each community were computed in order to identify the influencers in each com-
munity. Further, each community was named with the top influencer’s Twitter ID.

Valence-based interactions among communities
To identify valence-based community-level network interactions, the sentiment analysis method was
applied. We used VADER7 because it was developed specifically for social media contexts using hu-
man-validated sentiment lexicon. VADER was developed by applying the following procedures. First,
an extensive sentiment lexicon list was built by incorporating the existing well-established sentiment
lexicon list (LIWC, ANEW, and GI) and additional lexical features such as emoticons, acronyms, and
initialisms. Second, intensities of lexicons from the list were rated on a scale from -4 to þ4 (extremely
negative to extremely positive) by human raters. Lastly, generalizable heuristics, which were based on
grammatical and syntactical perspectives (e.g., exclamation, capitalization, contrastive conjunction,
etc.) were identified and incorporated into the method.

The compound score which we used to identify the valence of a tweet in this study is calculated
by summing the valence scores of each sentiment lexicon in a tweet and then normalized to be be-
tween -1 and 1 (extremely negative to extremely positive). The compound score is categorized into
positive if the score is � .05 and negative if the score is � -.05, and otherwise neutral. We applied sen-
timent analysis as follows. First, sentiment scores of all tweets were computed. Second, the tweets
mentioning users in different communities were grouped by the source community and the target
community.8 Lastly, the average sentiment scores of all 10 communities were computed.

Document influence model
We used the document influence model9 (Gerrish & Blei, 2010) to quantify the influence of each com-
munity in discourse topic evolution. This model allows us to classify the documents into correspond-
ing topic distributions and it allows us to capture the influence of the past document on the future
documents in terms of a certain topic T, which is represented as lT. Applying this model involved sev-
eral steps as follows.

As a preprocessing step, we performed a tweet pooling scheme, under which all the users in the
same community can be considered as co-authors. First, all the retweets were excluded for the redun-
dancy reason and transformed into lowercase. Second, mention tags (@userid), URLs, tokens that
consist of only non-alphanumeric characters, short tokens (Length < 3 characters), short tweets (The
number of tokens < 3) were removed. Next, lemmatization was performed with tweets from the
above steps. During the lemmatization step, punctuations and stop words10 were removed and pre-
served only as a noun, adjective, verb, adverb. Finally, tweets from the above steps were grouped by
the same community and concatenated into one document of each community.

After the preprocessing step, we trained the LDA11 model with three different numbers of topics
(5, 10, 15) on 10 concatenated documents from the top 10 communities based on the number of
members in each community in order to find the most relevant topics among the top 10 communities.
As a result, k¼ 5 was chosen as the optimal number of topics which results in the most relevant and
consistent topics. Lastly, the document influence model was trained. In this step, all the tweets from
one community were concatenated as the documents on a daily basis. As a result, 172 documents
from each community, therefore, 1,720 documents from the top 10 communities were obtained and
trained with k¼ 5 as the topic number parameter.12
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Dependent variable
Our dependent variable is pairwise influence score. From the document influence model (Gerrish &
Blei, 2010), we computed the influences of the documents in terms of topic evolution and also topic
distributions of the documents. We introduced the pairwise influence score Ic1c2, which could show
us how much community c1 has an influence on community c2 in terms of discourse topic evolution.
Ic1c2 is computed by summing up the multiplication of lc1T and ac2T over all the topic T. lc1T is the av-
erage influence score of all the documents from the community 1 as to the evolution of topic T over
time. ac2T is the average topic distribution of topic T from all the documents of the community 2 over
time, which can be interpreted as the attention of community 2 as to topic T over time.

Ic1c2 ¼
X

T2topics

lc1T ac2T (1)

Independent variables13

Sentiment scores
Sentiment scores from the source community to the target community were calculated by taking the
average VADER sentiment scores of all the tweets in which the source community mentioned the tar-
get community over a given time unit. Sentiment score from the target to the source community is
similar to the previous variables but calculates the average VADER sentiment scores of all the tweets
in which the target community mentioned the source community over a given time unit.

Normalized mention counts
Next, mentioned counts from the source community to the target community take the mentioned
counts of all the tweets in which the source community mentioned the target community over a given
time unit. Additionally, the mentioned counts from above were divided by the total mentioning vol-
ume of the source community over a given time unit in order to remove the effect of the size of the
source community. Again, the next variable is similar but distinct because it calculates mentioned
counts from the target community to the source community by summing all the tweets in which the
target community mentioned the source community was calculated over the given time unit.
Likewise, the mentioned counts from the target community to the source community were normal-
ized in the same way as above.

Community stability score
Following Metzler, Günnemann and Miettinen, (2019), we computed the containment index for each
community to assess communities’ stability over time. The containment index is calculated using the
following equation:

C G; Hð Þ ¼ G [ H
minðG;HÞ

Where G and H stands for two sets of nodes at two time points. This index indicates which percent-
age of nodes from the smaller set is contained in both sets. The higher the overlap, the more stable a
community is. Community membership of the users was computed by the Louvain algorithm, which
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was applied only once over the whole year. Therefore, it assumes that the membership of users does not
change during the year. Next, we look at whether a user was active in a time window. The containment
index was calculated from two member sets of a community (G and H) from consecutive time units.

Size of communities
This variable considers the number of users in the (a) source communities, and (b) target communi-
ties. The number of users in the community are counted over a given time unit.

Results

Descriptive statistics about top communities and topics
Our exploratory analysis identified the top communities, top topics, and the relationship between
each top community and top topics. Most communities are dominated by the presence of a handful
of top influencers.14 In some cases such as the AJþ (@ajplus) community, this Qatari state-funded
media conglomerate alone dominated the community. The analysis of the document influence model
revealed the most influential topics. Table 1 reports the top five most influential topics, names and de-
scription, topic distribution scores, and examples of keywords. The most influential topic is topic 1:
refugee rights. This is also the topic that has the largest proportion of the topic distribution. This topic
accounted for more than 65% in all other top 10 communities’ topic distribution. Tweets on this topic
focused on how countries can help with refugee and promoted awareness campaign for World
Refugee Day, and popular hashtags in this topic also expressed positive sentiment toward refugees
such as #withrefugee and #refugeewelcome.

The second most influential topic is topic 3: U.S. election fraud and refugee terrorists. Tweets un-
der this topic focused on how refugees coming through the Mexico–U.S. border are terrorists, and
specifically linked Hillary Clinton with illegal immigrants to suggest election fraud. The third most in-
fluential topic is topic 2: Syrian refugee resettlement, which discusses resettlement issues and chal-
lenges facing millions of Syrian refugees, especially children, who currently live in countries such as
Turkey, Jordan, and Lebanon. The fourth most influential topic is topic 4: UN sexual abuse of refu-
gees, which alleges that staffers in UN led refugee resettlement programs sexually harassed female and
children refugees. Topic 5 the last most influential topic: Hungary and Germany border dispute. This
topic focused on Germany’s criticism on Hungary, which ultimately led to Germany shutting down
and implementing “border controls” to refugees.

Additionally, Table 2 provides average influence scores of the top 10 communities and some basic
information about the most influential accounts in each community. Among the top 10 influencers,
there are media personalities and official accounts such as Fox Nation hosts (@DiamondandSilk),
Qatar media (@ajplus), Russian media (@RT_com), and two UK media (@guardian and
@mailonline). There are leaders from the NGO community such as UNICEF (@UNICEF), UNHCR
(@UNrefugees), and Kenneth Roth (@KenRoth, head of Human Rights Watch). Politicians like
@SushmaSwaraj and celebrities like @JohnFugelsang who advocated for refugee rights were also
found to be influential. The influences score suggests that the size of the communities might be one of
the factors affecting the influence scores since the order of the rank of the influence score is similar to
that of the size of the community.

In order to examine how each community contributed to the popularity of the top five topics, we
conducted topic distribution analysis. The topic distribution proportions can be interpreted as the
amount of tweets from each community dedicated towards certain topics. Appendix I shows how
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much influence each community has on each topic. For the two topics that are relatively unfriendly
towards refugees or organizations advocating for refugees (topic 3: U.S. Election and refugee as terro-
rists & topic 4: UN sexually abused refugee), the @DimondandSilk community and @Mailonline
community contributed most to their popularity. The NGO communities (UNICEF, UNHCR and
Human Rights Watch) were mostly contributing to topic 1: refugee rights. The Russian media led

Table 1 Five Topics and Examples of Keywords in the Document Influence Model

Topic Topic Names & Description Topic Probabilities Examples of Keywords

Topic 1 Refugee rights: Discussed
how countries can help ref-
ugee; refugee rights are hu-
man rights

0.748 Worldrefugeeday, Australia,
auspol, withrefugee, refu-
geewelcom, Australian, na-
uru, human, right, thank

Topic 2 US election fraud and refu-
gee terrorists:
Misinformation about how
refugees coming through
the U.S.–Mexico border are
terrorists who will help
Hillary Clinton to win
election

0.102 Obama, Trump, border,
American, Hillary, resettle-
ment, Mexico, terrorist,
immigration

Topic 3 Syrian refugee resettlement:
Discussed the resettlement
and challenges associated
with millions of Syrian ref-
ugees currently living in
Turkey, Jordan, and
Lebanon

0.097 Turkey, Syrian, Greece, child,
Lebanon, Jordan_violation,
rights_amman,
Greek_island nato, cover-
age, Macedonia

Topic 4 UN sexually abused refugee:
Discussed how UN peace-
keepers sexually abused ref-
ugees. The information was
provided by the Heritage
Foundation, a conservative
organization supporting
Trump.*

0.030 Reporting_girl, media_de-
fend, heritage_foundation,
science_taxe, raise_trillion,
program_stalled, surge_sex

Topic 5 Hungary vs. Germany bor-
der dispute: Discussed how
Hungary closed border to
refugees while Germany
slams disgraceful EU

0.022 Germany, Merkel, German,
border, Palestinian,
Denmark, Swedish, flow,
influx, Berlin, shelter,
Hungarian, Israel

Note: Topics are manually labeled for convenience. *The information is available here: https://
www.heritage.org/civil-society/commentary/the-un-sex-scandal
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Table 2 Average Influence Scores of Top 10 Communities in 2016

Rank Community Description of Account Community
Size

Influence
Score

1 DiamondandSilk Two vloggers who claimed to be President
Donald J Trump’s most loyal supporters.
They are also hosts of Fox Nation.

76,704 0.00395

2 UNICEF The United Nations Children’s Fund, was
created by the United Nations General
Assembly to provide emergency food and
healthcare to children and mothers in
countries devastated by war.

57,191 0.00234

3 Guardian The Guardian is a British daily newspaper.
The Guardian is part of the Guardian
Media Group, owned by the Scott Trust.

55,796 0.00231

4 UNrefugees The United Nations High Commissioner for
Refugees is a United Nations program
with the mandate to protect refugees, forc-
ibly displaced communities and stateless
people, and assists in their voluntary repa-
triation, local integration or resettlement
to a third country.

42,674 0.00177

5 KenRoth Kenneth Roth, an American attorney, has
been the executive director of Human
Rights Watch since 1993.

32,120 0.00168

6 RT_com RT is a Russian international television net-
work funded by the Russian government.

31,172 0.0013

7 MailOnline MailOnline is the website of the Daily Mail,
a newspaper in the United Kingdom, and
of its sister paper The Mail on Sunday.

22,225 0.00123

8 JohnFugelsang John Joseph Fugelsang is an American actor,
television personality and comedian.

18,078 0.00099

9 Ajplus AJþ is an online news and current events
channel run by Al Jazeera Media Network,
which is a Qatari state-funded global me-
dia conglomerate.

16,132 0.00091

10 SushmaSwaraj Sushma Swaraj was an Indian politician and
a Supreme Court lawyer.

15,617 0.00086

Note: Means are zero normalized and listed descending order by influence score.
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community showed great interest in the topic 5: Hungary vs. Germany border dispute and drove the
discussion on topic 2: Syrian refugee resettlement.

Hypotheses testing
To test our hypotheses, we examined how community size and stability, valence of interaction and
volume of interaction (number of mentions) affect the temporal topic evolution. Table 3 provides de-
tailed results from the model.15 Together, these interactions explain 40% of variance in temporal topic
changes. This provided consistent support for H1a–b across many conditions. Specifically, the sizes of
the source and target community were statistically significant (b ¼ .421***, b =-.07**) on the pairwise
influence score. Put another way, when a large sized community discusses certain topics and has
members who directed parts of the conversation at another community whose size is small, the topics
of the source community could set the discussion agenda in the target community.

H2a–b directs attention to the effect of community stability. For communities to achieve a lasting
impact on what other communities are talking about, they need to remain stable (a significant portion
of members stayed in the same community over one year) over time. This is true for the source com-
munity. When a source community wants to influence the discussion topic in a target community, it
needs to stay relatively stable. However, in turn, when a target community wants to achieve a lasting
impact on what members of the source community discuss, they do not need to stay relatively stable
and coherent over time. H2a was supported and H2b rejected.

Table 3 Multiple Regressions Results With Pairwise Influence Score as the Dependent Variable

Variable b

Intercept .001
Community Characteristics
Community Size Size of the source community (H1a) .42***

Size of the target community (H1b) �.07**

Community Stability Score Community stability of the source community (H2a) .27***

Community stability of the target community (H2b) .13***

Community Interaction Patterns
Sentiment Score Sentiment score from the source community to the target

community
�.03

Sentiment score from the target community to the source
community

�04

Mention Counts Mentioned counts from the source community to the target
community

�.01

Mentioned counts from the target community to the source
community

.07**

R2 .41
Adjusted R2 .40

Note. All b are standardized coefficients for multiple regression. *p < .05. **p < .01. ***p < .001.
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H3a–b considered that the valence of interactions from the source and target communities might
influence topic changes. Neither positive nor negative interactions between a source and a target com-
munity appear to have made consistent difference in affecting topic changes. Therefore, the results
provided no support for H3a–b.

H4a–b are concerned with whether the volume of interactions among source (a) and target (b)
communities influenced the other communities’ discussion topics. While the volume of interactions
from the source community does not seem to affect topic changes, under most conditions the volume
of the interactions16 from target to source communities yield significant results and therefore provide
partial support for H4b.

Overall, the analysis showed that for one community to influence the discourse topics in another
community, the community would have a better chance if it is a large community and if it stays stable
over time. Additionally, when a target community engages back, it might also shape what the source
community discusses.

Discussion

Previous cyberbalkanization studies have focused on how mediated connections are built among ho-
mogenous actors and how their opinions tend to polarize within communities (Freelon et al., 2018;
Himelboim et al., 2013). In this study, we shifted attention away from within communities and in-
stead focused on the interdependence among communities. We explored how community level inter-
actions affect temporal changes in communities’ discussion topics. This focus allows us to consider
how topics from one community set the agenda in others. Our analysis shows the interdependence
among communities is pervasive and impactful. Communities can influence discussion topics of other
communities when they meet several key conditions.

Revealing a fragmented networked public sphere
Research on networked public sphere has mapped the structure of public discourses on social media
platforms (Brummette et al., 2018; Jackson & Foucault Welles, 2016). These studies have documented
a fragmented public sphere, where like-minded actors cluster into tight communities. Our study
found similar results. Our analysis identified the top 10 communities with relatively stable structure
and dense connections within each community. This finding revealed the social structure that enabled
cyberbalkanization (Freelon et al., 2018). It is through the repeated, clustered interactions, selective
exposure can be sustained over time (Benkler et al., 2015).

In addition, our analysis revealed that over time, five dominant topics captivated the public atten-
tion (accounted for more than 65% of public discourse). While all communities discussed these topics
at some point, their attitudes towards these topics are fairly different. Our analysis showed that con-
servative communities tend to be hostile to refugee-friendly causes while progressive communities
and NGO centered communities tend to be friendly to refugees. This finding is consistent with previ-
ous cyberbalkanization research (Brainard, 2009) and predictions derived from the Advocacy
Coalition Framework (Sabatier & Weible, 2007). The explanation here is that actors with different
ideologies and political agendas functioned liked advocacy coalitions in the networked public sphere.
These coalitions promoted messages that were consistent with their worldview and use coordinated
efforts in the process of advocacy.
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We also found a strong elite dominance within each community. The top influencers in the top
communities were INGOs, IGOs, politicians, celebrities, and media (see Table 2). These individuals/
organizations are iconic in the sense that they attracted the lion share of attention and won support
from their community members. Indeed, such finding is consistent with expectations derived from
Griffith and Mullins’s (1972) work. Griffith and Mullins theorized that in contentious contexts, elites
are necessary to ensure internal solidarity within communities while coordinating attacks on opposing
movements. Additionally, these elites rather than everyday people emerge as top influencers may also
reflect the nature of the research context as an international affair. In terms of the ongoing refugee cri-
sis, elites often have better access to firsthand information. This finding highlights that when studying
different issues, it is critical to identify “localized influencers” that are specific to each community. In
contentious social issues, online communities may provide a localized context for influencers to exert
their impact. As such, community detection may be the necessary first step for influencer identifica-
tion and theorization. Future studies may also explore the role of localized influencers in keeping
communities stable. Research can examine if the removal of these localized influencers would signifi-
cantly reduce the stability of their communities.

So far, our study has confirmed the existence of communities on Twitter in which users were
tightly connected. These communities tend to have iconic leaders who are exceptionally influential
when compared to other members. These communities were able to coordinate their discussion
efforts in a coalition-style over a one-year period to attack topics they disapproved and promoted
topics they favored. More importantly, as we will further discuss below, these communities were not
isolated from each other. Indeed, 18% of the links are between users of different communities (See
Appendix B for the relative densities of the communities as compared to the overall density in the
network). Communities did interact with each other, though not always with a positive sentiment.
The interactions among communities is the link missing in previous research that ties the fragmented
networked public sphere into a connected sphere.

The missing link in the fragmented networked public sphere
Our study showed that when communities engage with each other, topics that one community cared
about could potentially set the discussion agenda in other communities, depending on a few condi-
tions. This does not mean that community level interactions could change different community mem-
bers’ attitudes towards issues, but does suggest such interactions changed the focus of public attention
(what people talked about). Research on issue attention cycle (Downs, 1972) suggest that issues need
to compete for public attention in the crowded public sphere. Our study suggests that if members of a
community want to engage others on issues they care about, they should interact more with members
of other communities, even communities they completely disagree with. Such interactions appear to
be effective at setting the discussion topics agendas of other communities and potentially driving the
discourse topics of the overall public sphere. This finding offers implication for understanding of the
“echo chamber” effect (Colleoni et al., 2014). We found that although “echo chambers” exist within
communities, when considering the overall discourse on refugees, there are conversations between
the political left and right. This finding is consistent with Barberá et al.’s (2015) study, which analyzed
over 150 million tweets and found that conversations on political issues at the national level are more
dynamic than simply polarized around ideological clusters.

Additionally, we found that several conditions are critical for achieving and sustaining inter-com-
munity influence. The first condition is community size. Our results indicate that the size of the
source communities had a profound impact on the discourse topic evolution in the target community.
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The effect would be especially good if the size of the target community is relatively small. Taken to-
gether, large size communities that frequently initiate attacks or approvals at another community may
enjoy considerable influence on discourse topics in the other community. As expected, communities
of large size tend to be more successful when pushing their agenda. In our case study, partly due to
the size of the @DiamondandSilk community and its keen interests in xenophobia rhetoric, one of
the most influential topics in the data set are anti-refugees.

The second condition is community stability. Our analysis showed that some of the largest com-
munities in our data set are also quite stable. Not only did members consistently tweet about refugee
issues over a one year period, they also interacted consistently with roughly the same group of people.
One possible explanation is that these community members are issue publics who cared a great deal
about the refugee issue. In addition, cyberbalkanization may have provided them a sense of commu-
nity (Freelon et al., 2018). Our analysis showed that this stability is crucial for communities to sustain
their influence on topic evolution. The finding is consistent with Uitermark et al.’s (2016) prediction
that coherent groups of supporters are critical for countermovements to advocate their argument. For
advocacy groups, our finding suggests that they need to engage supporters and sustain a stable level of
participation.

The third condition is the volume of interactions. Griffith and Mullins’s seminal work and its
later development (Uitermark et al., 2016) conceptualize contentious public discourse from a rela-
tional approach, and suggest that the back-and-forth interactions between opposing communities
could drive topic changes. Interestingly, our finding suggests that when a target community engages
back with a source community, it actually gains the power to influence the source community’s dis-
cussion topics.17

The recommendation based on our finding is that some target communities should engage back
with consistent messages. Such engagement may not be able to change other communities’ view-
points, but would spread the impact of their topics and expose them to more people. The same rec-
ommendation can be offered to strategic efforts aiming at debunking misinformation. For example,
communities that wish to share correct information about a global pandemic should actively engage
with communities that spread misinformation. Their actions may not necessarily change attitudes but
could increase the counterpublics’ exposure to facts and set their discourse agenda.

Taken together, our study sheds light on how networks and discourse are interrelated in the net-
worked public sphere. Our study confirms that within communities, cyberbalkanization could hold
communities together and lead members to be “closed in” in their opinion environment. Meanwhile,
our study also shows that among communities, inter-community interactions connect communities
through shared attention to the same topics. Moreover, the meso-level community interactions allow
one community to set the agenda of another’s discussion topics and may eventually shape public
discourse.

Our study offers a nuanced, multilevel perspective on networked public spheres. This perspective
recognizes the local clusters and isolated opinion environment individual users may experience while
underscores the meso-level connections that tie different communities into an interconnected, inter-
dependent public sphere. This perspective challenges scholars to explore new theories that accommo-
date the different tensions at the micro and meso levels and opens up new frontiers for research.

Methodological implications, limitations, and future directions
This study offers several methodological contributions. First, we see communication structure and
content as inherently intertwined and mutually dependent. In order to simultaneously study the
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structure and content of communication, we combined social network analysis, topic modeling, com-
munity detection and temporal topic evolution analysis. This method considers communication net-
works and discourse topics as dynamic processes, and examines how network structure affects topic
evolutions. This approach precisely shows how much influence each community had on each topic,
and how communities are interconnected through their interactions. This method can be used to
study a range of communication topics such as the spreading of misinformation, movement mobiliza-
tion, and various roles of online communities.

Moreover, the community-level interaction approach also illuminated new research possibilities.
Previous research tends to focus on how network positions of individual actors or communication
strategies affect social media advocacy. The current study suggests that community structure and in-
ter-community interaction patterns may reveal new mechanisms on how social influence occurs
among communities. The study suggests that future social-mediated communication research needs
to adopt multilevel and multimodal research perspectives that simultaneously accommodates individ-
ual interactions, community interactions, and macro-network level interactions. To isolate analysis
within one level may lead to incomplete conclusions or lose sight of critical mechanisms that are only
visible through a multilevel design. Moreover, in this study we only examined Twitter. As such, we
know little about how other types of media like newspapers influence the interactions among commu-
nities. Future studies could examine communities’ links to media and how such links impact interac-
tions among communities. Additionally, in this study we quantified community level influence
through influence scores. Future research may further validate such influence with additional
indicators.

Finally, we also recognize several epistemological and ethical challenges inherent in big data and
computational methods. First, when large quantities of data are aggregated and processed, the rich-
ness of individual cases may be lost in the process of aggregation. While our study revealed macro
and meso level patterns, future studies could benefit from methods such as netnography to document
the nuanced daily interactions and cultural routines within and between communities. Second, social
media data sets, however big, could only account for specific platforms’ user populations. This may
raise the issue of representativeness. As these methods may disproportionately highlight and reinforce
digital inequality. In the case of current study, while a portion of refugees may have access to the
Internet, millions who are in the direst conditions may not. These are issues that need to be counted
for in future research.

Supporting information
The following supporting information is available for this article:
Appendix A The Number of Detected Communities and Modularity Values for Each Resolution
Parameter.
Appendix B1 Community Densities and Ratios as Compared to the Overall Density in the Network.
Appendix B2 The Cumulative Ratio of the Community Sizes in the Network.
Appendix C The Distribution of the User-Level PageRank in Each Community.
Appendix D Sentiment Interaction Network of the Top 10 Communities.
Appendix E Log Perplexity Values From Three Different LDA Models Based on a Number of Topics.
Appendix F Descriptive Statistics of Independent Variables.
Appendix G Pairwise Pearson Correlation Coefficients of Independent Variables.
Appendix H The Top 10 Influencers in the Top 10 Communities.
Appendix I Topic Distributions of Each of the Top 10 Communities.
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Appendix J Results of Multiple Regressions With Pairwise Influence Score as the Dependent
Variable. Each Model is Different in Terms of the Number of the Topics Learned in the Document
Influence Model (T: The Number of the Topic).
Appendix K Results of Multiple Regressions With Pairwise Influence Score as the Dependent
Variable. Each Model is Different in Terms of the Resolution Limit Parameter in the Community
Detection Method (R: Resolution Limit Parameter).
Appendix L Results of Multiple Regressions With Pairwise Influence Score as the Dependent
Variable. Each Model is Different in Terms of the Number of the Topics Learned in the Document
Influence Model (T: The Number of the Topics). Additionally, the Condition in Which the First
Community (DiamondandSilk) Was Excluded Was Applied.

Endnotes

1. At the time of data collection, through a paid subscription, DiscoverText offers access to the
Premium Twitter API, which offers the ability to collect relevant data directly from the full
Twitter firehose.

2. User’s status count refers to the number of tweets (including retweets) issued by the user. The
removal of inactive users (this step excluded 1.1% users) helps to reduce noise and improve the
accuracy of document influence models.

3. The source node and the target node are respectively tweet sender and users who retweet this
message.

4. The Louvain algorithm is the most commonly used method for community detection although
there can be bias towards low-degree users. The algorithm is based on the process of maximizing
the modularity thus leading to a small number of the large size of communities and a large num-
ber of the small size of communities. This study used the Networkx package in Python language
with a resolution parameter of 1.1.

5. Modularity is a measure indicating how much a certain network or graph has dense connections
between the nodes within the same community and sparse connections between the nodes from
the different communities. Please see Appendix A with the results.

6. PageRank is a link analysis algorithm that can show the relative importance of each node in the
graph. The node with high PageRank value in the graph means that it is linked by many nodes
with high PageRank value. In this study, Networkx package in Python language was used and
the used alpha parameter was 0.85. Please see Appendix C for distribution of user-level Page-
Rank in communities.

7. VADER (Valence Aware Dictionary and sEntiment Reasoner) is a sentiment analysis method
developed specifically for social media contexts. This method is based on a human-validated
sentiment lexicon. Using this method, the sentiment score in the text can be computed, which
leads to positive, neutral, or negative sentiment depending on the score (Positive: score � 0.05,
Negative: score � -0.05, Neutral: else).

8. Source community: A community in which the users mentioned the other users in different
communities in their tweets. Target community: A community in which the users were men-
tioned by the other users in different communities. Appendix D visualizes the sentiment interac-
tion network of the top 10 communities.
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9. Document influence model: Document influence model is an extension of the dynamic topic
model (Blei et al., 2006), which can capture the influence of the past documents towards future
documents in terms of topic change.

10. Stop words: Stop words are the most common words, such as, the, is, at, and so on. In this study,
NLTK package in Python was used.

11. The LDA model is a generative statistical model that can classify the documents in similar
topics. Please see Appendix E for Log perplexity values from three different LDA models.

12. Gensim package in Python language was used. A used time slice parameter was based on a
weekly basis.

13. Please see Appendix F and G for descriptive statistics and pairwise Pearson coefficients.
14. See Appendix H for the top 10 influencers in each of the top 10 communities.
15. In addition, Appendix J, K, and L provides detailed results from the assessment of the robustness

of the model in terms of the number of the topics learned in the document influence model, the
resolution parameter settings in the community detection method, and whether or not excluding
the first community in the model.

16. The only exception is when the number of topics is set to be larger than five (see Appendix I).
But the effect changes to be positively significant when we drop the largest community (see
Appendix K).

17. The only exception is when we include the largest community, @DiamondandSilk, in the analy-
sis. One possible explanation is that this community is very large and no other community could
effectively sets its agenda. It could also be because this community is led by extremely conserva-
tive influencers and their discussion topics are resilient to change.
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