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Controversy: from Latin contra (against) 
vertere (turn) “turned against, disputed”
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Goal

Understand how controversies  
unfold in social media
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Black/Blue or White/Gold?



Desiderata

In the wild 

Not necessarily political 

No domain knowledge 

Language independent 

Allows comparison



Problem Formulation

Graph-based unsupervised formulation 

Conversation graph for a topic (endorsements) 

Find partition of graph (represents 2 sides) 

Measure distance between partitions (random walks)



Endorsement Graph

#марш #sxsw



Pipeline

• Retweets 
• Follow 
• Mentions 
• Content

• METIS 
• Spectral 
• Label  

propagation

• Random walk 
• Edge betweenness 
• 2d embedding 
• Sentiment variance
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#beefban #марш #sxsw #germanwings



Example

#beefban #марш #sxsw #germanwings

Controversial Non controversial



RWC Rationale
Random Walk Controversy score 

Zaller's RAS model (Receive, Accept, Sample)  
"The Nature and Origins of Mass Opinion" 

Response Axiom: "Individuals form opinions by averaging across 
the considerations that are immediately salient or accessible to 
them" 

Authoritative (influential) users with high degree set opinions 

Measure likelihood of user to be exposed to opinions from influential 
users on either side
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RWC Definition

A:10
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Fig. 4: Partitions obtained for (a) #beefban, (b) #russia march by using the hybrid graph building
approach. The partitions are more noisy than those in Figures 3(a,b).

topic. Subsequently, we select one partition at random (each with probability 0.5) and
consider a random walk that starts from a random vertex in that partition. The walk
terminates when it visits any high-degree vertex (from either side).

We define the Random Walk Controversy (RWC ) measure as follows. “Consider two

random walks, one ending in partition X and one ending in partition Y , RWC is the

difference of the probabilities of two events: (i) both random walks started from the

partition they ended in and (ii) both random walks started in a partition other than the

one they ended in.” The measure is quantified as

RWC = PXXPY Y � PY XPXY , (2)

where PAB , A,B 2 {X,Y } is the conditional probability

PAB = Pr [start in partition A | end in partition B]. (3)

The aforementioned probabilities have the following desirable properties: (i) they are not
skewed by the size of each partition, as the random walk starts with equal probability
from each partition, and (ii) they are not skewed by the total degree of vertices in each
partition, as the probabilities are conditional on ending in either partition (i.e., the
fraction of random walks ending in each partition is irrelevant). RWC is close to one
when the probability of crossing sides is low, and close to zero when the probability of
crossing sides is comparable to that of staying on the same side.

6.2. An efficient variant of the random walk controversy score
The most straightforward way to compute RWC is via Monte Carlo sampling. We
use this approach in an earlier version of this work [Garimella et al. 2016b], with
samples of 10 000 random walks. Nevertheless, collecting a large number of samples is
computationally intensive, and leads to slow evaluation of RWC . In this section, we
propose a variant of RWC defined as a special case of a random walk with restart – thus
leading to a much more efficient computation. This variant can handle cases where the
random walker gets stuck (i.e., dangling vertices), by using restarts. This feature is
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RWC Properties
Probabilities are conditional on ending in either partition 

Random walks end on either side with equal probability 

Not skewed by size of each partition 

Not skewed by total degree of vertices in each partition 

Close to 1 when probability of crossing sides low (high 
controversy) 

Close to 0 when probability of crossing comparable to that of 
staying (low controversy)
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Fig. 10: RWC scores for synthetic Erdös-Rényi graphs planted with two communities. p1 is the
intra-community edge probability, while p2 is the inter-community edge probability.

generate random Erdös-Rényi graphs with varying community structure, and compute
the RWC score on them. Specifically, to mimic community structure, we plant two
separate communities with intra-community edge probability p1. That is, p1 defines how
dense these communities are within themselves. We then add random edges between
these two communities with probability p2. Therefore, p2 defines how connected the
two communities are. A higher value of p1 and a lower value of p2 create a clearer
two-community structure.

Figure 10 shows the RWC score for random graphs of 2000 vertices for two different
settings: plotting the score as a function of p1 while fixing p2 (Figure 10a), and vice-versa
(Figure 10b). The RWC score reported is the average over ten runs. We observe a clear
pattern: the RWC score increases as we increase the density within the communities,
and decreases as we add noise to the community structure. The effects of the parameters
is also expected, for a given value of p1, a smaller value of p2 generates a larger RWC
score, as the communities are more well separated. Conversely, for a given value of p2,
a larger value of p1 generates a larger RWC scores, as the communities are denser.

8.5. Controversy detection in the wild
In most of the experiments presented so far, we hand-picked known topics which
are controversial and show that our method is able to separate them from the non-
controversial topics. To check whether our system works in a real-world setting, we
deploy it in the wild to explore actual topics of discussion on Twitter and detect the ones
that are controversial. More specifically, we obtain daily trending hashtags (both US
and worldwide) on the platform for a period of three months (June 25 – September 19,
2015). Then, we obtain all tweets that use these hashtags, and create retweet graphs
(as described in Section 4). Finally, we apply the RWC measure on these conversation
graphs to identify controversial hashtags.

The results can be explored in our online demo [Garimella et al. 2016a].11 To mention
a few examples, our system was able to identify the following controversial hashtags:
• #whosiburningblackchurches (score 0.332): A hashtag about the burning of predomi-

nantly black churches.12

11https://users.ics.aalto.fi/kiran/controversy/table.php
12https://erlc.com/article/explainer-whoisburningblackchurches.
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Summary
RWC: a measure for how controversial a discussion on 
a topic is on social media 

Graph-based measure: no domain knowledge, language 
agnostic 

Intuitive semantics founded on opinion formation models 

Captures controversy better than state-of-the-art 

User-level polarization measure easy to derive



The Effect of Collective Attention on 
Controversial Debates on Social media  

 
WebSci 2017 (Best Paper Award)
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"Trump taxes" on Google



"Trump taxes" on Google

Rachel Maddow 
show on 2005 
tax return



Obamacare on Twitter



Gun Control on Twitter



Literature so far

Controversial debates examined in isolation 

As static snapshots



Contribution
Controversial debates are dynamic 

They change with collective attention 

Analyze controversial debates over time 

Particularly when collective attention increases 

When external ‘event’ happens



Data
Twitter 

4 longitudinal polarized topics 

Obamacare, Abortion, Gun control, Fracking 

5 years (2011 -- 2016) 

Hundreds of thousands of users 

Millions of tweets



Definitions

Retweet Graph 

Reply Graph 

Core Users
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Experiments



Experiments
Compare these 

two points
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Retweet Graph 
2) Most retweets to 
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1) New users enter 
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Retweet Graph 
2) Most retweets to 
existing core users

1) New users enter 
the discussion

3) Cross-side 
retweets decrease



Retweet Graph 
2) Most retweets to 
existing core users

1) New users enter 
the discussion

3) Cross-side 
retweets decrease

4) Within-side 
retweets increase



Controversy Measure

Figure 2: RWC score as a function of the activity in the
retweet network. An increase in interest in the controversial
topic corresponds to an increase in the controversy score of
the retweet network.

5.1 Network
We observe a significant correlation between RWC score and in-
terest in the topic. Figure 2 shows the RWC score as a function of
the quantiles of the network by retweet volume (as explained in
the previous section). There is a clear increasing trend, which is
consistent across topics. This trend suggests that increased interest
in the topic is correlated with an increase in controversy of the
debate, and increased polarization of the retweet networks for the
two sides. Conversely, reply networks are sparser and more dis-
connected, thus, the RWC score is not meaningful in this case (not
shown due to space constraints). This difference is expected, and
was already observed in the work that introduced RWC [12].

A similar result can be observed for the clustering coefficient,
as shown in Figure 3. As the interest in the topic increases, the
two sides tend to turtle up, and form a more close-knit retweet net-
work. This result suggests that the echo chamber phenomenon gets
stronger when the discussion sparks. Our finding is also consistent
with results by Romero et al. [30]. As for the previous measure,
the clustering coefficient does not show a significant pattern for
the reply networks. Replies are often linked to dyadic interactions,
while the clustering coefficient measures triadic ones, so we expect
such a difference between the two types of network.

In line with the above results, tie strength is correlated with
retweet volume, as indicated by Figure 4. When the discussion in-
tensifies, users tend to endorse the opinions of their closest friends,
or their trusted sources of information. Again, this observation
indicates a closing up of both sides when the debate gets heated.
Interestingly, a similar trend is present for the reply network, as
shown in Figure 5. Differently from previous work, we find an in-
crease of communication of users with their strong ties, rather than
with weak ties or users of the opposing side. We also observe an
increase in back-and-forth communication, indicating a dialogue
between users of the same side. Figure 6 shows an increase in bi-
motifs in the reply network when the discussion intensifies. This
measure is inconclusive for the retweet network, for the reasons
mentioned above.

Finally, when calculating the fractions of within-side edges and
across-side edges for across sides edge composition, we find that
reply networks typically contain higher proportions of across-side
activity compared to retweet networks, consistently with earlier
work. In fact, for retweet networks, almost all edges are classified as
within-side edges. Interestingly, we also find that these proportions
do not change significantly as the volume increases. The same is
true for the cross-side openness measure (not shown).

Figure 3: Average clustering coefficient of as a function of
the activity in the retweet network. Spikes in interest cor-
respond to an increase in the clustering coefficient on both
sides of the discussion, which indicates the retweet net-
works tend to close up.

Figure 4: Tie strength as a function of the activity in the
retweet network. Spikes in activity correspond to more in-
teraction with stronger ties, which indicates a closing up of
the retweet network.

Figure 5: Tie strength as a function of the activity in the
reply network. Users tend to communicate proportionally
more with closer ties when interest spikes, which reveals a
further closing up of the network.

Figure 6: Bimotifs as a function of the activity in the reply
network. Users tend to reciprocate the communicationmore
as the discussion intensifies.

5.2 Content
Let us now switch our attention to the content measures. Recall
that for these measures we do not distinguish between retweet and
reply networks, but only between the two sides of the discussion.
The main observation is that the Jensen-Shannon divergence be-
tween the two sides decreases, as shown by Figure 7. This decrease
indicates that the lexicon of the two sides tends to converge. The
cause of this phenomenon might be the participation of casual users
to the discussions, who contribute a more general lexicon to the dis-
cussion. Alternatively, the cause might be in the event that sparks
the discussion, which brings the whole network to adopt similar
lexicon to speak about it, i.e., there is an event-based convergence.

To further examine the cause of the convergence of lexicon, we
report the entropy of the unigram distribution. Figure 8 shows
that the entropy for one of the sides increases as interest increases

Figure 15: Non-controversial topics: RWC score as a func-
tion of the activity in the retweet network.

Figure 16: Non-controversial topics: Jensen-Shannon diver-
gence of the lexicon between the two sides as a function of
network activity. As the interest in the topic rises, the lexi-
con used by the two sides tends to converge.

We find that several structural measures, namely clustering coeffi-
cient, tie strength, and bimotif, behave similarly to the controversial
topics, in that they obtain increased values for increased volume
of activity. This result is in accordance with the ones by Romero
et al. [30]. Conversely, the values of the RWC measure typically
remain in ranges that indicate low presence of controversy, even
as the volume of activity spikes (Figure 15). Additionally, with the
definition of ‘core’ introduced above, we could only identify a neg-
ligibly small core for these topics (i.e., found very few users who
were consistently active on these topics).

Finally, in terms of content measures we find that, as for the
controversial topics, the entropy of the lexicon increases with vol-
ume (Figure 17). Topic variance also decreases with volume in most
cases, meaning that a wider range of topics are discussed (Figure 18).
On the contrary, the Jensen-Shannon divergence stays at relatively
constant values across volume levels (Figure 16). It thus behaves
differently compared to controversial topics (Figure 7). This result
is to be expected, as the two ‘sides’ identified by METIS on the
networks of non-controversial topics are not as well defined as they
are in the case of controversial topics.

6 CONCLUSION
The evolution of networks is a well-studied phenomenon in social
sciences, physics, and computer science. However, the evolution

Figure 17: Non-controversial topics: Entropy of the distribu-
tion over the lexicon for one side of the discussion as a func-
tion of the activity in the network (the other side shows sim-
ilar patterns).

Figure 18: Non-controversial topics: Variance of the topic
distribution. As the interest increases, variance decreases,
indicating that a wider range of topics are being discussed.

of interaction networks has received substantially less attention
so far. In particular, interaction networks related to discussions of
controversial topics, which are important from a sociological point
of view, have not been analyzed before. This study is a first step
towards understanding this important social phenomenon.

We analyzed four highly controversial topics of discussion on
Twitter for a period of five years. By examining the endorsement
and communication networks of users involved in these discussions,
we found that spikes in interest correspond to an increase in the
controversy of the discussion. This result is supported by a wide
array of network analysis measures, and is consistent across topics.
We also found that interest spikes correspond to a convergence of
the lexicon used by the opposite sides of a controversy, and a more
uniform lexicon overall. The code and datasets used in the paper
are available on the project website.8

Implications of this work relate to the understanding of how
our society evolves via continuous debates, and how culture wars
develop [1, 16, 23]. It is often argued that technology, and social
media in particular, is having a negative impact on our ability to
relate to the unfamiliar [5], due to the “echo chamber” and “filter
bubble” effects. However, while we found instantaneous temporary
increase in controversy in relation to external events, our study did



Core-Periphery Openness

Figure 12: Core–periphery openness as a function of activity
in the retweet network. As the interest increases, the num-
ber of core-periphery edges, normalized by the expected
number of edges in a random network, increases. This sug-
gests a propensity of periphery nodes to connect with the
core nodes when interest increases.

Figure 13: Core-periphery openness as a function of activity
in the reply network. As the interest increases, the number
of core-periphery edges, normalized by the expected num-
ber of edges in a random network, increases for most top-
ics. This suggests a propensity of periphery nodes to connect
with the core nodes when interest increases.

Table 2: Pearson correlation of various measures with vol-
ume one week before, during and after a spike in interest.
All values except those marked with an asterisk (*) are sig-
nificant at p < 0.05.

Measure Obamacare Gun Control Abortion Fracking

RWC 0.20 0.21 0.19 0.23
Openness -0.09* 0.81 0.23 0.08
Bimotif 0.27 0.36 0.33 0.23
Tie Strength 0.96 0.98 0.95 0.86
JSD -0.66 -0.86 -0.63 -0.46
Entropy 0.42 0.46 0.67 0.26
Frac. RT 0.15* 0.6 0.59 0.56
Frac. Men. 0.20 0.71 0.54 0.51
Frac. URL 0.32 0.36 0.39 0.40

finding that polarization increases during spikes. The trends for
bimotif, tie strength, and content divergence also persist, and are
much stronger locally.

In addition to the previous measures, we also analyze other con-
tent features, such as the fraction of retweets, replies, mentions,
and URLs around the spike. Interestingly, we find strong positive
correlation of retweets, mentions, and URLs with volume, which
indicates that discussion and endorsement increase during a spike.
This finding is consistent with the ones by Smith et al. [31], who find
that users tend to add URLs to their tweets when discussing con-
troversial topics. Note that these additional content measures are
only indicative for the local analysis, and do not produce consistent
results at the global level.

Figure 14: Long-term trends of RWC (controversy) score in
our dataset. No consistent trend can be observed, which con-
tradicts the narrative that socialmedia ismaking our society
more divided.

5.5 Evolution over time
Let us now focus on how the measures change throughout time.
The longitudinal span of the dataset of five years allows us to track
the long-term evolution of discussion on controversial topics. A
common point of view holds that social media is aggravating the
polarization of society and exacerbating the divisions in it [5]. At
the same time, the political debate (in U.S.) itself has become more
polarized in recent years [4]. However, we do not find conclusive
evidence for this argument with our analysis on this dataset.

Figure 14 shows the long-term trends of the RWCmeasure for the
four topics. The trend is downwards for ‘abortion’ and ‘fracking’,
while it is upwards for ‘obamacare’ and ‘gun control’. One could
argue that the latter topics are more politically linked to the current
administration in U.S., and for this reason have received increasing
attention with the elections approaching. However, the only safe
conclusion that can be drawn from this dataset is that there is no
clear signal. The figure suggests that social media, and in particular
Twitter, are better suited at capturing the ‘twitch’ response of the
public to events and news. In addition, while our dataset spans a
quite long time span for typical social media studies, it is still much
shorter than other ones used typically in social science (coming
from, e.g., census, polls, congress votes). This limit is intrinsic of the
tool, given that social media have risen in popularity only relatively
recently (e.g., Twitter is 10 years old).

5.6 Non-controversial topics
For comparison, we perform measurements over a set of non-
controversial topics, defined by the hashtags #ff, standing for ‘Fol-
low Friday’, used every Friday by users to recommend interesting
accounts to follow; #nba and #nfl, used to discuss sports games;
#sxsw, used to comment on the South-by-South-West conference;
#tbt, standing for ‘Throwback Thursday’, used every Thursday by
users to share memories (news, pictures, stories) from the past.
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Cross-side edges increase: more discussion

Attention 
increases 
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Long-Term Polarization



Summary
Controversial debates during external events 

Polarization increases 

Retweet graph becomes hierarchical (core-periphery) 

More replies across sides 

Content becomes more uniform 

Many more results in the paper!



Political Discourse on Social Media 
Echo Chambers, Gatekeepers,  
and the Price of Bipartisanship 

WWW 2018



Political Discourse on 
Social Media

Characterized by heavy polarization 

Emergence of echo chambers ("Hear your own voice") 

Might hamper deliberative process in democracy 

Lack of shared world view 

Concern expressed by former US Presidents, 
Facebook, Twitter, and more



Polarization Cause

Selective exposure? 

People see only content that agrees with their pre-
existing opinion 

Biased assimilation? 

People pay more attention to content that agrees 
with their pre-existing opinion



Echo Chamber Definition

Echo = opinion 

Chamber = network 

Joint content + network definition 

Echo chamber = political leaning of content that users 
receive from network agrees with that of content they 
share to the network



Production/Consumption

Consumption 

What you receive in your feed 

What your followees tweet 

Production 

What you tweet



Political Leaning Scores
Based on source of the content (500 domains) 

Score derived by self-declared affiliation of sharers on FB 

FoxNews.com is aligned with conservatives (CP = 0.9), 
HuffingtonPost.com is aligned with liberals (CP = 0.17)



Production/Consumption 
Scores

Polarity scores based on “content” leaning (from source) 

Production score 

Average political leaning of the content the user tweets 

Consumption score 

Average political leaning of the content the user receives on 
their feed 

Results of selection by the user



δ-partisanship
score takes values between 0 and 1 and expresses the fraction of
Facebook users who visit these pages that identify themselves as
conservative on their Facebook pro�le. A value close to 1 (0) in-
dicates that the domain has a conservative (liberal) bent in their
coverage. For a detailed description of the dataset, we refer the
reader to the original publication [4]. We remove a small num-
ber of domains that are not owned by news organizations (e.g.,
wikipedia.org or reddit.com), and add shortened versions of news
domains to the list (e.g. fxn.ws for foxnews.com). The distribution
of source polarity for the 500 domains is shown in Figure 2.

4 MEASURES
This section describes the measures used in our analysis. These
measures aim to capture user activity from two perspectives: (i) the
content produced and consumed by a user, and (ii) the network
position of a user, including their interactions with others.

4.1 Content
Content is central in measuring echo chamber e�ects. In a setting
where opinions are polarized between two perspectives – in our
case “liberal” and “conservative” – we say that an echo chamber
exists to the degree that users consume content that agrees with their
expressed point of view. To make this de�nition actionable and
quantify the echo chamber e�ect, we need to model the political
leaning of content produced and consumed by users.

For the content production of a user u, we consider tweets posted
by user u. For the content consumption of a user u we consider
tweets posted by users whom u follows.

To quantify the political leaning of content posted on Twitter,
we consider only messages that contain a link to an online news
organization with a known and independently derived political
leaning. In particular, we use the dataset of the political leaning
scores of news organizations described in Section 3. Based on those
scores, we de�ne a polarity score for the content produced and
consumed by a user.
Production polarity. For each user u in a given dataset, we con-
sider the set of tweets Pu posted by u that contain links to news
organizations of known political leaning ln . We then associate each
tweet t 2 Pu with leaning `(t ) = ln . The production polarity p (u) of
user u is then de�ned as the average political leaning over Pu , i.e.,

p (u) =

P
t 2Pu `(t )
|Pu |

. (1)

The value of production polarity ranges between 0 and 1. For users
who regularly share content from liberal sources, production po-
larity is closer to 0, while for the ones who share content from
conservative sources it is closer to 1.

We wish to quantify the extent to which users produce one-sided
content. We say that a user is �-partisan, for some value 0  �  1

2 ,
if their production polarity is within � from either extreme value

min{p (u),1 � p (u)}  � . (2)

The smaller the value of � the more partisan a user is. Note also that
if a user u is � -partisan then u is also � 0-partisan for � < � 0  1

2 .
Users who are not � -partisan are called � -bipartisan. Intuitively,
� -partisan users produce content only from one extreme end of

Figure 1: Example showing the de�nition of �-partisan users.
The dotted red lines are drawn at � and 1-� . Users on the left
of the leftmost dashed red line or right of the rightmost one
are �-partisan.

the political spectrum, where as � -bipartisan ones do not. Figure 1
shows an illustration of � -partisan and � -bipartisan users.
Production variance. Besides the average political leaning of pro-
duced tweets, we also measure the variance in political leaning over
the same set of tweets. The objective is to quantify the range of
opinions of a user covered by the produced content.
Consumption polarity. Similarly to production polarity, we de�ne
consumption polarity based on the set of tweets C (u) that a user
receives on their feed from users they follow. We again focus on
tweets that contain a link to a news article from a domain with
known source polarity. The consumption polarity c (u) of user u is
de�ned as the average political leaning of received tweets C (u).

c (u) =

P
t 2Cu `(t )
|Cu |

(3)

Values close to 0 indicate consumption of liberal content, while
values close to 1 indicate consumption of conservative content.
Although the de�nition of consumption polarity is based on the
source polarity of tweets, it also takes the network structure into
account and forms the basis for the understanding of the interaction
between content and network.

To quantify the extent to which users consume one-sided content,
we say that a user is �-consumer, for some value 0  �  1

2 , if
their consumption polarity is within � from either extreme value

min{c (u),1 � c (u)}  � . (4)

Consumption variance. Besides the average political leaning of
consumed tweets, we also measure the variance in political leaning
over the same set of tweets. The objective is to quantify the range
of opinions of a user covered by the consumed content.
Gatekeepers. Gatekeepers are de�ned in media and communica-
tion studies as media sources that act as �lters (or ‘gatekeepers’) of
information [27]. In our case, we consider consumption and pro-
duction of content jointly, and de�ne gatekeepers as users who
consume content from both sides of the political spectrum but only
produce content from one side. These users block or �lter informa-
tion from one side, and hence can be considered gatekeepers.

Formally, we say that a user u is �-gatekeeper if u is � -partisan
but not � -consumer, i.e.,

min{p (u),1 � p (u)}  � and min{c (u),1 � c (u)} > � . (5)
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Figure 3: Distribution of production and consumption polarity, for P�������� (�rst row) and N���P�������� (second row)
datasets. The scatter plots display the production (x-axis) and consumption (�-axis) polarities of each user in a dataset. Colors
indicate user polarity sign, following [6] (grey = democrat, yellow = republican). The one-dimensional plots along the axes
show the distributions of the production and consumption polarities for democrats and republicans.
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Figure 4: Top: Production polarity variance vs. production polarity (mean). Bottom: Consumption polarity variance vs. con-
sumption polarity (mean).

However, di�erently from the rest of the side they align with, they
show a lower clustering coe�cient, an indication that they are
not completely embedded in a single community. Given that they
receive content also from the opposing side, this result is to be
expected: most of the links that span the two communities will
remain open (i.e., not form a triangle). Similarly, their polarity score
is on average less extreme than the rest of their group.

Di�erently from the partisans, we could not �nd consistent
trends for interaction features such as retweet and favorite rate
and volume. Pro�le features are also not consistently di�erent for
gatekeepers. The results are reported in Table 2.

Finally, given that both partisans and gatekeepers sport higher
centrality, we compare their PageRank values directly and �nd that
there is a signi�cant di�erence: partisans have a higher PageRank
compared to gatekeepers (�gure not shown). This e�ect is more
pronounced for higher values of the threshold� , possibly suggesting
that, even among users who produce polarized content, purity (not
following users of the opposite side) is rewarded.

5.4 Prediction
Given that partisans and gatekeepers present markedly di�erent
characteristics in terms of network and content, can we predict a
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show the distributions of the production and consumption polarities for democrats and republicans.
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However, di�erently from the rest of the side they align with, they
show a lower clustering coe�cient, an indication that they are
not completely embedded in a single community. Given that they
receive content also from the opposing side, this result is to be
expected: most of the links that span the two communities will
remain open (i.e., not form a triangle). Similarly, their polarity score
is on average less extreme than the rest of their group.

Di�erently from the partisans, we could not �nd consistent
trends for interaction features such as retweet and favorite rate
and volume. Pro�le features are also not consistently di�erent for
gatekeepers. The results are reported in Table 2.

Finally, given that both partisans and gatekeepers sport higher
centrality, we compare their PageRank values directly and �nd that
there is a signi�cant di�erence: partisans have a higher PageRank
compared to gatekeepers (�gure not shown). This e�ect is more
pronounced for higher values of the threshold� , possibly suggesting
that, even among users who produce polarized content, purity (not
following users of the opposite side) is rewarded.

5.4 Prediction
Given that partisans and gatekeepers present markedly di�erent
characteristics in terms of network and content, can we predict a
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However, di�erently from the rest of the side they align with, they
show a lower clustering coe�cient, an indication that they are
not completely embedded in a single community. Given that they
receive content also from the opposing side, this result is to be
expected: most of the links that span the two communities will
remain open (i.e., not form a triangle). Similarly, their polarity score
is on average less extreme than the rest of their group.

Di�erently from the partisans, we could not �nd consistent
trends for interaction features such as retweet and favorite rate
and volume. Pro�le features are also not consistently di�erent for
gatekeepers. The results are reported in Table 2.

Finally, given that both partisans and gatekeepers sport higher
centrality, we compare their PageRank values directly and �nd that
there is a signi�cant di�erence: partisans have a higher PageRank
compared to gatekeepers (�gure not shown). This e�ect is more
pronounced for higher values of the threshold� , possibly suggesting
that, even among users who produce polarized content, purity (not
following users of the opposite side) is rewarded.

5.4 Prediction
Given that partisans and gatekeepers present markedly di�erent
characteristics in terms of network and content, can we predict a
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However, di�erently from the rest of the side they align with, they
show a lower clustering coe�cient, an indication that they are
not completely embedded in a single community. Given that they
receive content also from the opposing side, this result is to be
expected: most of the links that span the two communities will
remain open (i.e., not form a triangle). Similarly, their polarity score
is on average less extreme than the rest of their group.

Di�erently from the partisans, we could not �nd consistent
trends for interaction features such as retweet and favorite rate
and volume. Pro�le features are also not consistently di�erent for
gatekeepers. The results are reported in Table 2.

Finally, given that both partisans and gatekeepers sport higher
centrality, we compare their PageRank values directly and �nd that
there is a signi�cant di�erence: partisans have a higher PageRank
compared to gatekeepers (�gure not shown). This e�ect is more
pronounced for higher values of the threshold� , possibly suggesting
that, even among users who produce polarized content, purity (not
following users of the opposite side) is rewarded.

5.4 Prediction
Given that partisans and gatekeepers present markedly di�erent
characteristics in terms of network and content, can we predict a
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However, di�erently from the rest of the side they align with, they
show a lower clustering coe�cient, an indication that they are
not completely embedded in a single community. Given that they
receive content also from the opposing side, this result is to be
expected: most of the links that span the two communities will
remain open (i.e., not form a triangle). Similarly, their polarity score
is on average less extreme than the rest of their group.

Di�erently from the partisans, we could not �nd consistent
trends for interaction features such as retweet and favorite rate
and volume. Pro�le features are also not consistently di�erent for
gatekeepers. The results are reported in Table 2.

Finally, given that both partisans and gatekeepers sport higher
centrality, we compare their PageRank values directly and �nd that
there is a signi�cant di�erence: partisans have a higher PageRank
compared to gatekeepers (�gure not shown). This e�ect is more
pronounced for higher values of the threshold� , possibly suggesting
that, even among users who produce polarized content, purity (not
following users of the opposite side) is rewarded.

5.4 Prediction
Given that partisans and gatekeepers present markedly di�erent
characteristics in terms of network and content, can we predict a



Variance

(a) (b) (c) (d) (e)

(f) (g) (h) (i) (j)

Figure 3: Distribution of production and consumption polarity, for P�������� (�rst row) and N���P�������� (second row)
datasets. The scatter plots display the production (x-axis) and consumption (�-axis) polarities of each user in a dataset. Colors
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(a) (b) (c) (d) (e)

(f) (g) (h) (i) (j)

Figure 4: Top: Production polarity variance vs. production polarity (mean). Bottom: Consumption polarity variance vs. con-
sumption polarity (mean).

However, di�erently from the rest of the side they align with, they
show a lower clustering coe�cient, an indication that they are
not completely embedded in a single community. Given that they
receive content also from the opposing side, this result is to be
expected: most of the links that span the two communities will
remain open (i.e., not form a triangle). Similarly, their polarity score
is on average less extreme than the rest of their group.

Di�erently from the partisans, we could not �nd consistent
trends for interaction features such as retweet and favorite rate
and volume. Pro�le features are also not consistently di�erent for
gatekeepers. The results are reported in Table 2.

Finally, given that both partisans and gatekeepers sport higher
centrality, we compare their PageRank values directly and �nd that
there is a signi�cant di�erence: partisans have a higher PageRank
compared to gatekeepers (�gure not shown). This e�ect is more
pronounced for higher values of the threshold� , possibly suggesting
that, even among users who produce polarized content, purity (not
following users of the opposite side) is rewarded.

5.4 Prediction
Given that partisans and gatekeepers present markedly di�erent
characteristics in terms of network and content, can we predict a
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Figure 6: Pagerank for �-partisan and �-bipartisan users.

Table 3: Comparison between �-gatekeeper users and a ran-
dom sample of normal users. A 3 indicates that the corre-
sponding property is signi�cantly higher for gatekeepers
(p < 0.001) for at least 4 of the 6 thresholds � used. A mi-
nus next to the checkmark (-) indicates that the property is
signi�cantly lower.

PageRank Degree CC Polarity

guncontrol 3 3 3 (-) 3 (-)
obamacare 3 3 (-) 3 (-)
combined 3 3 3 (-) 3 (-)
abortion 3 3 3 (-) 3 (-)
large 3 3 3 (-) 3 (-)

user’s role as partisan and gatekeeper without knowledge of their
production and consumption polarities? That is, how evident is their
role in the discussion just by examining their network, and pro�le
features? We train a Random Forest classi�er on the P��������
datasets, and use the following features for each user:
� Network features: PageRank, degree, clustering coe�cient;
� Pro�le features: number of tweets, of followers, of friends, age

on Twitter;
� Tweet features: n-grams with tf-idf weights from their tweets.
We �x an intermediate threshold � = 0.3 to de�ne the set of

partisans and gatekeepers for each dataset. We build balanced classi-
�cation tasks by picking an equal number of partisans/gatekeepers
and a random sample of non-partisan/non-gatekeeper users.

The accuracy of the classi�cation model is shown in Table 4 (av-
erage for 10-fold cross-validation) for partisans (p) and gatekeepers
(�). Given that the classi�cation datasets are balanced, a random
guess would have an accuracy of 0.5. However, all features give

Table 4: Accuracy for prediction of users who are parti-
sans (p) or gatekeepers (�). (net) indicates network and pro-
�le features only, (n-gram) indicates just n-gram features.
The last two columns show results for all features combined.

p (net) � (net) p (n-gram) � (n-gram) p �

combined 0.71 0.67 0.73 0.65 0.81 0.67
guncontrol 0.70 0.64 0.76 0.62 0.83 0.67
obamacare 0.75 0.65 0.78 0.64 0.83 0.66
abortion 0.71 0.63 0.76 0.65 0.80 0.69
large 0.72 0.70 0.74 0.68 0.78 0.75

a better prediction. It is interesting to see that just using simple
n-gram features performs well. This hints that there are marked
di�erences in the way partisans and gatekeepers use text. Note that
n-gram features, even though using content, are not related to the
production/consumption polarity computation, as these scores are
only computed using tweets with links to news sources (and not the
actual content itself). Identifying partisans shows to be markedly
easier than gatekeepers, with accuracies hovering around 80% for
partisans compared to 70% for gatekeepers, when using all features
combined. Therefore, we conclude that being a partisan has clear
correlations with speci�c network and content features that enable
their identi�cation with high accuracy.

6 DISCUSSION
In this paper we study echo chambers in political discussions in
social media, in particular, we study the interplay between con-
tent and network, and the di�erent roles of users. Germane to our
approach is the de�nition of measures for the political leaning of
content shared by users in social media. These measures, which are
grounded in previous research [4], capture both the leaning of the
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Table 3: Comparison between �-gatekeeper users and a ran-
dom sample of normal users. A 3 indicates that the corre-
sponding property is signi�cantly higher for gatekeepers
(p < 0.001) for at least 4 of the 6 thresholds � used. A mi-
nus next to the checkmark (-) indicates that the property is
signi�cantly lower.

PageRank Degree CC Polarity

guncontrol 3 3 3 (-) 3 (-)
obamacare 3 3 (-) 3 (-)
combined 3 3 3 (-) 3 (-)
abortion 3 3 3 (-) 3 (-)
large 3 3 3 (-) 3 (-)

user’s role as partisan and gatekeeper without knowledge of their
production and consumption polarities? That is, how evident is their
role in the discussion just by examining their network, and pro�le
features? We train a Random Forest classi�er on the P��������
datasets, and use the following features for each user:
� Network features: PageRank, degree, clustering coe�cient;
� Pro�le features: number of tweets, of followers, of friends, age

on Twitter;
� Tweet features: n-grams with tf-idf weights from their tweets.
We �x an intermediate threshold � = 0.3 to de�ne the set of

partisans and gatekeepers for each dataset. We build balanced classi-
�cation tasks by picking an equal number of partisans/gatekeepers
and a random sample of non-partisan/non-gatekeeper users.

The accuracy of the classi�cation model is shown in Table 4 (av-
erage for 10-fold cross-validation) for partisans (p) and gatekeepers
(�). Given that the classi�cation datasets are balanced, a random
guess would have an accuracy of 0.5. However, all features give

Table 4: Accuracy for prediction of users who are parti-
sans (p) or gatekeepers (�). (net) indicates network and pro-
�le features only, (n-gram) indicates just n-gram features.
The last two columns show results for all features combined.

p (net) � (net) p (n-gram) � (n-gram) p �

combined 0.71 0.67 0.73 0.65 0.81 0.67
guncontrol 0.70 0.64 0.76 0.62 0.83 0.67
obamacare 0.75 0.65 0.78 0.64 0.83 0.66
abortion 0.71 0.63 0.76 0.65 0.80 0.69
large 0.72 0.70 0.74 0.68 0.78 0.75

a better prediction. It is interesting to see that just using simple
n-gram features performs well. This hints that there are marked
di�erences in the way partisans and gatekeepers use text. Note that
n-gram features, even though using content, are not related to the
production/consumption polarity computation, as these scores are
only computed using tweets with links to news sources (and not the
actual content itself). Identifying partisans shows to be markedly
easier than gatekeepers, with accuracies hovering around 80% for
partisans compared to 70% for gatekeepers, when using all features
combined. Therefore, we conclude that being a partisan has clear
correlations with speci�c network and content features that enable
their identi�cation with high accuracy.

6 DISCUSSION
In this paper we study echo chambers in political discussions in
social media, in particular, we study the interplay between con-
tent and network, and the di�erent roles of users. Germane to our
approach is the de�nition of measures for the political leaning of
content shared by users in social media. These measures, which are
grounded in previous research [4], capture both the leaning of the
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Table 3: Comparison between �-gatekeeper users and a ran-
dom sample of normal users. A 3 indicates that the corre-
sponding property is signi�cantly higher for gatekeepers
(p < 0.001) for at least 4 of the 6 thresholds � used. A mi-
nus next to the checkmark (-) indicates that the property is
signi�cantly lower.

PageRank Degree CC Polarity

guncontrol 3 3 3 (-) 3 (-)
obamacare 3 3 (-) 3 (-)
combined 3 3 3 (-) 3 (-)
abortion 3 3 3 (-) 3 (-)
large 3 3 3 (-) 3 (-)

user’s role as partisan and gatekeeper without knowledge of their
production and consumption polarities? That is, how evident is their
role in the discussion just by examining their network, and pro�le
features? We train a Random Forest classi�er on the P��������
datasets, and use the following features for each user:
� Network features: PageRank, degree, clustering coe�cient;
� Pro�le features: number of tweets, of followers, of friends, age

on Twitter;
� Tweet features: n-grams with tf-idf weights from their tweets.
We �x an intermediate threshold � = 0.3 to de�ne the set of

partisans and gatekeepers for each dataset. We build balanced classi-
�cation tasks by picking an equal number of partisans/gatekeepers
and a random sample of non-partisan/non-gatekeeper users.

The accuracy of the classi�cation model is shown in Table 4 (av-
erage for 10-fold cross-validation) for partisans (p) and gatekeepers
(�). Given that the classi�cation datasets are balanced, a random
guess would have an accuracy of 0.5. However, all features give

Table 4: Accuracy for prediction of users who are parti-
sans (p) or gatekeepers (�). (net) indicates network and pro-
�le features only, (n-gram) indicates just n-gram features.
The last two columns show results for all features combined.

p (net) � (net) p (n-gram) � (n-gram) p �

combined 0.71 0.67 0.73 0.65 0.81 0.67
guncontrol 0.70 0.64 0.76 0.62 0.83 0.67
obamacare 0.75 0.65 0.78 0.64 0.83 0.66
abortion 0.71 0.63 0.76 0.65 0.80 0.69
large 0.72 0.70 0.74 0.68 0.78 0.75

a better prediction. It is interesting to see that just using simple
n-gram features performs well. This hints that there are marked
di�erences in the way partisans and gatekeepers use text. Note that
n-gram features, even though using content, are not related to the
production/consumption polarity computation, as these scores are
only computed using tweets with links to news sources (and not the
actual content itself). Identifying partisans shows to be markedly
easier than gatekeepers, with accuracies hovering around 80% for
partisans compared to 70% for gatekeepers, when using all features
combined. Therefore, we conclude that being a partisan has clear
correlations with speci�c network and content features that enable
their identi�cation with high accuracy.

6 DISCUSSION
In this paper we study echo chambers in political discussions in
social media, in particular, we study the interplay between con-
tent and network, and the di�erent roles of users. Germane to our
approach is the de�nition of measures for the political leaning of
content shared by users in social media. These measures, which are
grounded in previous research [4], capture both the leaning of the
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clearly separated and bi-modal distributions, while the distributions
very much coincide for the N���P�������� datasets. This kind of
bimodal distribution is also indicative of a divide in the leaning of
the content produced and consumed.

Furthermore, let us note that, when the distributions of pro-
duction and consumption polarities are compared with the source
polarity scores in Figure 2, they appear quite di�erent. The pro-
duction/consumption polarities are more concentrated towards the
middle of the spectrum (i.e., there are few very extreme users), and
the modes themselves are relatively far from the extremes. In addi-
tion, the concentration of the distributions show a preference for
one leaning when compared to the distribution of source polarities.
This preference can be attributed to personal choice of the user (for
the production), and also to network e�ects such as homophily and
network correlation (for the consumption).

Finally, we examine the variance of the production and consump-
tion polarities. We ask whether users who are more partisan also
present a lower variance in their polarities, which means they pro-
duce and consume content from a narrower spectrum of sources.
Figure 4 shows the consumption and production variance of each
user (�-axis) against the respective (mean) polarity measure. The
plot shows a clear “downward U” trend, which con�rms the afore-
mentioned hypothesis: bipartisan users follow news sources with
a wider spread of political leaning, rather than just picking from
the center, which makes their news diet qualitatively di�erent from
partisan users. We obtain similar results when we examine the
variance of production and consumption polarities as a function
of user polarity score [6] (omitted due to space constraints). The
consistency of these results reinforces the validity of our production
and consumption polarity metrics.

5.2 Analysis of partisan users
Recall that a � -partisan user is one who tends to produce content
exclusively from one side of the political spectrum. In this section,
we study how partisan users di�er from bipartisan users. We focus
on three main elements for the comparison:
(a) Network: PageRank (global measure of centrality), clustering co-

e�cient (local measure of centrality), and absolute user polarity
(higher values indicate higher polarization).

(b) Pro�le: number of followers (proxy for popularity), number of
friends, number of tweets (proxy for activity), age on Twitter
(number of weeks the user has been on Twitter).

(c) Interaction: retweet/favorite rate, retweet/favorite volume.
Partisans and bipartisans are parameterized by a threshold � ,

and we consider di�erent values for � between 0.20 and 0.45 in
steps of 0.05. For each value of � , we explore the value distribution
of the above features for the two groups of users and test whether
they are di�erent. Table 2 (second column) summarizes the results
for partisan users and lists the features for which the di�erence is
statistically signi�cant on a majority of the datasets. A “3” in the
table means that the property (e.g., PageRank) is signi�cantly higher
for partisans for at least 4 of the 6 values of the � threshold, for most
of the datasets (In most cases we �nd consistent behavior across all

Table 2: Comparison of various features for partisans & bi-
partisans and gatekeepers & non-gatekeepers. A 3 indicates
that the corresponding feature is signi�cantly higher for the
group of the column (p < 0.001) for at least 4 of the 6 thresh-
olds � used, for most datasets. A minus next to the check-
mark (-) indicates that the feature is signi�cantly lower.

Features Partisans Gatekeepers

PageRank 3 3
clustering coe�cient 3 (-) 3 (-)
user polarity 3 (-) 3 (-)
degree 3 3
retweet rate 3 7
retweet volume 3 7
favorite rate 3 7
favorite volume 3 7
# followers 7 7
# friends 7 7
# tweets 7 7
age on Twitter 7 7

datasets).9 A “3 (-)” means that the property is signi�cantly lower
for partisans. A “7” indicates we �nd no signi�cant di�erence.

For some of the features that exhibit signi�cantly di�erent dis-
tributions between the two groups, the distributions are shown in
Fig. 5 (user polarity), and Fig. 6 (PageRank). Each �gure shows a
set of beanplots,10 one for each P�������� dataset. Each beanplot
shows the estimated probability density function for a measure
computed on the dataset, the individual observations are shown as
small white lines in a one-dimensional scatter plot, and the mean as
a longer black line. The beanplot is divided into two groups, one for
partisan users (left/dark) and one for bi-partisan ones (right/light).

Considering absolute user polarity scores, partisan users are sig-
ni�cantly more polarized than bipartisan ones, as shown in Figure 5.
We see that partisan users enjoy a more central position in the net-
work, indicated by higher PageRank (Figure 6). Similarly, partisan
users are more connected to their own community, indicated by
a higher clustering coe�cient. Finally, their tweets are more ap-
preciated, i.e., a higher fraction of their tweets receives a retweet,
albeit the e�ect size is smaller in this case. Similar trends hold for
the number of retweets and the number of favorites (omitted due
to space constraints). These results are consistent irrespective of
the value of the � threshold used to de�ne � -partisan users. We
do not �nd any consistent trend across datasets in terms of pro�le
features. Table 2 shows a summary of these trends.

5.3 Gatekeepers of information
We now turn our attention to � -gatekeeper users, i.e., users who
consumemore central content than they produce. As in the previous
section, we vary � between 0.20 and 0.45 in intervals of 0.05 and
compare gatekeepers with other users who are not gatekeepers. Due
to space constraints, we do not show beanplots for the gatekeepers.
We only show a summary of results in Table 3.

Gatekeepers, like partisans, occupy positions with high centrality
in the network, i.e., higher than average PageRank and in-degree.
9Signi�cance tested using Welch’s t -test for equality of means (p < 0.001) [38].
10A beanplot is an alternative to the boxplot for visual comparison of univariate data
among groups.



Summary

Find echo chambers in political discussion on Twitter 

Definition of echo chambers with two elements: 

Content (echo) + Network (chamber) 

Data supports the selective exposure theory 

Bi-partisan users pay a price in terms of network 
centrality and content appreciation



Conclusions

How do controversies unfold on social media? 

Measuring is the first step (RWC) 

Controversies are dynamic (time is an important factor) 

Collective attention increases polarization 

Echo chambers associated with controversies 

Evidence of selective exposure and price of bi-partisanship



What's next?

Joint opinion formation + network generation model 

Adding data to opinion dynamics models 

Temporal dynamics of the process 

Application to other contexts (Reddit, Facebook) 

Interventions: can we do something about it?



Thanks! 
Questions please!
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