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Abstract. We present a novel approach to analyze and visualize opinion
polarisation on Twitter based on graph features of communication net-
works extracted from tweets. We show that opinion polarisation can be
legibly observed on unimodal projections of artificially created bimodal
networks, where the most popular users in retweet and mention networks
are considered nodes of the second mode. For this purpose, we select a
subset of top users based on their PageRank values and assign them to
be the second mode in our networks, thus called pseudo-bimodal. Af-
ter projecting them onto the set of “bottom” users and vice versa, we
get unimodal networks with more distinct clusters and visually coherent
community separation. We developed our approach on a dataset gath-
ered during the Russian protest meetings on 24th of December, 2011 and
tested it on another dataset by Conover [13] used to analyze political po-
larisation, showing that our approach not only works well on our data
but also improves the results from previous research on that phenomena.

Keywords: Twitter, opinion polarisation, two-mode networks, commu-
nity detection

1 Introduction

Twitter has become one of the most popular social networking services among
researchers due to the open nature of its communication and relatively easy
access to its data via the API (Application Programming Interface). The scope
of previous Twitter-related research includes detection of the users’ psychological
features [14], spread of diseases [2] and response to natural disasters [24], analysis
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of financial markets [6], electoral predictions [15], and marketing campaigns [10].
One of the most scrutinised directions of study, however, concerns the protest
movements in Twitter like the “#occupy” movement [4] or the so-called Twitter
revolutions in the Middle East [12].

In this direction, researchers compared language use in Egypt and Libya
[7], analysed types of actors [18] and measured the recruitment patterns and
dynamics [19]. All these topics are related to a general question about political
polarisation on Twitter because it can be used by all sides of the conflict in
question to promote their point of view, strengthen their group identity and
discriminate the opposite sides [25].

One of the most famous examples of political polarisation on the Internet
was presented in [1]. The authors used a network approach to analyze hyperlink
patterns among US political blogs during the presidential campaign of 2004
and demonstrated highly separated nature of pro-Republican and pro-Democrat
parts of the blogosphere. Although there is other evidence that hyperlinks in
blogs can serve as a signal of ideological affiliation [20], applying this approach
to Twitter might not work well because hyperlinks are used sporadically, don’t
stay visible for long as the timeline fills with another updates, and can be used
by all sides of the conflict in both positive and negative way. This suggests
that analysis and visualisation of networks based on hyperlinks will not result
in a clear picture of community structure. Some of these and other important
differences between hyperlink usage in blogs and Twitter have been discussed
in [9].

Another approach to detecting the stance of Twitter users on an issue of
interest is based on the usage of keywords or hashtags related to that issue.
In practice, searching for a hashtag is one of the most popular ways to get a
sample of tweets [8]; however, it might introduce its own problems with the bias
of that sample. For example, data gathered from trending hashtags during other
protest meetings in Russia showed that these hashtags form two distinct clusters
with pro-opposition and anti-opposition tweets [22]. However, both hashtags and
clusters they represent contain words with clearly negative connotations and do
not show more cautious or casual opinions on the events that use more neutral
synonyms like “meeting”, “march” etc.

We have not been able to find any kind of network analysis on the resulting
dataset in previous work, although network analysis had proven to be useful
in similar situations. For example, in [13] the authors gathered hashtags as-
sociated with Democratic and Republican parties for several weeks during the
midterm elections to the US Congress in 2010. It goes without saying that po-
litical polarisation discovered in this paper was not a huge surprise; however,
it was discovered only for the retweets while networks of mentions were more
homogeneous with a low modularity score of 0.17.

Although these results look well-grounded and reasonable, there is one caveat
in the general approach. Gathering trending or politically biased keywords may
result in biased and polarised datasets. But when we need to cover the entire
spectrum of opinions, we need to gather as much neutral keywords or hashtags
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as possible. In this work, we suggest an approach to this problem similar in
spirit to the work [17]. In that paper, the authors classified ordinary users of
Twitter and media outlets via the politicians whom these users follow on Twitter.
The rationale behind this is simple – the number of prominent politicians and
Congress members is limited and their position on the political spectrum is
well-known. Therefore, it is reasonable to assume that their followers share that
position and hence put the main media outlets on this continuum through their
profiles.

Since Twitter had changed its API limits for gathering data on followers,
making it almost impossible to build large graphs on that type of relationship,
we decided to apply this logic to the networks built from retweets and mentions.
Previous research demonstrated that users tend to retweet those whose ideas
they share [9,13,25] and that there are very few popular, prominent, and central
users [3] who can serve as such opinion leaders and whose influence does not
depend on their followers count alone [11]. This allows us to assume that these
“influencers” might be seen as a special type, or, in network terms, a “second
mode” of users. Hence, we can analyze unimodal networks of user communica-
tion as if they were bimodal networks, artificially separating top (most popular)
users into a second mode6. We analyze these networks as if they were “nor-
mal” bimodal networks by projecting sets of both “top” and “bottom” users on
each other to obtain two separate unimodal networks for “top” and “bottom”
users. The results show that this approach leads to more distinct clusters in the
Twitter mention networks compared to standard analysis of bimodal networks
constructed from hashtags and hyperlinks.

The rest of the paper is organised as follows. In the next section, we describe
the network features of communication on Twitter with an emphasis on data
acquisition and network extraction methods. In Section 3, we describe our ap-
proach to the polarisation discovery via unimodal projections of pseudo-bimodal
networks. In Section 4, we describe our dataset and its background. Section 5
demonstrates the results of our analysis. Finally, in conclusion we discuss pos-
sible limitations of our results and how further work can help avoid them and
improve our approach.

2 Communication networks on Twitter

On Twitter, users communicate by posting short public text statuses, often
containing hyperlinks and pictures, called “tweets”. To indicate that a tweet
deals with a certain topic, users insert “hashtags” in their tweets which consist
of the number sign (“#”) followed by an alphanumeric combination denoting
the topic (like “#tcot”).

There are three basic ways how users can interact. Users can “mention”
particular persons by including the recipients user name prefixed with “@” sign
in the tweet (like “@navalny”). Such a combination is called a Twitter “handle”.

6 The term pseudo-bimodal networks is based on the previously introduced notion of
pseudo-tricluster in two paired bimodal networks [16]
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To show support, users can quote tweets to their timelines, thus sharing them
with their subscribers; this is called a “retweet.” Retweets start with “RT” and
a handle. A tweet immediately starting with a handle is called “reply” and is
considered to be a direct message from one user to another.

Although there are substantial differences between mentions, retweets, and
replies, we define a mention as any occurrence of a user’s handle in a tweet. We
did it mostly because other authors rarely analyze reply networks on their own
and the most common type of networks used in the analysis are retweets and
mentions. Moreover, the dataset from [13], which we use as a test case for our
approach, follows that classification too. Thus, in this paper mentions formally
include both replies and retweets.

As any mention denotes a reference from one user to another, two types of
directed networks were constructed from it: mentions and retweets. Nodes in
these networks stand for the users and edges denote the chosen type of inter-
action; they are directed from the users who posted tweets to the users being
mentioned in them.

The fact that any user can see any tweet lets any user freely gain popularity
on Twitter. As a consequence, some individuals can gain influence comparable
to and even surpassing that of organisations like news companies represented on
the service. Such important influencers generally include politicians, individual
bloggers, and celebrities.

To measure user influence in terms of network topology, let us consider sim-
ple measures of their centrality. A certain set of nodes has small out-degrees
and large in-degrees. Those users produce mostly original tweets that get men-
tioned often; in what follows we call them “top users”. For most other nodes, the
out-degrees are larger than in-degrees, which is commonly interpreted as their
activity score. These are the users that retweet others but do not get retweeted
often; in what follows we call them “ordinary users”. Another network metric,
which demonstrates the intuition that prominence of a user is defined by cen-
trality of his peers, is PageRank [23] and it is used here in further analysis.

Another observation on our data is that top users rarely mention each other.
Most interactions happen between the ordinary users and the top ones. Thus, if
we try to pull the network of mentions between top users, it will be too sparse to
search for communities in it. On the other hand, the full network of interactions
may be too strongly interconnected to effectively partition it as well [13].

These observations allow us to cluster ordinary users according to which
top users they retweet and mention. To reiterate, our approach is based on the
following assumptions:

– there exists a small group of users in the network with high PageRanks;

– they rarely interact with each other and with ordinary users;

– ordinary users tend to mention mostly top users with whose opinions they
agree;

– users from both sets predominantly belong to one group each according to
their opinions.
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3 Method for detecting opinion polarisation

Our proposed algorithm receives a directed communication network G = (V,E)
as an input, where V and E are, respectively, its sets of nodes and edges. The
algorithm consists of the following operations sequentially performed on G:
1. Select a set of top users for some threshold k.

To separate top users from the ordinary ones, we sort the corresponding nodes
by their PageRank values and simply select k nodes with highest values. This
splits them in two disjoint sets: top users VT and ordinary users VB , V = VT∪VB ,
VT ∩ VB = ∅.
2. Make the network bimodal.

To complete separation of top users into the second mode, all edges in
E between nodes of the same set (VT × VT ∪ VB × VB) are removed. This
produces a bipartite graph which we call the pseudo-bimodal network, G∗ =
(VT , VB , E

∗), E∗ ⊂ E. Its edges show how did the ordinary users mention top
ones and vice versa. It is subsequently analysed as if it were a regular bimodal
network.
3. Project the pseudo-bimodal network onto one of its node sets.

Having constructed the pseudo-bimodal network G∗, we can either study
ordinary users by their mutual connections to the top ones or study top users
by intersecting their audiences, i.e., subsets of ordinary users mentioning them.
For that purpose, we use Newman’s two-mode projection method [21] to get
a unimodal undirected weighted network built on a selected set of users (that
is, a projection of the network on the set VT or VB). We begin by defining
this process for the projection of G∗ on the set of top users VT . For a pair
of nodes i, j ∈ VT , Li,j denotes the set of nodes connected to both i and j,
Li,j = {l ∈ VB |(l, i) ∈ E∗, (l, j) ∈ E∗}. Both i and j will occur in the projected
one-mode network, and they will be connected iff the set Li,j is nonempty. The
edge between i and j is weighted as wi,j =

∑
l∈Li,j

1
kl−1 , where kl = |{i ∈

VT |(l, i) ∈ E∗}|. Projection on the set VB is done similarly.
4. Perform community detection on the resulting one-mode network.

The one-mode network obtained on the previous step is expected to have a
more expressed structure with more tight-linked communities and higher mod-
ularity. To partition the users into groups with presumably similar political bi-
ases we use the Louvain graph clustering method [5], one of the best known
and widely used methods for community detection, on the resulting one-mode
network. The Louvain method looks for a graph partitioning that maximizes
modularity, i.e., density of links inside communities compared to links between
communities. Modularity is defined as Q = 1

2m

∑
i,j(1−

kikj

2m )δ(ci, cj), where m
is the total number of edges in the graph, ki is a degree of node i, ci and cj are
the communities of the nodes, and δ is a delta function (δ(ci, cj) = 1 if ci = cj
and 0 otherwise). Q varies between 0 and 1, with 1 corresponding to a perfect
separation of nodes, i.e., no edges between different clusters.

As a result, we find community structures among top and ordinary users.
These community structures for ordinary users represent how often they retweet
and/or mention the same top users (i.e., whether they follow the same issues); for
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Name Data sources
Number of

users tweets mentions retweets

24th December,
Russia

Streaming and
Firehose API

3,485 24,378 12,725 6,529

U.S. Elections Firehose API 45,000 250,000 77,920 61,157

Table 1: Descriptive statistics for the datasets

top users they show how often they are mentioned by the same ordinary users
(i.e., how much their audiences overlap). This leads to a different and more
pronounced community structure, as we will see in practical examples below.

4 Datasets

We have used the following datasets related to political polarisation.
1. Meetings on December 24th, 2011 in Russia.

As a main source of data we used tweets on pro-government and protest po-
litical events happened in Moscow during December 24th, 2011 on Poklonnaya
Gora and Prospekt Sakharova. We have collected them using Twitter’s Stream-
ing API and Firehose. The first is Twitter’s own free source of data, which
contains a 1% sample of all the tweets. Firehose is a full stream of tweets with
a cap of 500,000 tweets per hour, provided on a commercial basis by DataSift
(www.datasift.com). To collect only tweets that refer to political events, we fil-
tered them according to hashtag “24dek”(“#24dec”, short of Russian “December
24th”), which was heavily used by both sides during that day and did not favor
any particular position. Thus, we gathered 24,378 tweets from 3,485 unique users
with 12,725 mentions, 6,529 of which were retweets.
2. U.S. midterm elections to the Congress in 2010.

This dataset was used in the work [13] and has been made public. We use it
to test our approach on similar data from a similar context because it is one of
the rare cases of publicly available datasets from Twitter. Descriptive statistics
of both datasets are provided in Table 1.

5 Results

From these datasets, we have constructed:

– two standard bimodal networks: a) network of users and hashtags which they
used in their tweets (hashtag network), and b) network of users and domains
to which these users referred via hyperlinks (domain network);

– two unimodal networks with respect to retweets and mentions.

We analysed the latter two as bimodal networks. To transform communication
networks into bimodal ones, we chose the top 100 users by PageRank as the
second mode in the network and projected the result onto a unimodal network
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with Newman’s method [21] to see how they are connected among each other
via ordinary users who reply to and/or retweet them. Then we clustered each
network with the Louvain method and used its modularity coefficient, which is
one of the most common measures of clustering quality on networks.

As expected, results from projections of bimodal networks constructed from
hashtags returned the least readable clusters of users. With modularity score
of 0.122, this network contained neutral hashtags with dates, names of cities,
and other non-polarising keywords. The unimodal projection of the network
constructed from URLs was a bit better in terms of modularity (0.485) but con-
tained such hubs as youtube, livejournal, twitter, facebook, and vk.com, which
once again were neutral in terms of possible content and usage. We view these
results as evidence for the fact that unimodal networks from hashtags and URLs
do not detect clusters particularly well in our case.

After the clustering, for our dataset collected during the events of 24 Dec.
2011, we get unimodal networks of retweets presented on Fig. 1 (for k = 100). It
is clear that projected graphs are much better structured: connections are dense
inside the clusters and sparse between them. What is even more surprising, this
method also works for networks of mentions which are usually considered to be
more homogeneous [9, 13]: both in our dataset and the test data from [13] the
clusters obtained after projection are much better defined. Figure 2 shows how
modularity of both unimodal networks changes with the percentage of top users;
observe that even for a small number of top users (left part of the graph), which,
naturally, do not form a modular graph, the modularity of the “ordinary” part
of the graph increases.

6 Conclusion

We have proposed an approach to detect and explore opinion polarisation in
Twitter communication networks, which leads to better defined clusters of users
than methods employed in previous works. We have shown that our method
works not only on our dataset, but also on a classical dataset previously used in
literature, improving the quality of clustering.

However, our approach has some limitations. First, it would be good to have
a mathematical proof that our results are not an artifact of bimodal networks
and projection methods; this concern might also be solved via simulations or an
analytic solution. Second, currently we have only analysed data with political
origins, which are polarised by nature. Perhaps, in more homogeneous contexts
such as tweets from scientific conferences or pop culture entertaining events
this approach will not work so well. Hence, we need to test our approach on
more datasets from different contexts on Twitter and maybe in other social
media and domain areas. Third, although we have managed to improve upon
the results of [13], we cannot verify all conclusions since not all information
on the dataset has been provided by authors and also because of our lack of
substantial knowledge of US political situation both offline and in Twitter.
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(a) Original network

(b) Unimodal
projection onto
set of top users (c) Unimodal projection onto set of ordinary users

Fig. 1: Variants of retweet network based on 24 Dec. 2011 dataset

Therefore, as further work we plan to test the approach analytically and via
simulations, try different centrality measures (eigenvector, HITS), projection
methods, and cut-off values, use semi-supervised annotation of tweet texts and
labeling to attain a ground truth about existing opinions and clusters, add non-
political and non-Twitter datasets into the analysis, and, finally, test how user
preferences persist through time (across several datasets about Russian political
events) and see if user separation remains stable.
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