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Abstract
The topic of political polarization has received increased attention for valid reasons. 
Given that an increased amount of the social exchange for opinions happens online, 
social media platforms provide a good source of information to investigate vari-
ous aspects of the phenomena. In this work, data collected from Twitter are used to 
examine polarization surrounding the topic of the Brexit referendum on the mem-
bership of the European Union. The analysis specifically focuses on the question 
of how different tiers of users in terms of influence can project their opinions and if 
the polarized conditions affect the relative balance in the broadcast capabilities of 
the tiers. The results show that during polarization periods, users of the higher tier 
have increased capabilities to broadcast their information in relation to the lower 
tiers thereby further dominating the discussion. This validates previous modeling 
investigations and the hypothesis that polarization provides an opportunity for influ-
encers to increase their relative social capital.
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Introduction

Societal dialogue has been a corner stone for democracies and its use in build-
ing bridges between groups in education is long standing [36]. It is a tool for 
exchanging ideas and propagating important information at an individual’s level 
and that of a societal conscious [4] for making important decisions. Voting sys-
tems rely upon a populous which is informed and in a state of mind for making 
“good” and rational decisions [23]. Recently, there has been an increased amount 
of attention in the academic community investigating the issue of polarization 
since it can affect the results of the democratic process and jeopardize its long-
term stability [8]. This is not a new concern as it has been raised in the works of 
[2, 13, 18, 21, 38, 39] which spans a period from the 80s to this current year. A 
key case study for phenomenon of political polarization is the Brexit referendum 
on leaving the European Union (E.U.) [9]. The insightful work of [21] provides a 
more detailed understanding of the placements of the identities formed out of the 
stance for those voting on this matter. It reinforces, by reminder, the concept of 
how a democracy requires mutual respect and a “willingness to talk across politi-
cal divides”. The surveys conducted show that social identities were formed dur-
ing the EU referendum and that they provided a personally important component 
which connects to stereotyping and biases beyond preexisting political partisan-
ship. The work of [16] provides a model for how this effect can be produced in a 
stochastic message exchange model and this work here uses data from Twitter to 
support the hypothesis that polarization provides an opportunity for social media 
influencers to gain social capital in the process. The results provide evidence for 
the increased role that influencers have during polarized discussions, and subse-
quently how the lower tiers of users have diminished broadcasting roles.

With the advent of social media platforms and their growing influence on pub-
lic discourse, polarization in social media is a new field of interest. The work of 
[43] reviews the literature on more traditional sociological approaches into inves-
tigating the connections between social media and political polarization. With the 
increasing amount of social exchange happening on the platforms of Twitter, Red-
dit and Facebook, for instance, online social networks have modified and trans-
formed much of our today’s communication [28, 31]. With ascending number of 
users, there is an increasing attention paid to studying the development of links in 
such networks [27]. These networks provide an environment in which individuals 
might isolate themselves from the viewpoints that contradict theirs, and aid the 
formation of echo chambers. The adoption of social media platforms has also led 
to the rapid increase of social bots [29]. The work of [20] proposes an automated 
method to detect social media bots. In such an environment, the role of users with 
high influence and elevated capability to broadcast their message, especially in 
the context of a polarized discussion, is imperative. The work of [10] has inves-
tigated the effect of polarization on retweet and user-to-user mention networks 
in Twitter, and has concluded that while the former is highly polarized during a 
polarized discussion, the latter is not, and is also observed in the results shown in 
Sect. 4.
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On June 23rd 2016, a UK-wide referendum called Brexit was held in which 
52% of participants voted for the UK to ‘leave’ European Union, in contrast with 
48% of participants who voted for ‘remain’. The Brexit referendum is an impor-
tant case of how online social networks can have a pivotal effect in determining 
the outcome of a major polarized political discussion [19]. Among online social 
network platforms, given its multi-directional interactivity and its popularity 
among politicians and journalists, Twitter is considered one of the most impor-
tant ones [19, 30]. The conversations of Brexit on Twitter provide an apt case 
study to investigate polarization in the context of online social networks, given its 
dichotomous nature of discussion and outcome. Polarization in Twitter has been 
studied by a wide range of data-driven approaches and on multiple topics; polar-
ization in Venezuela expressed on Twitter [26], religious polarization in Egypt 
[44], political polarization in Japan [42], and polarization in Twitter regarding 
Canada’s perspective [17].

In an effort to understand how polarization forms to explore approaches of slow-
ing or reversing the effects, computational modeling can provide ways to experi-
ment with preventative measures after the effects can be reproduced in silico. [7] 
provides a macroscopic modeling approach to the topic of polarization with interest-
ing results of how it began from a top economic tier to the lower strata over time. 
The work of [24] and [35] explore polarization and consensus within the context of 
opinion dynamics models. [32] and [12] provide opinion dynamics models under 
which competition and polarization results in stable configurations of coexistence. 
The work of [33] show how intervention to counter the spread of disinformation, 
might result in an undesirable effect which is further polarizing the social network.

The work of [16] provides a stochastic network model of dynamic communica-
tors. Users have an influence value, which determines their ability to get their mes-
sage broadcast by other users. The model undergoes non-polarized and polarized 
phases which provide an identity per user affecting the way cross group messages 
can then be propagated (retweet effect). The users are then divided into two equally 
sized tiers in terms of influence: Ttop and Tbottom . These users in Ttop have higher influ-
ence values while users in Tbottom have lower influence values. The authors show that 
introduction of polarization into the model, enables users of high influence to accu-
mulate even higher relative influence and consequently getting more message broad-
cast. The implications are that the dialogue then becomes dominated by a smaller 
group of accounts rather than allowing more equally weighted exchanges. The mod-
eling approach allows users to accumulate social capital over time as type of cur-
rency which can mirror the effect of the memory of an account by other users over 
time. This way influencers can find an opportunity to use such a period of polarized 
discourse to capitalize upon it providing a direct motive for their activity.

Social media influencers are users/accounts with the ability to broadcast their 
message to a relatively larger set of users. The role and effect of influencers on top-
ics ranging from opinion leaders in political discussions to forming customer atti-
tudes has been investigated [3, 15, 25, 41]. Several methods have been proposed 
to measure a user’s influence on Twitter, and at the intersection of most of these 
methods is the centrality of a user [22, 34, 40], which is captured well with the num-
ber of followers. Users with higher number of followers are able to broadcast their 
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message to a bigger audience, which in turn makes their message more prone to get-
ting retweeted.

This study follows a similar approach to [16] in that users are divided into two 
tiers of influence Ttop and Tbottom . The objective for classifying users and their tweets 
into two tiers is to investigate the relative capability of members of the two groups 
to broadcast their message and acquire attention, comparing to the same quantity 
before the hyper-polarizing event. This seeks to answer this question as to whether, 
and how, a polarizing event causes disparity among users participating in the discus-
sion of Brexit, within the Twitter network. Reinforcing the modeling approach of 
the results of [16] with a data-driven investigation, the outcome is that a polarizing 
event such as an election, results in an increase in relative influence of users of the 
top tier compared to users of bottom tier. This hypothesis is tested by investigating 
quantities such as Gini coefficient, retweet ratio and favorite ratio of top and bot-
tom tiers. Also, the work of [1] puts forward the evidence that exposure to opposing 
views can induce polarization and in this paper we show that it is the event which 
causes people to see that changes affecting their views are possible which induces 
the polarization. It can then be speculated that influencers could do this on smaller 
scale disagreements, e.g. manufactured scandals or to actively participate in argu-
ments with followers of the account to witness.

The next section discusses the data used for the investigation, the subsequent sec-
tion presents the key metrics used upon the data for the analysis of the topic, then 
the results and the description of the findings are displayed, and the final section 
provides a discussion with a brief summary of the outcomes.

Data

The data used in this study arise from Twitter where the subselection is based upon 
the discussion surrounding Brexit. The reference to the dataset [5] (Harvard Data-
verse) provides a collection of tweet ids and user ids on the topic of Brexit which 
was collected between January 2016 and October 2019. The dataset contains more 
than 50 million tweet ids, which can be used to retrieve the original tweet objects 
through the Twitter API which is valuable for inferring specifics regarding the 
Brexit context. This dataset also provides a list of users whose tweets are present 
in the dataset along with the number of tweets each user has produced. Each user 
also contains an attribute field with a BotScore that is produced using a bot detec-
tor approach named BotOrNot ([11]). This assigns a score in the range (0,1) as the 
probability that a user is a bot or not. The values closer to 1 are more supportive 
of the probability that the user is a bot. Each user is also attributed with a stance: 
“Leave”, “Remain”, or “Neutral” according to the tweets present in the dataset by 
each user. The stance classification task is performed using stance-indicative (SI) 
hashtags, and machine learning approaches for the users that lack stance-indicative 
hashtags in their tweets [6].

From the complete dataset, 802 users were chosen, the stance was cross exam-
ined by 2 human curators independently on the topic of Brexit. The 802 users 
were chosen based on the following criteria: (1) they have been active during the 



907

1 3

Journal of Computational Social Science (2021) 4:903–917 

2016 Brexit referendum and the 2017 UK snap election period. (2) They have a 
low bot score, and (3) they are diverse in terms of the number of followers, so 
that there exists users with a high number of followers, as well as users with aver-
age and low numbers of followers. The corresponding tweets were retrieved from 
the Twitter API. More than 90% of accounts had a BotScore of less than 0.3. Of 
the chosen accounts, 731 users were created before 2016 and the rest were cre-
ated before 2017. Of the labelled users, 457 were labelled as “remain”, 31 were 
labelled as “neutral”, and 314 were labelled as “leave”. In the end, all the tweets 
in the dataset which were created by these labelled users were then retrieved by 
Twitter API.

The corresponding dataset created includes 485,383 tweet objects over the 
span of 45 months. The dataset is then analyzed with the metrics discussed in 
Sect.  3 where users are first sorted based on their followers count number and 
then divided into two tiers Ttop and Tbot , with each tier containing equal number of 
unique users. Each day contains a number of active unique users. Figure 1 shows 
daily number of active users during Brexit referendum 2016 (subfigure a) and UK 
snap election 2017 periods (subfigure b). There are dashed lines for the exact day 
of the election. Both periods observe an increase in the number of unique users 
participating in the discussion right after the events.

As discussed in Sects. 3 and 4, a ‘cross group interaction’ investigation is per-
formed. Since between-group events (members of opposite stance labels interact-
ing) are found to be sparse, this particular investigation shown in Fig. 6 utilizes 
a larger dataset where more events are present. The dataset used for this inves-
tigation differs from the previous one in which users stance labels were manu-
ally validated after the automated procedure. This new dataset arises from the 
same source [5], but the human validation is not included to verify the correct-
ness of the automated approach. It contains 1,902,173 tweets, which are created 
by 906,608 “remain” users and 352,632 “leave” users. The stance attributed to 
each user was performed automatically and is present in the dataset, as explained 
in [6].

Fig. 1  Daily number of active unique users in each day. a The daily number of active unique users during 
Brexit referendum 2016 period and b daily number of active unique users during snap election of 2017 
period
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Methodology

Several metrics are utilized for analyzing the Twitter dataset described in Sect.  2 
with the purpose of uncovering the user influence characterizations also described in 
[34]. One of the unique features of social media platforms is that they allow users to 
control a sharing option that can replicate their own content to their friends/follow-
ers or that of other users’ content, therefore, acting like a proxy for the amplification 
and spread of influence. This is discussed in more detail in Sect. 1. The measures 
described here are those used in Sect. 4 to produce the results shown.

The users in the dataset are first sorted based on their followers count number, 
and are subsequently divided into two tiers, with each containing an equal number 
of unique users. The top tier Ttop consists of users with higher numbers of follow-
ers, and the bottom tier Tbottom is formed by users with lower number of followers. 
Furthermore, each tweet belongs to one of the classes of {Ttop, Tbottom} ; tweets whose 
original author belongs to Ttop and the ones whose original author belongs to Tbottom.

Gini coefficient

The Gini coefficient as a measure of statistical dispersion has been applied in eco-
nomics to capture and measure income inequality [14]. In this work, we consider the 
number of times a tweet has been retweeted, as an analogous unit for the ‘wealth’ 
of that tweet produced by the user. This coefficient is calculated daily for all tweets, 
with respect to the number of times each tweet has collected retweets. Figure 3 com-
pares the Gini coefficient calculated for tweets considering their retweet number 
(wealth). Each point Gt in the traces are calculated as in [37]:

Here t is the time point for which the coefficient is calculated, e.g. day in the time-
line. xi is the number of retweets that tweet i has received and equivalently xj is the 
retweets for another tweet so that all the pairs are explored. x is the average number 
of retweets (per tweet) and n is the number of tweets, in that specific day. A lower 
number is indicative of a more uniform distribution in comparison to a larger num-
ber representative of some disproportionate number of retweets.

Retweet ratio

Here is presented the measure used for measuring the disparity between the number 
of retweets received by the users in different tiers in the dataset. In Fig. 4, its use 
is presented with both a daily retweet ratio (subfigure a and b) and a weekly one 
(subfigure c and d). At each day the total number of retweets that the tweets of users 
of Ttop have acquired is recorded. Then the total number of retweets that the tweets 

(1)Gt =

∑n

i=1

∑n

j=1
�xi − xj�

2n2x
.
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of users of Tbottom have acquired is also recorded. These two quantities are divided 
by each other, and the retweet ratio corresponding to that specific day is calculated. 
This process is performed for all days and recorded in St.

and t is the time point for which the retweet ratio is calculated e.g. day in the time-
line. Ri is the number of retweets that user i has received. In the end, a 3-day cen-
tered moving average is then taken. Note that in subfigures c and d of Fig. 4, the unit 
of time considered is a week, so each point shows the ratio of number of retweets 
that users of Ttop received, divided by that of users of Tbottom , for each specific week.

Favorite ratio

This measure captures the disparity between the number of favorites that users of 
Ttop receive and the number of favorites that users of Tbottom receive. For each day, the 
total number of favorites that the tweets of users of Ttop have received is recorded. 
Then the total number of retweets that the tweets of users of Tbottom have received is 
also recorded. The favorite ratio is then obtained by dividing the first quantity by the 
second quantity:

Here t is the time point (day) in the timeline for which the favorite ratio is calcu-
lated, and Fi is the number of retweets that user i has received. In the end, a 3-day 
centered moving average is then taken.

Cross‑group interaction

This part explains the measure used for creating Fig.  6. An interaction is defined 
as an event is which a user does one of the following: (1) quote, (2) mention, or (3) 
reply. In the Twitter network, these events always take place between at least two 
users. Also, as explained in Sect. 2, each user is considered to belong to one of the 
following sides in Brexit discussion: (1) remain, (2) leave, (3) neutral (where the 
labels in the dataset are provided). The purpose of this measure is to monitor over 
time the within and between group activities as ‘interactions’.

An interaction which has taken place between users that share the same stance 
on Brexit, are all remain users or all are leave users in those actions, is classified as 
an inter-group interaction Iinter . The second type of interaction is called cross-group 
interaction and is one in which the participating users belong to both sides of Brexit 
discussion, some belong to the remain side and some belong to leave side.

(2)St =

∑
i∈Ttop

Ri

∑
i∈Tbottom

Ri

(3)St =

∑
i∈Ttop

Fi

∑
i∈Tbottom

Fi

.
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Figure 6 shows what percentage of all interactions between users of remain and 
leave in each day, is of the type cross-group interaction Icross . For each day, the total 
number of cross-group interactions Icross is divided by total interactions ( Iinter and 
Icross).

Here t is the time point (day) in the timeline for which the ratio is calculated.

Results

This section presents the results of applying the metrics and measures described 
in Sect.  3 to the datasets described in Sect.  2. The overarching goal is to explore 
whether a key political event can induce a change in the distribution of social media 
exchanges between active users. Particularly to investigate if users of higher rank 
can benefit from times of polarized discussion in terms of being able to spread con-
tent with greater relative value than their peers and having their content favorited 
with larger relative values. The data used are taken from Twitter for exchanges rel-
evant to the Brexit vote events; the UK referendum of 2016 and the 2017 UK snap 
election. It was hypothesized in previous work that the events can offer an oppor-
tunity for influencers to regain relative broadcast rankings which are diluted dur-
ing non-polarized exchanges. Here the findings show increased influence during and 
surrounding these events. Key findings are that more users participate in the discus-
sion during key events (as hypothesized from modeling considerations), and as well 
during these events that there is a larger disparity between the upper tiers of influ-
encers and lower tiers during critical political events. The increase in activity does 
not maintain the same distribution of as before, but that the influencers gain not just 
in the quantity but also the relative impact. This alludes to a possible anticipation 
and capitalization of the process through dialogue choices. The results show that 
the capitalization does not involve influencers producing more content but receiving 
activity on their content by other users and those in a lower tier (increasing the rela-
tive social capitol).

Activity ratio between tiers of users in the Twitter Brexit discussions

Figure 2 looks at the amount of relative activity of the 2 tiers of the users participat-
ing in the Twitter Brexit discussion in the timelines of the 2016 Brexit referendum 
and the 2017 UK snap election (subfigure a and b), respectively, with the dashed 
lines for the voting day events). The timelines show that there is a decrease in the 
ratios around the event dates. This means that there is an increase of activity from 
the bottom tier in relation to the group influencers and can allude to the activity 
being uniform, but as shown in Fig. 4 it can be seen how the top tiers receive more 
retweets during these events. As a result this shows that the lower tier activity is 

(4)St =

∑
Icross∑

Iinter +
∑

Icross
.
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there to support and propagate the influencer content with more activity than with-
out the polarizing discussion as discussed in [16].

Examining the retweet disparity between users over time

The Gini coefficient is measured along the dataset timeline, Sect.  3.1, to investi-
gate the disparity between tiers of users with respect to the number of retweets in 
each group. Retweets are an indication of content popularity of a user and the Gini 
coefficient provides a measure to see the extent for which the upper level of users, 
in respect to retweet counts, is increasing or decreasing over time. The timeline is 
taken surrounding the dates of two important political decisions for the UK; the 
Brexit referendum vote of 2016 and the UK snap election of 2017.

Figure 3 shows the results of the Gini coefficient exploration for the number of 
retweets that each tweet gains, taken each day, and independent of previous days. A 
3-day centered moving average is taken. a) The timeline surrounding the Brexit ref-
erendum and b) the timeline around the snap election, where a dashed line indicated 
the day in which the event takes place. It can be seen how in each of the plots there 

Fig. 2  Looking at the relative activity of users of the top and bottom tiers. Here the ratio of the number 
of tweets that users of the top tier create divided by that of the users of bottom tier is shown, for each day, 
measured independent of the previous days. a The dashed line is the Brexit referendum date June 2016, 
and b the UK snap election of June 2017. It is showing that the relative activity of the users of two tiers 
decreases during the events, meaning that the subsequent plots and results of this work are not due to 
higher activity of users of top tier

Fig. 3  Daily Gini coefficient values for retweet number per tweet. Here we consider a timeline for the 
Brexit discussion on Twitter and calculate the Gini coefficient for the population of tweets, binned each 
day and taken independently of previous days. The dashed line in a is the day of the Brexit referendum 
election and in b the day of the UK 2017 snap election. Increased values show that there was more of a 
bias for a smaller set of tweets to be retweeted
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is a general increase of the Gini coefficient value around the dashed lines. Here the 
population of tweets on the daily level are used in calculating the Gini coefficient 
and that the lowest values correspond to a distribution that is closer to a uniform dis-
tribution and the larger values to when the distribution is skewed. It can be seen that 
the distribution becomes less uniform during the public discussion around the key 
event time points. As a result, this means that a smaller subset of the active partici-
pants have effectively utilized the sharing platform’s features to express themselves 
and that the social influence becomes more dominated by a smaller group.

Exploring the trace of the disparity in retweet ratio

The disparity in the retweet ratio used here is described in Sect. 3.2. Users active in 
the timeline are placed into two tiers, TTop and TBottom with equal number of unique 
users placed in these categories. Examining this ratio over time produces further 
understanding for the disparity between the upper level of the influencer rank and 
the lower tier. To see whether there is an even set of opportunities for expression 
about the times when key political decisions are being made, this retweet ratio helps 
investigate whether this is being deviated from which would ideally have a uniform 
distribution representing a democratic exchange.

Figure 4 displays the results of examining this ratio upon 2 timelines; that of the 
Brexit 2016 referendum day and the 2017 snap election with those days indicated by 
a dashed line. The ratio of the number of retweets that users of TTop receive divided 
by the number of retweets that users in TBottom receive, for each day. (a) and (b) cor-
respond to using a 3-day centered moving average for the Brexit and snap election 

Fig. 4  Looking at the disparity between the top and bottom tiers for the number of retweets. The daily 
trend is plotted for the users’ retweet count ratio in the 2 tiers where the tiers are set to have the same 
number of unique users. a The dashed line is the Brexit referendum date June 2016, and b the UK snap 
election of June 2017. These events start an increasing trend in the ratio of the number of retweets that 
users of the top tier receive divided by the bottom tier



913

1 3

Journal of Computational Social Science (2021) 4:903–917 

vote respectively. (c) and (d) are analogous investigations taken at centered, 3-week 
rolling averages instead of it being daily. What can be seen in these timelines is that 
there is a general increase in the disproportionate retweet ratios between tiers and 
that these trends are related to Brexit events. The ability for a subset of users to have 
increased message broadcast capabilities during these discussions not only means 
that it is possible that fewer users are able to influence the public discussion and 
possibly the outcome, it also means that these users irrespective of the outcome can 
increase their social relative influence. This was a key assumption in the work [16] 
where the model definition supported that a division in social cohesion would pro-
vide an opportunity for high end influencers to further their relative ranking amongst 
others.

Disparity in favorite ratio between tiers

In the Twitter platform, the ‘likes’ a user can attribute to tweets and content shared is 
recorded as a ‘favorite’ in the data retrieved from Twitter. This feature is also impor-
tant to see the distribution of the attention and focus of the community surrounding the 
discussion. In comparison to the results shown in Sect. 4.3 which are based upon the 

Fig. 5  The ratio of the favorites obtained by users separated into 2 tiers per day surrounding the Brexit 
discussion. Each day the tweets are designated as belonging to 2 tiers of users with equal numbers based 
upon the number of favorites obtained from other users (favorites, aka ‘likes’). a Time around the Brexit 
referendum with that date on a dashed line and b the snap election in 2017 on the dashed line

Fig. 6  Examining the trends of pro and anti Brexit group interactions surrounding key election time 
points. Each user is labelled as being pro or anti Brexit and then cross communication events are labelled 
when there is a ‘mention’, ‘reply’ or ‘quote’ is produced between members of different labels. The per-
centage of those cross community interactions over the total number of interactions per day is produced. 
a A timeline surrounding the Brexit referendum day with a dashed line for the event and b for the 2017 
UK snap election with the dashed line designating that day
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‘retweets’, the favorites do not indicate an ability to propagate or amplify the content 
users produce. Users with larger retweet counts can influence more people and accu-
mulate more social capital than those which do not manage to have other users support 
them through sharing. The favorites, although do not provide an increase in reach or 
amplification of content through proxy accounts, it does provide at least an indication 
of interest in the community.

Figure 5, shows the results of the disparity ratio between top tier and bottom tier 
for the favorites as described in Sect. 3.3 with a 3-day centered moving average. The 
2 subfigures a and b show the timelines for the Brexit referendum of 2016 and the UK 
snap election in 2017, respectively (dashed lines show the specific dates). What can 
be seen is that there are relatively stable equal accumulations of ‘favorites’ between 
users in the 2 tiers until the events take place. The trends are relatively stable until the 
timeline approaches the events. It can be seen here more clearly than in Fig. 4, that the 
events instigate a change in the ratio as the changes here are less gradual. This supports 
the claims and the previous results shown that the events induce an overall skewed dis-
tribution of the attention and focus onto a subset of the network even if the users are not 
restricted from applying their focus more evenly.

Cross‑group interaction

Section 3.4 of the methodology defines what is meant here by a ‘cross-group interac-
tion’. The ‘interaction’ is when a user i quotes/mentions/replies with another user set j 
in the dataset. As described in the Sect. 2, the users are labeled as belonging to one of 
three sides in the discussion, pro-Brexit/anti-Brexit/neutral (leave/remainer/neutral in 
the Brexit parlance). When users between, pro and anti, produce an ‘interaction’ with 
users of another side (category label) it is classified as a ‘cross-group interaction’. Over 
the timeline the percentage of the interaction events which classify as cross-group inter-
action is plotted (compared to all interaction events). The stance attributed to each user 
in this dataset is performed by [6] where these labels are already present.

Figure  6 displays the results for the question of what percentage of total interac-
tions among users takes place between users of opposite sides of the Brexit discussion, 
remainers and leavers referred to here as cross-group interactions (a 3-day centered 
moving average is taken). Subfigure a shows the timeline for the 2016 Brexit referen-
dum and subfigure b for the 2017 snap election (dashed lines show the actual events 
days). The figures support the previous results that the elections change the trends, 
and also provides evidence that more users engage with content from different sides 
of the discourse. This also supports the concept speculated and introduced as a mod-
eling paradigm in [16], that polarizing events will produce interactions that will result 
in increased support for influencers’ content rather than produce their own.
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Discussion

The work presented here investigated the changes in the ability for different tiers 
of users in Twitter to express themselves during the exchanges regarding the 
Brexit topic. There is previous work which discusses the modeling dynamics for 
how polarization can facilitate an increase in social capital for users in the upper 
tier that act as ‘influencers’ and the data-driven analysis here supports those theo-
retical findings. A key aspect is that during periods of polarization influencers’ 
content receive a disproportionate increase in attention from the community. The 
modeling assumptions of the previous work and the data traces from the Tweets 
do show that although users of the lower tier increase their participation their 
content was retweeted in a lower proportion outside of a voting event.

This is important for the reason that a democratic process would ideally have 
this proportion become more uniform for key events rather than influencers pro-
viding anchors for the discussion. The other factor is that influencers through 
experience, or from insight, can foresee these dynamics and capitalize on them 
if not actually participate in invigorating. If there is an avenue to increase social 
capital on the platform and subsequently financial capital, this provides a motive 
for them to further capitalize from the process. This makes the task of providing 
depolarizing incentives more challenging.

Future work could look into the prevalence of this phenomenon on other plat-
forms as well. As well, the investigations could explore the question as to what 
degree do the followers of the most influentials become polarized due to their 
discussion leaders.
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