
Research Article
Opinion Polarization during a Dichotomous Electoral Process

G. Olivares ,1,2 J. P. Cárdenas ,2 J. C. Losada ,1 and J. Borondo 1,2
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Political polarization can emerge on electoral campaigns where the population faces a dichotomous decision, with only two voting
alternatives. In this paper, we analyze the Twitter conversation around the second round of the 2017 Chilean elections, where voters
had to choose between the final two candidates. First, we have estimated the opinions of Twitter users obtaining a distribution
of opinions for each day. Next, we have measured the resulting political polarization from the cited opinion distributions and
track its evolution during a full week that includes the voting day. We found the conversation to be highly polarized, reaching its
maximum during the previous day to the election and significantly decreasing the day after due to the presence of new users who
only participated during that day.

1. Introduction

A perfectly polarized society is divided into two groups of
the same size and with totally confronted opinions. Around
this definition, the authors of [1] proposed a methodology
to study and measure the emergence of polarization from
online social interactions. However, social polarization can
emerge from diverse scenarios, for example, during electoral
campaigns. Moreover, electoral process where there are only
two political sides increases the chance of finding a high
political polarization [2]. For example, the US citizens face
a polarized scenario during the presidential elections, where
they have to vote to make a dichotomic decision between
two parties: republicans and democrats. Previous studies
have shown that the US elections polarize Internet, where
both Twitter [3] and blogs [4] manifest a high political
polarization.

Another political scenario that requires a dichotomic
decision is that of electoral processes that require a second
round.While on the first round citizens can vote from a wide
range of diverse political parties, on the final round they can
just vote for the two final candidates. In fact, some voters may
not be totally identified in neither side, but still must take
a side. Previous papers have shown that this second round
increases the political polarization of the country [5].

During the last years, social media platforms, such as
Twitter, have become an effectivemedia for political parties to
propagate their messages and campaign for their candidates,
reaching a high fraction of the population at a low cost [6–
8]. Since Twitter data is publicly available, scientists have
analyzed these electoral campaigns characterizing political
strategies, analyzing the users’ influence [9–11], and mod-
elling the human behavior in these process [12–17].

In this paper, we will analyze the final week of the second
round of the Chilean presidential elections, where voters had
to choose between candidates Piñera and Guillier or absten-
tion. We will focus on analyzing the political polarization
that emerges and tracking its evolutions during the week
preceding the elections and the final voting day. To this end,
we first estimate the opinion of Twitter users from aminority
of elite users, whose opinion was known. Next, we measure
the resulting political polarization and analyze its evolution
during that week. We find a shift on the opinions of users
and the political polarization on the voting day. We explore
to which extent this change on the behavior is explained by
the engagement of new users commenting on the elections
just that day or because users changed their minds during the
last day. Finally, we show that the increase of the polarization
observed on the previous day to the election is explained by
a propaganda behavior of users who were already engaged to
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Figure 1: First round results of the 2017 Chilean Presidential elections.
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Figure 2: Second round results of the 2017 Chilean presidential elections.

the conversation. However, the decrease in the polarization
observed on the election day was caused by new users not so
engaged to the political debate that entered the conversation
acting as bridges between the two sides.

2. System

2.1. Chilean Electoral System. The Chilean Presidential elec-
tions are held every four years. Any Chilean who fulfills the
requirements that the Chilean Electoral Service imposes can
stand as a candidate to be elected as the next president of the
Republic of Chile.

A candidate can belong to a political party or a list of
parties, being enough that this community inscribed his
name as a candidate. If there is no consensus within a political
community respect to the candidate, it is possible to hold
“primaries” to define a unique name as a candidate. In the
case of independent candidates, they have the obligation not
to belong to any political party, at least two months before
the registration of candidacies.They also need to have at least
0.5% of signatures of the voters of the last election of deputies,
being 33,493 signatures in 2017.

On the election day, each qualified citizen can vote for
only one candidate. When a candidate obtains an absolute

majority (>50%), the candidate will be appointed “President
of the Republic of Chile”. Otherwise, it will proceed to make
a second presidential round, where the two candidates with
more number of votes pass to a new election process.

In the elections of 2017, the left-wing parties did not hold
primaries and several candidates were presented, denoting a
clear division inside the political parties.This was not the case
of the right-wing party.

The first round of the election of 2017 was held on
November 19 with an abstention rate of 53.3% and the results
did not give an absolute majority to any candidate (see
Figure 1).

The second round was held one month later, on Decem-
ber 17, with a slightly higher participation rate (51%). The
results gave as winner of the elections to Sebastián Piñera, the
candidate of the right wing (see Figure 2)

2.2. Data Set. To build the dataset analyzed on this paper,
we downloaded all the Twitter posts related to the 2017
Chilean Presidential Elections during the last week of the
second round electoral campaign (this week includes the
voting day). All the tweets were retrieved using the Twitter
Streaming API. This API allows downloading tweets match-
ing a set of keywords. In order to build the dataset, we have
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Figure 3: Retweets networks of the second round 2017 Chilean presidential elections corresponding to the electoral campaign period of 11-16
December (a) and 11-17 December (b). The size of nodes is proportional to their indegree k𝑖𝑛 and the colors to their associated opinions,
according to the scale shown below: -1 Guillier, 0 Neutral, and 1 Piñera.

chosen the following keywords: #chiledecide, #eleccione-
spresidenciales2017, #chileelige, #eleccionesenchile, #elec-
ciones2018, #chilevota, #elecciones2017, #eleccioneschile2017,
#piñera and #guillier

The final dataset is composed of 203.612 messages posted
by 68.048 different users betweenDecember 11th andDecem-
ber 17th, 2017. 83.5% of the total tweets actually contained a
retweet.

3. Methodology

3.1. Retweet Networks. We can consider retweets as a proxy of
influence between users. Hence, when user A retweets a tweet
originally posted by user B, we can infer that B is influencing
A [16, 18, 19]. In the retweet networks, each node corresponds
to a user, and a link from node A to node B is established
when user A retweets a message posted by user B. This link
is directed with direction from A to B. Thus, the indegree k𝑖𝑛
of a given node measures the total number of different users
who have retweeted him, and the instrength, the number of
retweets that all the tweets he posted have received.

In Figure 3(a), we show the corresponding retweet net-
work for the period of the electoral campaign, excluding the
voting day (December 11-16). The network is composed of
26,175 nodes and 48,141 links.The corresponding network for
the full electoral campaign including the voting day is plotted
in Figure 3(b) for comparison. This network has a total of
68,048 nodes and 170,045 links. In the figure, the size of nodes
is proportional to its indegree.

The degree distribution of both networks is very het-
erogeneous with a small number of users accumulating a
high percentage of the retweets (see Figure 4). Most users
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Figure 4: Indegree and outdegree distributions corresponding to
the retweet network for the period 11-17 December, 2017.

(57%) only retweet a single tweet during the full analyzed
period (k𝑜𝑢𝑡=1) while a very small fraction of users (0.025%)
retweeted more than 100. A similar trend is observed when
analyzing the indegree distribution. The majority of users do
not receive any retweets; we observed that 83.5% of users have
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k𝑖𝑛=0 and 7% of users have k𝑖𝑛=1. In contrast, these users live
together with a minority of extremely influential users who
received many retweets. In fact, 0.075% of the users received
more than 500 retweets and we even found a user whose
tweets received over 5000 retweets. These highly retweeted
users are the real influential ones ruling the conversation.

In order to properly analyze this conversation, we con-
sider several periods of time. Thus, we build a retweet
network for each day D, where the time window considered
for the network of each day D is the accumulated from day 0
up to day D.

3.2. Inferring the Opinion of the Users. To infer the opinion
of the users participating on the Twitter conversation and
measure the resulting polarization we use the methodology
introduced in [1]. In that paper, we introduced a model
to estimate the opinions of users who interact on a social
network from a minority of hubs whose opinion is known.
In the model we have two types of users, elite and listeners.
The model assumes that we know with certainty the opinion
of the elite.Thus, elite users have a fixed opinion that remains
constant and act like seeds of influence. In contrast, the
opinion of listeners is unknown and will be estimated from
their social interactions.Themodel is initialized by assigning
an opinion value X of -1 or 1 to each elite and an initial value
X=0 to each listener.The opinion of each listener is iteratively
updated as themean opinion value of her outgoing neighbors.
Thus the opinion at time step, t, of a given listener, i, is given
by the following expression:

𝑋𝑖 (𝑡 + 1) =
∑𝑗 𝐴 𝑖𝑗𝑋𝑗 (𝑡)
𝑘𝑜𝑢𝑡𝑖

(1)

where 𝐴 𝑖𝑗 represents the elements of the network adjacency
matrix, which is 1 if there is a link from j to i, and 𝑘𝑜𝑢𝑡𝑖
corresponds to her outdegree.The process is repeated until all
nodes converge to their respectiveX𝑖 value, lying in the range
-1< 𝑋𝑖 <1.Thus, the results of themodel are given in a density
distribution of nodes’ opinion values P(X). In our case the
network of the model is represented by the retweet network.
We generate a network for each day (D) of the analyzed
period; this network is the accumulated retweet network from
day 0 up to day D. The corresponding adjacency matrix for
each day D is given by the following formula:

𝐴 𝑖𝑗 (𝐷) =
{
{
{

1 𝑖𝑓 𝑖 𝑟𝑒𝑡𝑤𝑒𝑒𝑡 𝑗 ∈ 𝑡 ≤ 𝐷

0 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒
(2)

3.3. Inferring the Opinion of the Users. For each day we will
obtain ameasure the political polarization of the conversation
from the resulting density distribution of nodes’ opinion
values P(X). The polarization is given by the following [1]:

𝜌 = (1 − |Δ𝐴| ) 𝑑 (3)
where

|Δ𝐴| = |𝑃 (𝑋 > 0) − 𝑃 (𝑋 < 0)| (4)
and 2d is the distance between positive and negative average
opinions.

Figure 5: Subgraph of the retweet network for the period 11-17
December, 2017, corresponding to 160 nodes with 𝑘𝑖𝑛 >200. Elite
nodes associated with Piñera (red) and Guillier (blue) preferences.
The rest of the nodes (grey) are not included in the elites. Size of
nodes corresponds to 𝑘𝑖𝑛.

This formula gives𝜌 = 1when the distribution is perfectly
polarized. In this case the opinion distribution function is two
Dirac delta centered at -1 and +1, respectively. Conversely, 𝜌 =
0means that the opinions are not polarized at all.

3.4. Elite Users. To select the elite users that will be used
to infer the opinion of the remaining users we have first
selected the top central nodes according to their indegree:
𝑘𝑖𝑛 >200. After applying this filter, we obtain 159 nodes
(see Figure 5). From those we discarded 44 accounts because
they belonged to institutional accounts and neutral mass
media and accounts that were deleted by Twitter during the
campaign.

We assigned an opinion of 1 or -1 to these influential nodes
evaluating their opinion. To this end, we first analyzed the
profile of each user and identified 12 accounts that belonged
to politicians (6 to each political party). These accounts were
given a value according to the political party they belonged
to. From the remaining accounts, 31 of them expressed the
political party that they supported on their Twitter profile
(17 in favour of Piñera and 14 supporting Guillier). Next,
by means of text mining techniques, we identified a group
of users asking for the vote for one of the candidates (16
of them for Piñera and 22 for Guillier). Finally, in order to
assign a value to the remaining 34 users we trained amachine
learning algorithm based on the texts used by the already
classified users. To this end we trained a Support Vector
Machine (SVM)with linear kernel [20, 21].We have validated
the training of themodel bymeans of a k-fold cross validation
process and obtained an average accuracy of 82%. Finally, we
used the trained model to classify the remaining 34 users. In
the end, a total of 64 users were classified in favor Guillier,
to whom we assigned a value of -1; and 51 users in favour of
Piñera, to whom we assigned a value of +1.
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Figure 6: Convergence of the node opinions inferred through
iterative process corresponding to the opinion formation model for
one hundrednodes randomly.Note thatmanynodes follow the same
dynamics.

Once the elite is selected, the opinion of the rest of
the nodes is generated from (1). Figure 6 shows the fast
convergence of this process for 100 random nodes.

4. Results and Discussion

From the distributions obtained with the model for each
of the days in our dataset, we can track the evolution of
the opinions of users who participated on the conversation
over the 2018 Chilean electoral campaign. Thus, we will use
these distributions to analyze the opinions of users and the
evolution of the polarization over the electoral campaign.

We found that during all the analyzed period two peaks
on the distribution around the two confronted opinions
-1 and +1 appear. However, we also identify significant
differences in the distributions between the voting day (D 17)
and the previous week. To further explore these differences,
we have visualized both opinion distributions on the top
panels of Figure 7. In this figure we compare the distribution
for the pre-voting day (D 16) and the voting day (D 17).
The distributions show that on the previous day to the
elections there is a majority of users with an opinion value
of X=+1 (opinions totally in favour of candidate Piñera).
However, we observe a shift on this behavior during voting
day with a majority of users emerging around opinion X=-
1. Moreover, on the voting day, we also find an increase
of the moderate opinions around candidate Guillier, with
a significant increase of users with P(-1 < X <0). Thus,
our results show a clear shift in the opinions expressed by
the Twitter users between the previous day to the elections
and the voting day. While the opinion expressed on Twitter
remained approximately constant during all the previous
week to the election day, this was not the case for the voting
day.

Despite this change in the opinions, we cannot still state
that the users individually changed their opinion during the
voting day, as the participation usually increases during the
election day engaging new users [13]. Thus, to shed light
on whether the distribution obtained on the voting day is
due to a significant change on the opinion of users who
actively participated during the previous week or to the

participation of new users, we have analyzed separately the
opinion of both groups. In the bottom panel of Figure 7, we
show the resulting distribution of opinions for the voting day
including only those users who already participated during
the previous days. The opinion distribution of these users
differs significantly from the one plotted on the top panels
that includes all of the users. Thus, the population of users
who participated during the previous week still maintains a
majority of extreme values around 1, highlighting that the
majority of opinions around -1 comes from the new users
that joined the conversation the final voting day. However,
a fraction of users who already participated during the
campaign week slightly varied their opinion as there is an
increase onmoderate negative opinions for both populations.

To further understand the evolution of the opinions
during the analyzed period we have visualized the time series
for the negative and positive opinion in Figure 8. In this
figure, triangles represent opinions in favour of candidate
Piñera and circles opinions in favour of candidate Guillier.

This figure reflects that the opinions remained constant
over the previous days to the voting day, with a majority of
opinions in favor of Piñera. This trend changed during the
voting daywheremore users participated on the conversation
and the fraction of moderate opinions in favor of Guillier
surpassed the ones in favor of Piñera.However, the significant
increase of moderate opinions is not explained by new users,
but by the change of mind during day 17 of fraction users.
If we limit the analysis to the radical opinions (+1 or -1) we
observe this same pattern, with a transition from a majority
of +1 to a majority of -1. However, this shift in the radical
opinions is due to new users commenting for first time on
the hashtag during the last day.The vastmajority of these new
users that joined the conversation on the voting day showed
clear support for Guillier (-1<X<0).

Next, we analyze how the polarization evolved during the
electoral campaign week. To this end, we have computed the
polarization index for each day and visualized the time series
on the bottompanel of Figure 8.We found the conversation to
be polarized over the full electoral period, with values around
60% that increased up to 70% just before the voting day. This
factmanifests that during the pre-voting day the conversation
reached its maximum confrontation. In contrast, on the
voting day, we find an abrupt decrease where the polarization
index reached a minimum value of 40%. However, if we do
not consider new users (who only participated on day 17) and
limit the polarization analysis to the users who participated
during the full week we also observe this transition, but
the decrease of the polarization in the voting day is not
so abrupt and recovers its typical value. Thus, the extreme
minimum value observed on the voting day is explained
by the appearance of new users that participated on the
conversation this one day and by the decrease of extreme
opinions that gave place to more moderate opinions that
concentrated on the negative side (see Figure 7).Hence, in the
light of our results, we can conclude that new users joining
the conversation on the voting day significantly varied the
debate making it more rational with an increase on the flux
of messages between the two sides.
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To further understand the evolution of the polarization
during the debate, we analyzed the profile of the users and
tweets posted during the week. More particularly, we ana-
lyzed the use of mentions on tweets. Mentions are a Twitter
interaction mechanism that is usually used to direct tweets
to specific users, to refer them or to exchange information
[16]. In the top panel of Figure 9, we show the time series of
the fraction of tweets that contained at least a mention. The
percentage of tweets containing mentions remained constant
during the weekwith a value of approximately 80%.However,
for the voting day, this value decreased reaching a minimum
of 76%. This decrease in the number of mentions during the
voting day shows that during that day the debate broadens
its scope, not directing so much tweets to specific users.

The tweets without mentions are not directed and they can
be used to express feelings. A reduction in the number of
mentions usually implies a transition from rational to more
emotional, which can explain the decrease in the polarization
index described before.

Next, we explore the reasons that explain the decrease
in the percentage of tweets containing mentions to unveil
whether it is due to new users that joined the conversation on
the voting day or not. We found that indeed it is explained
by new users that engaged to the debate this last day, as if
we do not consider them, the fraction of mentions per tweet
remains constant over the full period. Following, we analyze
the diversity of the users participating in the conversation by
computing the heterogeneity 𝜎. This measure quantifies the
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diversity of users according to the ratio of followers/friends
[22]. We also observe a change on the heterogeneity of users
on the voting day (see bottom panel of Figure 9) showing
a significant increase. This means that on the last day more
diverse users participated in the conversation, and these same
users caused the polarization decline.

5. Conclusions

On this paper, we have used the methodology described on
[1] to analyze the 2017 Chilean presidential elections and
measure the resulting political polarization. From a minority
of influential users, we have been able to estimate the opinion
of the vastmajority, showing that during the period preceding
the voting day most of the users were supporting Piñera.

The Twitter users discuss, form their opinion, and prop-
agate messages from their preferred candidate over the
electoral period, showing their final decision on the day
preceding the election. In this day, the polarization reaches its
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Figure 9: Evolution of the percentage of mentions (top) and the
heterogeneity index, 𝜎, (bottom) for the retweet networks starting
onDecember 11th until day D of 2017 Chilean Presidential elections.
In top panel, the dotted line corresponding to the electoral campaign
period 11-17 December 2017 without taking into account the users
who only participate on the voting day.

maximum value as users already decided their vote and limit
their behavior to support their leader and amplify the mes-
sages supporting him. This propaganda behavior limits the
discussion increasing radical opinions and the polarization.
After this point, the polarization decreased during the voting
day attracting new and more diverse users that opened the
conversation and increased the flux of information across the
two sides.

The high correlation among the opinions of users on day
16 and the voting behavior of the Chilean population that face
a dichotomous approach to elections (vote candidate A or
B) could indicate that until that day the opinion formation
process of Twitter users is rational and meditated, reaching
a final vote decision (vote A, B or do not vote). Moreover,
this decision is consolidated during the pre-voting day where
users who actively participated during the week tend to
abandon the debate and just support their decision causing
a maximum peak on the political polarization. In addition,
during this day, the opinions inferred from Twitter correlate
almost perfectly with the election outcomes.

Since on this paper we estimated the opinion of a large
number of Twitter users we will discuss the possibilities and
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limitations of using thismethod to predict election outcomes.
If we associate the distribution of opinions for Twitter users
during the electoral campaign to their voting intentions,
we can compare them to the final elections outcome. We
can associate opinions near X=+1 with an intention to vote
Piñera and values around X=-1 with potential voters of
Guillier. In such scenario, on day 16, the percentage of
opinions associated with Piñera is around 54.4% and the ones
associated with Guillier around 45.6%. The real result was
a victory of Piñera with 54.5% of votes over Guillier with
45.4% of votes. Since the results coincide quite accurately
with the final voting outcomes, we could think that this
methodology could be useful to infer election outcomes.
Thus, despite the authors introducing in [1] this methodology
tomeasure political polarization, in the light of our results the
methodology could also be used to infer election outcomes.
However, to do this task, we should do a deeper analysis and
take into account more facts, such which profiles are over-
or infra-represented on Twitter. Thus, further research still
needs to be done in order to extrapolate the methodology
to effectively predict election outcomes from social media
conversations.
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