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ABSTRACT

Technological developments in media and communications such as press, radio, and television have disrupted electoral
processes and reshaped political landscapes. Similarly, the development of surveys enabled the social sciences to study the
voting processes and measure consensus in a population prior to democratic elections. Literature on social networks and
elections has focused on predicting electoral outcomes rather than understanding how the discussions between users evolve
over time. As a result most studies focus on a single election and few comparative studies exist. In this article, a methodology
to analyze Twitter conversations about election candidates is proposed. Using DeGroot’s consensus model -an assumption
that all users are attempting to persuade others to talk about a candidate- the methodology allows to identify the structure and
strength of connections of the mention networks on each month prior to an election day. It also helps to make comparisons
between elections and identify patterns on different contexts. In the end, an analysis on the elections where the incumbent was
running and the political regime is presented.

Please note: Abbreviations should be introduced at the first mention in the main text — no abbreviations lists. Suggested
structure of main text (not enforced) is provided below.

Introduction

The advent of surveys professionalized the measurement of consensus prior to elections in the early 1936 [16], but the
methodology remained controversial in the political science sphere for over a decade since its introduction[16]. Years later,
surveys have been established as the quintessential tool for studying elections [15], even though controversy about their
relevance in current political climate and social contexts has been risen [7].

Similarly, a significant body of literature exists about the role of mass media technologies on electoral processes involving
press, radio and television [3] [14]. These technological disruptions of electoral processes were deemed of such importance that
governments around the world imposed strict regulations about the type of contents that could be shown, and, most importantly,
the type of actors that were allowed to broadcast [3] [12]. The use of mass media to manipulate and form public opinion leading
to electoral outcomes has been studied widely and in diverse contexts: the first electoral failure and subsequent rise to power
of the Nationalsozialistische Deutsche Arbeiterpartei in Germany has been partly attributed the shift from strict regulations
imposed on radio broadcasting in the country, and later to the appropriation of the technology by the party [1]. Similar examples
of the United States of America [3], Japan [9], Greece [8] and Brazil [11] suggest that radio regulation by the establishment
played an important role in the formation of public opinion for political matters that often benefited government views [3].

With the advent of internet as a public service available for everyone in the decade of the 1990s, and the possibility of
peer-to-peer communication at a massive scale, scholars warned about the possibility of the Balkanization of the sciences
and other spheres of human communication [18]. Just two decades later, in the 2010s, the rise to power of candidates with
extreme views in countries such as the US, Brazil, the UK, among others, social media and disinformation campaigns were
seen as the culprit of the radicalization of voters [13][2]. Traditional mass media outlets such as press, radio and television
were outspent by digital campaigns in Facebook, Twitter and YouTube, which allowed for micro-targeting of voters to trigger
emotions associated with specific group profiles [19]. At the same time, surveys and voting intention analysis were perceived



by the public opinion to be unable to adequately predict the outcome of elections with the same degree of certainty that they
exhibited just a decade earlier, however, detailed analysis suggests that error margins have not changed significantly over the
years. As a result, the attention was drawn to social networks as a mean of predicting electoral outcomes to overcome the
shortfall of surveys, with mixed results [17].

The emphasis on using social media as a prediction mechanism made researchers overview the role of these platforms as an
electoral disruption. Just as the press, radio and television changed the way citizens formed opinions and preferences about
an election process, social media has meant a new framework for electoral studies. Nowadays, the sources of information
are not monopolized by any group, instead, opinions about facts are constantly published and shared among citizens. In this
research, we look at the discussions on Twitter in the context of electoral processes and propose a methodology to analyze how
the general conversation evolves towards one of the candidates.

The main objective of this investigation was to develop a framework to understand the evolution of political discourse from
a perspective that combines aspects of mass media studies and consensus analysis prior to electoral processes under diverse
contexts. As such, our first aim was to analyze the convergence/divergence of political debate as time to elections decreases
from a modelling perspective that enabled us to understand and estimate the degree of consensus in a society. The second was
to compare the degree to which the evolution of consensus in the political debate under different contexts is associated with one
specific aspect of electoral results: the difference in votes between the winner and the runner up.

Results

To analyze how societies reach consensus over the candidates, a network of mentions was formed with the characteristic that
at least one of the official candidate’s account had to be mentioned. Then, the resulting network was assumed to be a naive
individual network, as DeGroot[4] defines it, where each node is trying to persuade the others on a one-dimensional decision, in
this case an election. This allows the methodology to use the second eigenvalue as a measure of the speed at which the network
is converging. In other words, that measure shows how fast the people on Twitter agree on which candidate should be discussed.
This last characteristic is easily perceived on this social network, and the mentions construct is a proxy for a direct attempt to
change or support the attitudes and opinions towards one of the candidates.

In order to understand the behavior of the second eigenvalue on this particular type of graphs, a series of simulations
of networks with different topologies and the same number of nodes were performed. The objective of this exercise was to
determine how the eigenvalue changes according to different scenarios of candidate perception.

The results show that the second eigenvalue depends on two variables, one is the number of connections that the network
has, also known as density (percentage of edges present in proportion with the maximum number), and another variable is the
node structure, known as hubs. A node is a hub when it groups together a large number of nodes in a network, where each
hub for the case study is a candidate. This nomenclature was adopted because it focuses on the candidates and, therefore, is
different from the conventional communities.

Table 1 shows descriptive statistics for a density graph where the number of interactions that take place in the entire network
is observed depending on the number of hubs. We will refer to the number of nodes as the structure of the network.

Table 1 shows a comparison between the density and the second eigenvalue change for different structures of the network
and different link strengths. For the density dynamics, more hubs means more connections in the network, therefore, the density
will increase.

The trend for the second eigenvalue is not linear: when there are two and three hubs, the value is similar, greater (slower
convergence to consensus) than having only one hub. This results show that the structure of the network influence the speed of
the convergence. The second eigenvalues here correspond to extreme scenarios of the simulation, determining boundaries of
the second eigenvalues.

The networks were simulated creating the adjacency matrix from a series of random binary numbers using a Bernoulli
distribution. This means that for every row of the matrix a random array of zeros and ones was created and the probability of
the ones varied to create different scenarios. As Table 1 shows, there were two main variables used to create the scenarios: the
structure and the probability of the links. The first one refers to the number of hubs, sources of information, that the graph had.
The later is the probability that any nodes are connected following two rules. The probability of connection of any nodes must
be smaller between different communities than inside the same one, which means that it is more likely that supporters of the
same candidate are connected. And the other is that the probability of connection with the candidate and her supporters should
be bigger than with the ones of other candidates.

One of the objectives of the simulated networks was to be as close as possible with the ones obtained from real life.

However, the used scenarios reflected extreme situations in comparison with the real ones. To achieve this, a set of parameters
were determined to get second eigenvalues inside the range of the ones from real elections and with a similar edge density. The
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values determined were:

e probability between supporters of different candidates = strength value
e probability between supporters of the same candidate = strength value * 5

e probability between candidate and her supporters = strength value * 15

As aresult, different scenarios were created changing the probabilities of the links by the same factor. This allowed to keep
the two characteristics defined on every scenario. The factors used are describe in the Table 1, which in sum is a reduction on
the size of the probability in a scale of ten. To avoid noise from a single simulation a bootstrap was conducted and the second
eigenvalue was the average of a hundred repetitions.

Table 1 shows that an increase in the probability between the connections of the nodes the greater the density on the network,
which means that the second eigenvalue is bigger in magnitude in general. However, it is evident that when comparing the
presence of hubs in the different simulations setting a connection probability, a single hub in the network establishes a lower
magnitude with respect to the presence of two or more hubs.

On the other hand, the simulated network that represents the existence of two hubs that are connected to each other has a
smaller magnitude in the second eigenvalue compared to the networks that have two or three hubs (Table 1, Figure 1). As the
hubs increase, the magnitude of the second eigenvalue increases. To compare with the real elections for every election a graph
was modeled for each one of the months prior to the election, starting from five months before the election day.

Table 2 shows the second eigenvalue for each of the elections studied from 151 days before the election to days close to
the Election. Mention networks for a selection of the observed elections are shown in Figure 2. The magnitude of the second
eigenvalue translates speed into the convergence of electoral decisions, a greater magnitude represents slower convergence.

For the elections in Argentina in 2015, the second eigenvalue shows that as election day approached the convergence was
slower (15.8), unlike 151 days before the election where the second eigenvalue was at 5.0. For the 2019 elections the situation
was different, the range in which the second eigenvalue fluctuated was between 1.0 and 3.0.

For the Indian elections in 2014, convergence was slow reaching a second eigenvalue of 24.2 30 days after the election and
for the previous days the eigenvalue was not below 9.3. For the year 2019, the second eigenvalue had a significant growth from
6.0 to 120 days before the election but after that it had a rapid convergence, remaining between 1.0 and 2.0.

As mention before, the second eigenvalue is a measure of how fast is a network converging. However, it is unknown
which one of the candidates was more mentioned on each month. To take this into account a clustering using Topological
Data Analysis was done. This analysis shows, on each month, how the Twitter users mentioned each candidates. In Figure 4 a
sample of Argentina 2015 and France 2012 is presented on a color scale. These figures show how Twitter users tend to talk
more of a single candidate or two or as the elections approach. Ideally, if consensus is increasing as voting day approaches, all
the groups would tend towards a single color. Figure 4 shows a depiction of observed and simulated networks using TDA.

To see if characteristics of the political system influence the convergence, two aggregations were made. The first one was
by type of regime. Figure 3, shows that the second eigenvalue in presidential regimes was generally lower. Similarly, the
tendency to mention the winning candidate is more common in parliamentarians than in presidential ones. Towards the end of
the election, the second candidate in the presidential elections is mentioned more often. In the presidential elections, as time
passed, the mentions of the third candidate began to fall.

If the incumbent president or prime minister was a candidate for re-election, the second eigenvalue was less than when the
incumbent executive did not participate. The tendency of the winner was similar whether there was a possibility for reelection
or not. However, the trends of the other candidates differed considerably. For reelections, there was more talk about the second
candidate, but the third it was almost nonexistent (in terms of the Twitter network). While the elections in which reelection was
not sought, the trend of the runner-up was similar to that of the third candidate, as shown in Figure 3.
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Discussion and conclusion

The most important finding of our study was that social network data in the context of electoral campaigns can be used to
measure a novel variable based on theoretical models of consensus to describe the months prior to suffrage [4]. Our findings are
consistent with literature as follows: First, we found that elections where the incumbent is up for reelection have a different
variable profile than those without the incumbent. This finding is consistent with reports of literature of mass media in elections,
where the incumbent is found to have a competitive advantage because she has more presence in radio and television[3]. Second,
we find that total volume of mentions for a particular candidate is indicative that they pose a chance to win the elections, but
that it not a robust method to forecast elections, as seen in Figure 5[6]. Furthermore, while our simulations show that a denser
network will have higher lower levels of consensus, observed electoral networks can be convergent or divergent (decreasing
or increasing consensus, respectively), evidence that participation in social networks does not necessarily polarize. Third,
because our method is a systematic depiction of structural processes of consensus formation, we find that phenomena that has
been difficult to define with surveys, such as the band wagon effect, can be defined precisely with this method in terms of
two variables: mentions for each candidate, and change in the second eigenvalue as the elections approach. We found that
elections that resulted in a narrow margin between candidates also presented the lowest values for consensus (measured by the
2nd eigenvalue of the DeGroot model).

In Argentina 2019 and India 2014, for example, the volume of mentions per candidate differed from the outcome of the
election, as shown in Figure 3. In Argentina 2019, there was more talk about the president, who finished second. On the other
hand, India 2014 shows a typical case where the winner is further discussed. On the former, the methodology allows to see that
the evaluation of the presidency dominated the topics of discussion, leaving little room for the other candidates. In contrast, in
India 2014 the most discussed candidate was in fact elected. Our methodology, therefore, shows both who is dominating the
discussion whether consensus exists, rather than predicting the outcome.

Therefore, the evolution of the conversation on Twitter shows how the society reaches a consensus around each candidate
with chances of winning. This research shows that the characteristics of the political regime (presidential elections faster than
parliamentary) and the fact that the incumbent is running (incumbent elections faster than non-incumbent’s) changes the speed
at which the consensus is achieved. In other words, information on the social network will flow faster or slower between
potential voters. That speed is measured by the second eigenvalue of the mention matrix and depends on the number of edges
that the network has (more connection leads to faster convergence) and the structure of the connections (more connections
between communities means faster convergence). By construction, the structure of the network reflects an “unwise society” in
the terms described by [10], there are three or two nodes -the candidates- deeply connected to the rest of the network, which
creates a structure of communities for each candidate. As a result, users that tweet about more than one candidate help the
network achieve consensus faster.

Most studies about elections and social networks focus on single elections, this research wanted to see the patterns present
in different contexts. For this reason, a variety of years and countries were considered and, specially, with variation in the fact
that the incumbent was running for reelection and the political regime. The results show that the participation of the incumbent
is associated with more mentions of the winner and the runner up, specially in the months closest to the election. In comparison,
in non-incumbent elections the first candidate is mentioned around 20% more, and the second 30% less (Figure 3). On the
other hand, the differences in the regime shows that parliamentary elections have on average a bigger second eigenvalue than
presidential (Figure 3), which means that in the later convergence is achieved slower.

According to Golub and Jackson[10], the second eigenvalue reflects how fast a society is converging over a one-dimensional
decision, in this case an election. This means that the interactions between people in Twitter, assuming that this social network
is representative of the entire society, should evolve to reflect the same preferences the citizens have in real life. Therefore, three
different measures should be aligned, the distance between the two main candidates of the election -as a measure of the level of
agreement on one of the candidates-, the second eigenvalue -as a measure of the speed of convergence-, and the percentage
of Twitter mentions -as a measure of the agreement on the social network-. As seen in Figure 5, in some elections the three
indicators are aligned, a higher second eigenvalue election has close real life results and mentions, and vice-versa. However,
others did not follow this logic because, as seen in the literature, the Twitter mentions do not reflect accurately the prefer-
ences of society, and due to the fact that densities in the networks influence the behavior of the second eigenvalue, as seen before.

As aresult, it should be established that these results have limitations. The first one is that the sample of elections used
is very limited to determine a definitive difference between regime types and incumbent participation. This analysis was
performed anyway because of the difficulties of gathering the Twitter data (there are millions of tweets per election) and the
need to have a first glimpse on the differences on social network conversations between contexts and years.
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In conclusion, our study proposed a framework for analysing election conversations on different contexts on Twitter with
empirical examples. Even when convergence is discussed, this methodology does not aim to predict winners; rather, it attempts
to get a better understanding of the opinion formation process in the electorate and the effects that campaigns achieve on social
networks. Comparison between elections allows analyses of polarization and campaign effectiveness to be done in a more
standard manner. Since elections are a one-dimensional event, the DeGroot model works with the assumption that every tweet
that mentions a candidate is trying to persuade the other members of the network to discuss one of the choices. Finally, these
results are open for improvement, adding sentiment analysis could help establish the way broadcasting effects work, also adding
campaign milestones could help get a better understanding on the changes of the speed of convergence. More elections data is
needed to establish stronger claims on differences between incumbent and non-incumbent elections and the political regime.

Data and Methods

Data. Elections are a one-dimensional decision process, ideal to check with naive learning social network because it can be
assumed that all the people in the network are interacting to persuade others to vote for one of the candidates, or avoid voting
for another. Therefore, the data used from Twitter had to be related only to the candidates and the election, which is why this
research focused only tweets where at least one of the three main candidates appeared.

This decision has several implications, the first one is that it does not capture the entire interactions about the election
that happened on Twitter. A current trend in the platform is to avoid mentioning an account to prevent it from getting more
attention, which could happen if the person wanted to express a negative perception of a candidate. Also, because it does not
get absenteeism movements and opinions that prevents citizens from getting involved or from supporting any of the candidates.
The decision of collecting only tweets with mentions was made, however, to reduce the amount of noise that otherwise would
be present on the sample.

The elections chosen helped get the most diversity in two key aspects: different contexts -including different kind of
electoral institutions- and different years. Having a diversity of countries allow the analysis of similarities on the interactions
in the social platform and on the comparison with the results of the election. On the other hand, having two points in time
revealed the trends in usage of the platform in each country and to see if there were differences due to the new election
in the same country or to the changes in usage of Twitter. For the purposes of this research, in each election the tweets
collected were the ones that mention at least one of the three main candidates and that were posted 150 days before or after
the first election. As a result, the authors could see the changes in the networks of the elections on an equal time frame.
Data were collected using an academic account on the Twitter API from 5 months prior to each election, searching for the
handles (usernames) of the most important candidates. All data (dehydrated) and code are available in the GitHub repository
(https://github.com/dcardenas11831/Twitter-elections-consensus).

Methods. Theoretical properties described in graph theory are useful to analyze how the efficiency of learning and diffusion
depend, in sensitive ways, on the way the social network is organized [10]. Using DeGroot’s model [4] defines a finite set
N ={1,2,...,n} of agents or nodes interacting according to a social network. The interaction patterns are captured through an
nxn non-negative matrix T, where T;; > 0 establishes the relationship interaction and indicates that i pays attention to j. Matrix
T may be asymmetric. T is stochastic therefore its entries across each row are normalized to sum to one. Agents update beliefs

by repeatedly talking weighted averages of their neighbors’ beliefs. Each agent has a belief Pl.([) €Rattimez € {0,1,2,...}

It is possible to calculate how fast the system converges (if it does). DeMarzo et al. [5] developed results from spectral
theory that relate rates of convergence to the size of eigenvalues. Specifically the second largest eigenvalue of the stochastic
matrix T denoted as A,(T), arguing that if |A(T)| is small, then all the agents quickly reach an agreement. If |A(T)]| is large,
then convergence can take a long time.

The model considers a stochastic matrix that satisfies some convergence assumptions. For our study we built the stochastic
matrix (Twitter mention network) which surely satisfies these assumptions. To ensure that the second eigenvalue is capturing
the idea of speed in convergence, matrices with different topologies were simulated and the second eigenvalue was found for
each of them.

Golub and Jackson [10] present the following results on the second eigenvalue:

e If |A,(A)| is small, political beliefs and decisions converge rapidly.
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e If |1, (A)| is large, political beliefs and decisions converge slowly.

These results shows that convergence is slow if society is divided into several factions that distrust each other. However, to
compare different networks it is necessary to take into account two variables that affect the second eigenvalue, as seen in the
simulated networks -explained in the results section-, which are: the structure of the network (the factions mentioned before)
and the density of the links (the strength of the connections). A more connected network will have an smaller |A,(A)]| than a
less connected one. In the same way, a network with more factions will have a bigger |1, (A)|, which means that will converge
slowly.

Topological Data Analysis

We conducted a Topological Data Analysis using the Mapper algorithm, with a distance matrix of the nodes in the network
as a measure of distance, and mentions of the winning candidate and the runner-up as filters. This resulted in a graph of
interconnected clusters where each node is a group of Twitter accounts, grouped together by the number of mentions of the two
main candidates.
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Simulated networks second eigenvalue
Structure/Strength of links 1074 1073 1072 107!
One hub 1.00 1.93 3.83 10.79
Two hub 1.00 2.00 4.09 21.73
Three hub 1.41 2.07 4.30 21.78
Joined hubs] 1.73 2.46 4.95 14.19
Two v One hub2 1.00 2.23 4.93 25.22

Table 1. Second eigenvalue to different simulated networks. The value for the strength of links was determined so that the
resulting graphs have a similar density as the real ones. As expected, the second eigenvalue increases with network density and
with the number of hubs.

Density

2Eigenvalue

B -

0,000 S —

p——

s hubs

Structure

_—
—_—

- s
—
SR - S

Strength cat

W High

Medium-high

Medium-low

Figure 1. Behaviour of the second eigenvalue and density at different structures and simulation scenarios. Each scenario
represents an increase on the probability of connections.

Second eigenvalue by election

Election Incumbent Regime | 151-121 | 120-91 | 90-61 60-31 30-0
running

Argentina No Pr 5.0 6.2 10.4 12.5 15.8
2015

Argentina yes Pr 1.0 3.0 2.0 3.0 1.0
2019

India 2014 No Pa 11.6 9.3 24.0 17.4 242
India 2019 yes Pa 1.0 6.0 1.0 1.4 2.0
France 2012 yes Pr 6.8 5.2 6.5 8.8 4.3
France 2017 No Pr 3.0 8.6 2.8 3.0 1.7
Ecuador 2017 | No Pr 2.0 2.3 4.9 1.4 4.0
Kenya 2017 yes Pr 3.0 2.0 3.0 2.0 3.0

Table 2. Second eigenvalue by days to voting day for all the observed. Argentina 2015, India 2014, and Ecuador 2017 show
an increasing pattern of second eigenvalues, while the others show the opposite. This suggests that in the cases where the
second eigenvalue was increasing, the consensus about the elections was decreasing.
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Argentina 2015 Argentina 2019 India 2014

India 2019 anoé 2012 France 2017

-151,121

120,91

9061

-60,31

Figure 2. Twitter mention networks by election. A selection of observed elections and their progression over time (days to

suffrage). Communities were colored using a walktrap algorithm for visualization purposes.
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Manthe aror to the lection

c

Figure 3. A:Elections separated if the incumbent was running for re-election or not. The trends describe the average values of
the elections that belong to one of the categories. B:Elections by regime. The trends describe the average values of the elections
that belong to one of the categories.C: Second eigenvalue to elections Argentina 2019 and India 2014. The image shows how
the second eigenvalue evolves as well as it’s components. The proportion of mentions in the network was used as a proxy for

the structure.
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-151,121

-120,-91

-90,61

-60,31

France 2012-TDA

France 2012

ina 2015-TDA

Polarized 1

Polarized 2

Polarized 3

Cross mentions

C2 and C3 join

RGB color leyend

ATh

C1 mention C2

Figure 4. Topological Data Analysis of observed and simulated networks. A, Left: Topological Data Analysis of mention
networks for France, 2012. Each of the five graphs represents a month prior to election. We observe candidate 1 (C1, blue)
dominating the conversation, and the runner-up (C2, pink) becoming more important 60 days before the election. Mention
networks, visualized for comparison purposes. A, Right: Topological Data Analysis clustering results and mention networks
for Argentina 2015. B. Different simulated networks with archetype political scenarios with different degrees of polarization,
cross mentions between clusters, and one scenario of C2 and C3 joining forces. The last one shows the legend to understand the
images. More teal represents a group of people more inclined to talk about the winning candidate, more purple to the runner-up
and more yellow more to the third one.
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Is the incumbent running?

'e) Woves

ndia 2019 No

s
e
A i
5 1 Ecuador 2017
& Kenya2017 )
3 Argentina2019 ()
Argentina2015 gl iis012
Francia 2017
Average difference on Twitter mentions
Real election differences and second eigenvalue in last month before election day
Is the incumbent running?
ndia 2019 No
21,709 Dif*. in real election
62,50% Dift in Twitter
B
India 4
Ecuador 2 ol election

12,00%Diff. in

ele
97,67% Diff. in Twitter

11,27% Dift. i :
59,67% Dff. in Twitter

Kenya 2017

18,40% Diff. in

Normalized second eigenvalue

Figure 5. A: Comparison between the difference in mentions on Twitter in the last month before the election and the outcome.
B: Relationship between the normalized second eigenvalue of the last months prior to each election day and the difference in

the real election between the two main candidates. The color determine if an election had the incumbent running. The label on
each election has the difference in the election and the difference on Twitter mentions (between the most mentioned candidate
and the one that follows) in the last month.
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