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Abstract: The year 2024 stands out as a pivotal year marked by significant political transfor-
mations across the globe. Some countries, such as Mexico and the United States, could be 
deeply affected by political polarization and echo chambers. This study employed sentiment 
analysis and machine learning techniques to investigate political polarization on Twitter during 
the 2018 Mexican presidential election. The findings reveal that the winning candidate exhib-
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ited the highest level of polarization. This underscores the pivotal role of social media in elec-
tions. For some time now, social media platforms like Twitter have contributed to intensified 
political polarization and the creation of echo chambers. Further research is essential to under-
stand the influence of polarization on voter decision-making and democratic procedures. Estab-
lishing ethical guidelines for using machine learning in policy analysis is critical to preserving 
the integrity of democratic processes while reaping the potential benefits of new technologies. 

Keywords: political polarization, presidential elections, artificial intelligence, machine learn-
ing, sentiment analysis 

1. Introduction 

2024 stands out as a pivotal year marked by significant political transformations across the globe. 
Some countries, such as the US and Mexico, will be deeply affected by political polarization and 
echo chambers. These phenomena can distort reality, impede informed decision-making, and 
contribute to societal fragmentation. In an era of fake news, deepfake content, opaque advertising, 
and misinformation, society is witnessing a proliferation of infodemics, disinformation, and 
conspiracy theories that leave people deeply divided and trapped in echo chambers. This disturbing 
trend has led to new forms of nihilism in which emotional communication overrides rationality and 
makes consensus-building increasingly difficult (Han, 2022). Political polarization, the sharp 
division of public opinion into opposite sides, is exacerbated by the widespread use of the Internet 
and machine learning techniques in political campaigns, reinforcing existing beliefs and opinions 
(Barberá et al., 2015). 

A striking manifestation of this polarization occurs on social media platforms, especially intensi-
fying before elections, leading to clashes between candidates and voters (Lindqvist & Östling, 2008). 
Extreme party candidates, such as Donald Trump, have successfully used social media to influence 
the public and spread their ideologies (Valle-Cruz et al., 2023). Social media has emerged as an im-
portant arena for political participation, enabling the discussion and expression of political ideolo-
gies, as well as providing valuable data for the analysis of various political phenomena (Nulty et al., 
2016). Harnessing the power of artificial intelligence and machine learning, sentiment analysis, and 
other algorithms has been a key help in extracting insights from social media posts (Morozov, 2018). 
Nevertheless, the dual purpose of the Internet has greatly exacerbated the problem of polarization 
and echo chambers, with Twitter emerging as an important virtual space for political discussion 
(Takikawa & Nagayoshi, 2017).  

In the backdrop of the 2018 elections in Mexico, a pronounced air of polarization permeated the 
political landscape (Castro, 2023; Cornejo & Langston, 2024). The intensity of this polarization was 
notably driven by the opposition candidate's pursuit of the presidency for the third consecutive time, 
cultivating an atmosphere steeped in dissatisfaction and disenchantment among citizens toward the 
incumbent ruling party. The polarized electoral campaign ultimately culminated in the victory of 
the opposition candidate, Andrés Manuel López Obrador (AMLO), as the President (Hernández-
Alcántara, 2019). This campaign was marked by heightened polarization, the dissemination of dis-
information, and the promise of changing the political regime, emblematic of prevalent trends in 



JeDEM Issue 16 (1): 186-212, 2024 David Valle-Cruz, et al. 

188  Creative Commons Attribution-NonCommercial 4.0 International (CC BY-NC 4.0), 2024. 

contemporary political campaigns. The insights gained and lessons learned from navigating such 
phenomena have the potential to offer valuable perspectives that extend beyond Mexico's borders, 
providing a lens to comprehend analogous situations in electoral events globally. 

Recognizing the urgency of understanding the nature and impact of political polarization in the 
upcoming presidential elections, this article uses machine learning techniques to analyze the dy-
namics of polarization on Twitter during the 2018 Mexican presidential election. Specifically, the 
authors explore the levels of positivity, negativity, and neutrality associated with the five candidates 
of the 2018 Mexican presidential election (Estrada & Rawnsley, 2021). The question that leads this 
research is: How was political polarization between candidates on Twitter in the Mexican presiden-
tial elections? To answer this question, the authors applied a novel methodology based on sentiment 
analysis and machine learning techniques (López-Chau et al., 2020; Valle-Cruz et al., 2020). The rest 
of the paper is as follows: The second section presents a literature review of political polarization 
and echo chambers in social media. The third section describes the methodology for analyzing can-
didates’ tweets during the political election period. The fourth section presents the results. The fifth 
section shows the discussion. Moreover, the final section shows the conclusions, limitations, and 
future directions. 

2. Literature review 

In this section, the authors briefly review the literature, which is twofold. The first part focuses on 
two prominent phenomena of political campaigning on social media: echo chambers and political 
polarization. The second part explores related research on the application of machine-learning 
techniques in political elections.  

2.1. Political polarization and echo chambers in social media 

2.1.1. The impact of social media on political processes 

Exploring the impact of social media on political processes necessitates a nuanced examination of 
several interconnected dimensions that collectively define the contemporary socio-political 
landscape. Key elements, such as public opinion, cultural stereotypes, and user types, provide 
valuable insights into the intricate influences wielded by social media. This exploration broadens its 
scope to encompass significant contextual factors, like culture, ideology, temporality, beliefs, war, 
revolution, and pandemics, where the role of social media is accentuated in shaping narratives and 
responses. Delving into how social communications affect interactions within social groups and 
institutions, influence political processes, and incite civic engagement offers a comprehensive 
understanding of social media's multifaceted impact on the political sphere. These interconnected 
topics collectively contribute to unraveling the complexities and nuances that characterize the 
intricate relationship between social media and political processes in contemporary society. 

Bond et al. (2012) conducted one of the initial pioneering studies on the influence of social media 
on elections. Their research analyzed the messages transmitted to 61 million Facebook users during 
the 2010 US congressional elections. The study revealed a significant impact of these messages in 
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terms of disseminating both online and offline behaviors within human social networks. In their 
study, Zhuravskaya et al. (2020) examine the impact of the Internet and social media on voting, street 
protests, and political attitudes. They identify various direct and indirect relationships between dif-
ferent technologies and regimes' censorship, surveillance, and propaganda tactics. Building on this 
research, Scheffler and Miller (2021) propose four distinct effects that social media can have: (1) a 
weakening effect on strong democratic regimes, (2) an intensifying effect on strong authoritarian 
regimes, (3) a radicalizing effect on weak democratic regimes, and (4) a destabilizing effect on weak 
authoritarian regimes. 

Brito Adeodato (2022) conducted a recent study on the influence of social media on presidential 
elections in Argentina (2019), Brazil (2018), Colombia (2018), and Mexico (2018). Their research re-
vealed significant statistical correlations between social media performance and voting outcomes. 
In a subsequent study, the same scholars utilized Machine Learning techniques on the same dataset 
and achieved a remarkable level of accuracy in predicting the final vote share of candidates. Addi-
tionally, their daily predictions proved to be competitive with, or even superior to, traditional poll-
ing methods (Brito & Adeodato, 2023). 

In this regard, Halich's (2023) investigation into the impact of social communications on public 
opinion, cultural stereotypes, and user types, particularly in contexts like war, revolution, and pan-
demics, contributes to understanding how social communications influence interactions among so-
cial groups and institutions, including political processes, civic engagement, and youth culture. Alo-
dat, Al-Qora’n, and Abu Hamoud's (2023) study explored the impact of social media on political 
participation among Jordanian youth, identifying social media as a significant and favorable factor 
influencing political engagement. Zhang, Kübler, & Dong's (2023) examination of Chinese public 
perceptions of the EU and China-EU relations focuses on the influence of social media use. Utilizing 
original survey data from China in 2020, the study establishes that social media use and socioeco-
nomic factors are significant predictors of Chinese public perceptions, emphasizing the variation in 
effects across different platforms. 

Chang's (2019) research reveals that while the Internet significantly encouraged voting turnout 
in the 2014 election, this effect was not observed in the 2012 or 2016 presidential and legislative 
elections. The findings highlight the specific influence of the Sunflower Movement on young adults' 
political engagement in the 2014 election, underscoring the dynamic and diverse nature of the Inter-
net's influence on offline political participation. Aksenov's (2019) examination of the evolving polit-
ical process and media coverage, particularly within the British Broadcasting Corporation (BBC), 
suggests that the BBC may not be entirely unbiased in its representation of Syrian events. The study 
scrutinizes the quality of information provided by the BBC through social media, using the example 
of civic confrontation in the Syrian Arab Republic in the 2010s, providing insights into current media 
practices. 

Park's (2019) findings show a positive association between the use of social media for political 
news and knowledge about political issues, although not with knowledge about political processes. 
The study also uncovers that professional media use for political news is significantly associated 
with political issue knowledge and political process knowledge. The impact of social media on po-
litical issue knowledge increases when combined with professional media news use. Additionally, 
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the study reveals that engaging in political talk reinforces the positive association between social 
media use for news and political issue knowledge. 

The pervasive influence of social media on political processes plays a pivotal role in shaping con-
temporary discourse. It fuels political polarization as individuals encounter tailored content that 
aligns with their existing beliefs, contributing to the formation of echo chambers where diverse per-
spectives are diminished, further deepening ideological divides within society. 

2.1.2. Echo chambers 

Echo chambers appeared in tandem with advances in information technology that were originally 
associated with mass media. These refer to the phenomenon of individuals driven by a particular 
ideology consuming information only from sources consistent with their beliefs. This creates an 
isolated communicative niche or ghetto that limits a wider view (Garrett, 2009). Although certain 
studies demonstrate interconnectivity and information flow across ideological boundaries on 
platforms, such as Twitter, some hardcore partisan communities remain largely segregated. 
Research has found that information sharing occurs primarily among people with similar 
ideological preferences and that liberals are likelier than conservatives to engage in cross-ideological 
dissemination (Barberá, 2015). Active participation within echo chambers significantly impacts 
community emotional behavior, with greater participation correlated with a passive approach (Del 
Vicario et al., 2016). Moreover, highly active users tend to shift more quickly in the negative direction 
compared to less active users. Filter bubbles and echo chambers have been identified in Twitter 
communities in some countries (Bruns, 2017). 

Although the concept of echo chambers continues to be debated, there is evidence that individu-
als tend to select information that reinforces their pre-existing beliefs, which contributes to the for-
mation of echo chambers (Justwan et al., 2018). This behavior prevents members of the filter bubble 
from accessing relevant information and discussions, leading to a systematic distrust of external 
sources (Nguyen, 2020). Attempting to fill the gaps between echo chambers can degrade network 
centrality and content assessment (Garimella et al., 2018). 

Polarization and echo chambers have been extensively studied in the context of political cam-
paigns and have provided different insights. Right-wing and populist ideologies have used Echo 
chambers to empower candidates and political parties in various countries (Boulianne et al., 2020). 
For instance, France's opinion leaders and information seekers tend to avoid echo chambers that 
spread disinformation and instead focus on building trust (Dubois et al., 2020). The “false consensus 
effect” highlights the tendency of individuals to perceive public opinion as biased in their favor and 
serves as an example of the existence of echo chambers (Luzsa & Mayr, 2021). Studies on various 
social media platforms, such as Facebook, Reddit, and Twitter, consistently reveal the existence of 
echo chambers while exploring possible mitigation strategies (Terren & Borge, 2021). Political ho-
mosexuality on Twitter has been studied and found higher ideological similarities in mutual fol-
lower networks compared to non-reciprocal networks (Colleoni et al., 2014). A highly polarized 
group characterized by the spread of scientific information and conspiracy theories has been identi-
fied on Facebook (Batorski & Grzywińska, 2018). Certain platform implementations of newsfeed 
algorithms have been shown to contribute to creating echo chambers (Cinelli et al., 2020). 
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Social media has been found to be associated with greater ideological distance between individ-
uals despite exposure to content on the less favorable side of the political spectrum (Flaxman et al., 
2016). The tendency of social media users to select information consistent with their beliefs and form 
polarized groups can have profound implications for information cascades and public debate on 
social issues; potentially, it can affect the electoral process (McLaughlin et al., 2020). 

2.1.3. Political polarization 

Verba and Nie (1987) proposed four dimensions of political participation. Voting, campaigning, 
contacting officials, and collective action. Researchers argue that the Internet promotes political 
participation, such as studies by Bakker & De Vreese (2011), McLeod et al. (1999), and Verba & Nie, 
(1987). McLeod et al. (1999), based on a survey of 389 people, found that TV news had a modest 
indirect effect on political participation. Boulianne (2009) analyzed 38 studies and provided evidence 
that the Internet has a positive impact on civic participation. 

The Internet and machine learning techniques have improved the availability of political infor-
mation but also strengthened existing opinions (Barberá, 2015). Twitter has emerged as a major plat-
form for political discussion, leading to increasing polarization and the formation of echo chambers 
(Takikawa & Nagayoshi, 2017). 

Polarization predates the Internet, with individuals perceiving their attitudes as rational but prej-
udiced against opposing groups (Ross & Ward, 1995). Increased polarization hinders consensus-
building efforts between different groups (Elkind et al., 2017) and contributes to the nomination and 
selection of extreme party candidates (Westfall et al., 2015). The use of social media in politics has 
revolutionized ideological polarization and fuelled disputes between candidates and voters (Lind-
qvist & Östling, 2008). Social media provides an opportunity to meet different political points of 
view but can also have a polarising effect (Barberá, 2015). Furthermore, social media experiences can 
alienate individuals from politics, especially in times characterized by excessive partisanship 
(Tucker et al., 2018). 

Polarization is characterized by extreme and contradictory positions, with moderate views rarely 
represented (Morales et al., 2015). Echo chambers, where individuals search for content that matches 
their opinions, further exacerbate the polarization in social media (Boutyline & Willer, 2017; Flaxman 
et al., 2016). Social media echo chambers amplify polarization through statements, feelings, and 
opinions. The spread of disinformation and the influence of political influencers also contribute to 
polarization. Exposure to disinformation can mobilize supporters and demobilize opponents 
(Recuero et al., 2020). Disinformation can come from politicians themselves or other sources, but the 
polarization of the elite can influence the political polarization of the masses (Abramowitz & Saun-
ders, 2008; Hetherington, 2001).  As represented by President Obama, the persuasive power of 
elected officials can shape public opinion. For example, Michael and Agur (2018) found that Presi-
dent Obama's net neutrality announcement on Twitter led to an increase in activity, sparking an 
outcry ahead of traditional media coverage.  

In their recent study, Yarchi et al. (2021) introduced the term "affective polarization" to describe 
expressing emotions and attitudes. Their findings also indicate that political polarization on social 
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media cannot be viewed as a singular phenomenon, as notable variations exist across different plat-
forms. Similarly, Wagner (2021) and Hernandez et al. (2021) have examined polarization in the con-
text of elections, while Lelkes (2021) has focused on the affective polarization within political parties. 
These studies highlight the ongoing research exploring the connection between polarization and 
social media. 

2.2. Machine learning techniques and political elections 

This section presents two main perspectives that emerge in the literature on machine learning and 
social media campaigns. One focuses on election prediction and management, and the other applies 
opinion mining, sentiment analysis, and sentiment data processing to analyze candidate-voter 
interactions. 

2.2.1. Election control and prediction 

The presence and political polarization of echo chambers in social media have significant 
implications for machine learning and its application in election campaigns. The literature on 
machine learning and social media election campaigns reveals two main perspectives: First, some 
scholars focus on election prediction and control, aiming to use machine learning algorithms to 
predict election outcomes and influence election campaign strategy interactions. These studies 
recognize the importance of understanding echo chamber dynamics and polarization in shaping 
voter behavior and preferences, which can inform the development of more accurate predictive 
models (Fujiwara et al., 2021; Garimella & Weber, 2017). Second, other researchers have studied the 
application of opinion mining, sentiment analysis, and affective computing techniques to analyze 
candidate-voter interactions (Sandoval-Almazan & Valle-Cruz, 2020; Valle-Cruz et al., 2021). These 
studies use machine learning algorithms to uncover patterns in social media data to gain insight into 
voter sentiment, identify influential factors, and explore the effects of echo chambers and 
polarization on political discourse. We aim to understand the impact.  Both perspectives emphasize 
the need to consider the role of echo chambers and political polarization when applying machine 
learning to election campaigns. Understanding the nature of these phenomena will facilitate a more 
inclusive and balanced representation of political opinions and the development and 
implementation of algorithms that mitigate the potential negative effects of echo chambers on 
political debate and decision-making.  

Research on machine learning and social media election campaigns has yielded valuable insights 
from two main perspectives. The first perspective focuses on election management and prediction, 
using machine learning techniques to develop algorithms that predict winners under a variety of 
conditions (Elkind et al., 2017). This body of research also explored various voting algorithms 
(Faliszewski et al., 2018; Singh & Sawhney, 2018) and election manipulation by influencing voting 
decisions (Conitzer & Sandholm, 2002). In addition, content analysis, sentiment analysis, and studies 
of social media platforms, such as Twitter and Facebook, are useful for understanding the political 
competition during the election process (Jaidka & Ahmed, 2015). 
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The second subtopic deals with research focused on the Twitter platform and sentiment analysis. 
Research has shown that the effects of information cascades and that journalists' tweets have a longer 
lifespan compared to mainstream media tweets and play an important role in quickly disseminating 
information (Choy et al., 2012). Researchers have studied real-time sentiment analysis of tweets and 
sentiment change point detection (Srivastava et al., 2015). Furthermore, he proposed a new perfor-
mance measure for sentiment analysis using natural language processing (NLP) techniques and ma-
chine learning (Srivastava & Bhatia, 2017), resulting in improved accuracy through Twitter senti-
ment mapping (Srivastava et al., 2015). In addition, studies conducted in various countries, such as 
Germany, Pakistan, and India, have explored the relationship between Twitter messages and elec-
tion results, thereby revealing the impact of social media on elections (Ikiz et al., 2014; Ali et al., 
2022). 

However, despite extensive research into election prediction, the results remain controversial. 
Brito et al. (2021, 2023) conducted a systematic literature review and highlighted the limited success 
of commonly used volumetric and sentiment analysis on Twitter. They emphasized the need to ex-
plore more advanced machine-learning approaches. Their results showed strong correlations be-
tween social media metrics and vote gains in presidential elections in Argentina, Brazil, Colombia, 
and Mexico. These results highlight the importance of further investigating advanced machine-
learning techniques to improve election prediction and analysis.  

2.2.2. Opinion mining, sentiment analysis, and affective computing 

Sentiment analysis has proven to be a valuable tool in a variety of application scenarios and offers 
great benefits in areas such as buzz monitoring. This approach involves monitoring and tracking 
consumer reactions to services and products, enabling businesses to assess product demand, assess 
customer experience, and effectively manage crisis situations (Staiano & Guerini, 2014). To improve 
the analysis of emotions, various frameworks have been developed that provide guidelines for 
identifying emotions in various forms of communication, such as physical expression, gestures, 
speech, and text (Balomenos et al., 2004). 

Using machine learning techniques in sentiment analysis has led to promising results. For exam-
ple, Clark, Morris, and Lomax (2018) use machine learning to estimate the proportion of Brexit votes 
cast in the UK referendum, measure political sentiment, and generate inferences about relevant out-
comes, demonstrating electronic petition data's beneficial nature and versatility. In another study, 
Quan and Ren (2010) identified eight basic emotions using various classification methods, including 
decision trees, support vector machines (SVM), and Naive Bayes. As a result, they found that SVM 
achieved better accuracy than his 95%. In addition, they analyzed a manually annotated corpus of 
emotion categories, intensities, owners/goals, and verbal expressions, providing valuable insights 
into sentiment analysis. The latest research on sentiment analysis in elections through social media 
platforms has achieved accuracy ranging from 87.29% to 95% (Karamouzas, Mademlis, & Pitas, 2022; 
Patil & Kolhe, 2022; Olimpio da Silva, Losada, & Borondo, 2023). 

Further research on sentiment analysis explored social media platforms and natural language 
processing techniques. Takikawa and Nagayoshi (2017) conducted an analysis of Japanese Twitter 
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data, identified five different political communities, and observed the prevalence of xenophobic sen-
timent within right-wing communities. Koolagudi and colleagues (2009) proposed a Telugu emo-
tional language corpus and used prosodic parameters to explore basic emotions. While recognizing 
the challenges associated with accurately defining emotion due to factors such as speaker diversity, 
linguistic differences, and semantic nuances, their research suggests that emotion in language is 
used to express subjective experiences, attitudes, and affective states. 

In the field of text-based sentiment analysis, Chaffar and Inkpen (2011) introduced supervised 
learning techniques and machine learning approaches using diverse sentiment-annotated datasets, 
including headlines, fairy tales, and blogs. They used the ‘Bag of Words’ representation to compare 
three classification algorithms: Decision Trees, Naive Bayes, and Sequential Minimal Optimization 
SVM. The average accuracy of sentiment analysis achieved in their study was about 80%. Santander 
et al. (2017) examined the application of sentiment analysis to political contexts. They conducted 
research in Chile that focused on analyzing social media data for predicting election outcomes, par-
ticularly in presidential primaries.  Their research showed the potential of using machine learning 
to analyze political communications. Moreover, the Corpus Regis case, in which a computer was 
elected governor of California, demonstrates the influence of machines influencing voters through 
perceptions of rationality and fairness, as shown in election polls (Genesereth, 2018). For several 
years, the analysis of various political phenomena has been approached through affective compu-
ting (Valle-Cruz et al., 2023), which combines research topics of emotion recognition and sentiment 
analysis and can be performed with unimodal or multimodal data (Wang et al., 2022). 

3. Method 

In this section, we describe the methodology employed in our study. To carry out the polarity 
analysis of tweets, we utilize an unsupervised learning approach based on SenticNet (Cambria et 
al., 2020). On the other hand, the posts of each candidate can politically influence (polarize) opinions 
about themselves or other candidates, depending on their content. We apply a supervised machine 
learning approach to identify these influences (political polarization). 

The dataset analyzed consisted of tweets posted by presidential candidates between January 2018 
and October 2018. We used capitalized acronyms to refer to each candidate's tweets: MEADE (José 
Antonio Meade Kuribreña), ANAYA (Ricardo Anaya Cortés), AMLO (Andrés Manuel López Obra-
dor), ZAVALA (Margarita Ester Zavala Gómez del Campo), BRONCO (Jaime Heliodoro Rodríguez 
Calderón). The document uses these acronyms to refer to candidates’ data and results. The data 
collection process involved downloading 7,031 tweets, focusing exclusively on content from presi-
dential candidates to ensure relevance and specificity, and excluding trending topics and unrelated 
user tweets. All repeated tweets, those containing only internet links and those with fewer than ten 
characters, were removed. This filtering was carried out automatically using a Python script. The 
curation ultimately yielded 6,519 tweets, enhancing the dataset's quality and suitability for compre-
hensive analysis in the study of political polarization. 
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The polarity of each tweet (n tweets per candidate) was determined by applying SenticNet to 
each word within the tweets. SenticNet returns a continuous value between -1.0 and 1.0, where val-
ues nearing -1.0 suggest negative polarity, values approaching 1.0 indicate positive polarity and 
values near 0.0 are considered neutral (see Figure 1). The sum of positive and negative polarities is 
calculated to derive the total polarity of a tweet. 

Figure 1. The polarity range calculated with SenticNet 
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Then, for each candidate, the absolute value between the average overall positive and average 
overall negative was calculated to measure the polarity generated by the Twitter posts during the 
political campaign (𝑝𝑝𝑝𝑝𝑝𝑝𝑗𝑗).  

𝑝𝑝𝑝𝑝𝑝𝑝𝑗𝑗 = 

Finally, total polarity was calculated as the sum of all absolute values (𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇), to know the 
percentage proportion of each of the candidates %𝑝𝑝𝑝𝑝𝑝𝑝𝑗𝑗. 

𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇 = ∑ 𝑝𝑝𝑝𝑝𝑝𝑝𝑗𝑗5
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The sum goes from one to five, due to the number of candidates analysed. 

The total polarity and the proportional percentage of each candidate summarise into a single 
number the polarities of all the candidate's posts during the campaign period. 

To gauge the political polarization instigated by the candidates, we scrutinized the tweets shared 
by each of them. For every tweet, we determined whether the polarization was negative, positive, 
or neutral in relation to the same candidate and others. The manual labelling of tweets is a complex 
task requiring significant time investment. Defining clear rules for assigning labels is essential to 
achieve a high-quality dataset. The formulation of these rules was carefully considered in this re-
search.  To assign the polarity to each tweet, we stashed the following three criteria: 

 
1) A tweet is considered positive for a presidential candidate (including the same author of the 

post) whether: 
a) It mentions at least a positive quality of someone. 
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b) It gives merit to the ideas or proposals of someone. 
c) It is not sarcastic. 
d) It is not offensive in any way. 

2) A tweet is considered negative for a presidential candidate if: 
a) It contains at least a negative criticism of someone (or his/her proposals). 
b) It mentions negative things about someone’s past. 
c) It is offensive in some way. 

3) If a tweet is neither positive nor negative, then it is considered neutral. 
4) For each data set, about 10% (randomly chosen) of its tweets were labeled manually, as ex-

plained above.  

Due to human factors, it is possible for two labelers not to agree on the assignment of labels for a 
given tweet. To avoid ambiguities, the decision was made to employ three labelers, so the majority 
determines the final label assigned. No cases of ties were detected. To assess the agreement (the 
degree to which two or more people agree on the same observed phenomenon) among the three 
people who labeled the tweets, we applied the procedure based on the Kappa Index designed by 
Cohen and proposed in Rangel, Sidorov, and Guerra (2014).  This is as follows: the difference be-
tween the observed agreement rate and the expected agreement ratio is calculated by chance; if it is 
equal to zero, then the degree of agreement observed can be attributed entirely to chance; if the 
difference is positive, this indicates that the degree of agreement is greater than what would be ex-
pected.  The estimation of the Kappa Index was 0.82, 0.81, and 0.81 for positive, negative, and neutral 
polarities, respectively. These values are considered a good agreement among the three people who 
labeled the tweets. 

Pre-processing represents a prelude to extracting features for sentiment analysis. We imple-
mented a combination of the methods of Rangel et al. (2014) and Paredes-Valverde et al. (2017) based 
on the following steps: 

5) Convert to lowercase all the words. 
6) Remove stopwords. These are words with no significant meaning. 
7) Replace accented vowels with the corresponding unaccented vowels.  
8) Replace URL, username, and emoji with special tags URL USERNAME and EMOTICON, 

respectively.  URLs Begin with http://, and mentions to users begin with the symbol @.  To 
identify emoticons in text, we use the table in https://unicode.org/emoji/charts/full-emoji-
list.html. 

9) Remove numbers, spaces, and punctuation symbols. It has been investigated that these fac-
tors do not contribute to the identification of sentiment within tweets.  

10) Replace hashtags with the special tag HASHTAG. On Twitter, the # symbol is a way of mark-
ing something as belonging to a particular category. A category can contain one or more 
words. In the latter case, the first letter of each word is capitalized. 

11) Get rid of HTML tags that remain after applying previous steps.  These tags are between the 
symbols < and >. 

12) Apply stemming.  It consists of cutting the beginning or end of words, considering a list of 
common prefixes and suffixes that can be found in an inflected word. 
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Feature extraction is a fundamental step for generating high-performance predictive models. Alt-
hough there are several text feature extraction techniques, such as the bag of words (BoW), word 
embeddings, and others. In this research, the term frequency-inverse document frequency (TF-IDF) 
technique was chosen. This is because BoW does not consider the frequency of terms in documents, 
which generally impairs classifier performance. On the other hand, word embeddings can generate 
different representations of words, leading to non-reproducible results. An intermediate represen-
tation is TF-IDF. This score reflects the importance of a term in a specific document relative to its 
frequency across all documents in the corpus. 

We computed the TF-IDF based on the collected tweets. This statistic includes the frequency re-
versal coefficient, which measures the amount of information a word provides. Calculated using the 
following formula: 

TF-IDF(t,d,D) = TF(t,d) × IDF(t,D) 

Where: 

TF(t,d) is the Term Frequency, representing the number of times term t appears in document d. 

IDF(t,D) is the Inverse Document Frequency, calculated as log (N/(DF(t,D))) 

where N is the total number of documents in the corpus and DF(t,D) is the number of documents 
containing term t. 

Through the application of TF-IDF, each tweet is represented by a sparse vector. Following the 
tagging, pre-processing, and vectorization of the tweets, we employed machine-learning techniques 
for sentiment analysis. According to the recent literature, the most common classification methods 
for sentiment analysis are Support Vector Machine (SVM), Bayesian Classifiers, Logistic Regression, 
and recently Deep Learning Techniques (Bhowmick et al., 2009; Karthik et al., 2018; Parveen & Pan-
dey, 2016). These methods were employed for the analysis, excluding Deep Learning Techniques, 
which were not considered due to their substantial demand for labeled data.  

The grid-search technique was used to select optimal parameter values for the classifiers, which 
involves performing a brute-force search over a range of values for each parameter. 

For SVM, the best-found parameters were as follows: RBF kernel, gamma 0.01, C=10. For logistic 
regression, the best parameter value was C=2.5. For the decision tree, the split criterion was entropy, 
and the minimum number of samples per split was 2. The Naive Bayes classifier is parameter-free. 

4. Results 

This section presents the results of calculating Twitter posts' polarity of each candidate, the 
polarization generated in the political campaign, and the datasets’ classification to understand the 
political polarization between candidates.  



JeDEM Issue 16 (1): 186-212, 2024 David Valle-Cruz, et al. 

198  Creative Commons Attribution-NonCommercial 4.0 International (CC BY-NC 4.0), 2024. 

4.1. Towards a political polarization approach 

To visualize and measure the polarity exercised by each candidate, we plotted daily polarity scores 
derived from Twitter posts. The results show the polarities of tweets posted by presidential 
candidates, with AMLO and BRONCO exhibiting large fluctuations between negative and positive 
polarities. MEADE and ANAYA exhibit predominantly positive polarity, while ZAVALA exhibits 
the lowest activity (Figure 2). 

Figure 2. Posts’ polarity per candidate 
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ANAYA emerged as the candidate with the highest average positive polarity throughout the 
campaign, followed by MEADE and ZVALA. AMLO ranked fourth in positive polarity, while 
BRONCO had the lowest average positive polarity. On the negative side, AMLO gave the most neg-
ative impression, followed by BRONCO, ZAVALA, MEADE, and ANAYA. A polarity approach 
that subtracts negative polarity from positive polarity was used to measure the impact of polariza-
tion in each candidate's publications. This allows us to understand the degree of polarization exhib-
ited by each candidate, from positive to negative (Table 1). 

Table 1. Percentage proportion of polarization per candidate. 

Candidate 
Average polarity Absolute value 

(𝑝𝑝𝑝𝑝𝑝𝑝𝑗𝑗) 

Polarization 

%𝑝𝑝𝑝𝑝𝑝𝑝𝑗𝑗 Positive (𝑝𝑝𝑗𝑗
+) Negative (𝑝𝑝𝑗𝑗

−) 

BRONCO 
(𝑗𝑗 = 1) 

0.1623 -0.0517 0.2140 17.2% 

MEADE 

(𝑗𝑗 = 2) 
0.1747 -0.0284 0.2032 16.3% 

AMLO 

(𝑗𝑗 = 3) 
0.1640 -0.2059 0.3698 29.7% 

ZAVALA 

(𝑗𝑗 = 4) 
0.1661 -0.0403 0.2064 16.6% 

ANAYA 

(𝑗𝑗 = 5) 
0.2329 -0.0171 0.2410 20.1% 
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Total 1.2434 100.0% 

Source: Own elaboration 

Regarding the political polarization during the political campaign, we found that the most polar-
ising candidate on Twitter during the 2018 elections was AMLO (29.7%), in second place was 
ANAYA (20.1%), in third place BRONCO (17.2%), in fourth place ZAVALA (16.6%), and finally 
MEADE (16.3%). 

4.2. Effect of polarization on candidates 

We used four classification methods: Decision Tree, Naive Bayes, Logistic Regression, and Support 
Vector Machine to assess the effect of one candidate's polarization on other candidates. Table 2 
shows the accuracy achieved by each classification method for predicting the sentiment of the 
presidential candidate dataset. Accuracy is a commonly employed metric to report the performance 
of classifiers in this type of study. This metric is used to measure a classification model's effectiveness 
or correctness. It represents the proportion of correctly classified instances out of the evaluated 
instances. The Decision Tree classifier was considered the best for the MEADE and ANAYA datasets, 
while Naive Bayes gave the best results for the BRONCO, AMLO, and ZAVALA datasets. These 
classifiers were chosen to facilitate data analysis and polarity prediction of both the candidate's 
emotions and those directed at others. The NA values displayed in Table 2 correspond to sets 
containing few documents of one class and many of the other classes. In other words, the few tweets 
belonging to a single taxonomy do not influence other candidates.  

Table 2.  Classification Accuracy for each dataset 

DATASET METHOD BRONCO MEADE AMLO ZAVALA ANAYA 

M
EA

D
E 

Decision 
Tree* 

100% 76% 100% 100% 100% 

Naive Bayes 100% 72% 100% 100% 100% 

Logistic 
Regression 

NA NA 100% NA NA 

Support 
Vector 
Machine 

NA 72% 100% NA NA 

BR
O

N
C

O
 Decision 

Tree 
48% 100% 100% 100% 100% 

Naive Bayes* 60% 100% 100% 100% 100% 
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Logistic 
Regression 

56% 100% 100% 100% 100% 

Support 
Vector 
Machine 

56% 100% 100% 100% 100% 

A
M

LO
 

Decision 
Three 

100% 96% 68% 100% 100% 

Naive Bayes* 100% 96% 88% 100% 100% 

Logistic 
Regression 

NA NA 88% NA NA 

Support 
Vector 
Machine 

NA NA 88% NA NA 

ZA
V

A
LA

 

Decision 
Tree 

100% 100% 100% 92% 100% 

Naive Bayes* 100% 100% 100% 92% 100% 

Logistic 
Regression 

NA NA NA NA NA 

Support 
Vector 
Machine 

NA NA 100% 96% NA 

A
N

A
YA

 

Decision 
Tree 

92% 100% 96% 100% 64% 

Naive Bayes* 92% 100% 88% 100% 64% 

Logistic 
Regression 

NA NA NA NA NA 

Support 
Vector 
Machine 

92% NA 88% NA 68% 
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*Best Accuracy 

Source: own elaboration 

Table 3 shows the effect of the polarization generated by each candidate on other candidates. We 
used the Kappa index to measure the polarization estimate for each candidate. The speech by the 
AMLO candidate on Twitter was highly influential and led to significant polarization. The candidate 
ZAVALA was the worst performer, as she had the lowest level of positive polarization estimation. 
All candidates, except for MEADE, performed similarly in negative polarization; MEADE had the 
lowest negative Kappa estimation. According to our results, the most neutral speech was ANAYA. 
However, he was the candidate who most often attacked AMLO.  

Table 3.  Effect of polarization on candidates. 

Dataset 
and 
accuracy 

Effect of 
polariza
tion to 

BR
O

N
C

O
 

M
EA

D
E 

A
M

LO
 

ZA
V

A
LA

 

A
N

A
YA

 

Kappa Estimation for the 
Polarization of each candidate 

Positive Negative Neutral 

M
EA

D
E 

(1
00

%
) 

Positive 0 222 1 0 0 

0.76 0.63 0.71 
Negativ
e 

0 0 0 0 0 

Neutral 261 39 260 261 261 

BR
O

N
C

O
 

(1
00

%
) 

Positive 200 1 2 0 0 

0.63 0.73 0.77 
Negativ
e 

0 0 0 0 0 

Neutral 61 259 258 261 261 

A
M

LO
 

(>
96

%
) 

Positive 0 1 95 0 0 

0.80 0.79 0.65 
Negativ
e 

0 0 0 0 0 

Neutral 261 260 165 261 261 

ZA
V

A
LA

 

(1
00

%
) 

Positive 0 0 0 12 0 

0.52 0.75 0.63 
Negativ
e 

0 0 0 0 0 

Neutral 261 261 261 248 261 
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A
N

A
YA

 

(>
92

%
) 

Positive 0 0 0 0 238 

0.64 0.76 0.80 
Negativ
e 

8 0 5 0 0 

Neutral 252 261 256 261 22 

Source: own elaboration 

We found that, except for one dataset (ANAYA), there were not many direct attacks between 
candidates on Twitter, despite the polarising effect during the political campaign. As expected, most 
of the candidate's tweets expressed themselves positively, but these tweets influenced how voters 
perceived other candidates. These reinforced or challenged voters' existing perceptions. About the 
candidates' Twitter posts, which explicitly targeted other candidates, we only found three positive 
messages from other candidates towards AMLO and two towards MEADE. We also found eight 
negative messages from ANAYA to BRONCO and five negative messages from ANAYA to AMLO. 
Analyzing the effect of polarization on candidates, we found that the neutrality of Twitter's dis-
course predominated, but their posts generated polarization among the voters. 

5. Discussion  

Polarization and echo chambers play a key role in shaping voter behavior and influencing election 
outcomes. Understanding the impact of polarization on voting behavior and outcomes is critical to 
understanding its broader implications for democratic processes. By examining the polarization 
phenomena, it could be possible to gain insight into the mechanisms by which polarization 
influences election outcomes and democratic decision-making. This knowledge could allow us to 
assess the potential impact of polarization on the functioning of democratic systems, including 
public debate, policymaking, and the impact on the overall state of democratic institutions. 
Moreover, examining the effects of polarization can provide strategies to mitigate its negative 
impacts and promote a more inclusive and constructive policy environment. By exploring the 
complexities of polarization and how it relates to voting behavior, researchers can help promote 
informed and active civic participation, strengthen democratic norms, and improve electoral 
strategies.  

The manuscript underscores the significance of understanding polarization in politics. It reveals 
Twitter's influence on polarization and opinion formation, emphasizing the need for effective polit-
ical strategies. In this regard, this research has identified three key lessons. Firstly, sentiment analysis 
can be broadened to encompass a wider range of emotions. Secondly, these emotions can offer in-
sights into the political polarization observed in the Mexican Presidential elections, as our research 
has specifically highlighted the polarization effect among multiple candidates. Lastly, our study 
provides empirical evidence that social media platforms can be utilized to measure political polari-
zation. 
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Research results continue to support the notion of a polarizing effect on candidates, as evidenced 
by the mixed negative and positive perceptions of AMLO among voters. Despite the polarization, 
AMLO emerged as the winning candidate in the presidential election. This is consistent with previ-
ous research showing that the most dichotomous candidates often win elections (Glowacki et al., 
2018). The political polarization and echo chambers that arose during the election campaign resulted 
in fierce support within certain political factions, resulting in strong support for candidates. 

AMLO strategically used political polarization as a central aspect of its electoral strategy. While 
he succeeded in securing the unconditional support of one segment of the population, he also faced 
determined opposition from another (Hernández-Alcántara, 2019). This polarizing dynamic extends 
to social media platforms as well, with supporters vigorously defending polarized political positions 
(McLaughlin et al., 2020; Pronin et al., 2002). In contrast, other candidates, such as ANAYA and 
BRONCO, were perceived as less important and elicited a more neutral response from voters. How-
ever, AMLO adherents showed higher levels of polarization and engagement within the echo cham-
ber. AMLO's divisive election editorials likely affected voters who were undecided or lacked a firm 
ground. This influence may have contributed to his victory.  

Artificial intelligence techniques, such as machine learning and sentiment analysis, these tech-
niques can be used to analyze candidates' phrasing and determine their overall political leanings. 
This analytical approach could help to understand voter responses by determining whether candi-
dates are promoting polarization or seeking voter unity. However, ethical considerations of privacy, 
bias, and transparency are paramount when using these technologies. Establishing ethical guide-
lines for using machine learning in policy analysis and ensuring adherence to them is critical, espe-
cially in the context of emerging technologies, such as generative artificial intelligence. Besides, ma-
chine learning techniques can help predict, explain, and model physical and social phenomena. 
However, it is crucial to consider that these models may not capture the entirety of reality, as they 
do not account for other missing aspects in the data used for their calibration. 

It could be of utmost importance to recognize and understand the profound impact that polari-
zation has on voter decisions, democratic processes, and the potential consequences that arise from 
them. Equally important is the careful consideration required when integrating generative artificial 
intelligence and applications like ChatGPT into the political arena. While these technological ad-
vances offer promising opportunities to improve voter communications, refine political marketing 
strategies, and improve election proposals, they also come with risks. These risks include the poten-
tial to exacerbate polarization and facilitate the spread of misinformation. A thorough understand-
ing of these dynamics is, therefore, required to achieve a harmonious relationship between using 
artificial intelligence for political analysis and ensuring democratic processes. The impact of polari-
zation on voting decisions and democratic processes cannot be underestimated. As the polarization 
within society increases, voters tend to align themselves along ideological lines, facilitating construc-
tive dialogue and making compromises difficult to reach. This phenomenon creates an echo chamber 
where another perspective is ignored, thwarting the democratic ideal of making informed decisions 
from multiple perspectives. Moreover, polarization fosters an “us vs. them” mentality, which hin-
ders political institutions' functioning and effective governance. 
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Still, it is important to recognize the risks associated with embedding AI into the political arena. 
One such risk is the potential for polarization amplification. AI algorithms can inadvertently rein-
force existing prejudices and preferences and unintentionally perpetuate echo chambers. Moreover, 
the rapid spread of misinformation via AI-powered platforms can undermine public confidence in 
democratic processes, jeopardize electoral fairness, and distort political debate. Achieving a healthy 
democracy requires a balance between reaping the benefits of AI and maintaining the integrity of 
the democratic process. Policymakers, technologists, and society at large must prioritize transpar-
ency, accountability, and ethical standards in artificial intelligence development and deployment. 
Implementing rigorous fact-checking mechanisms, creating regulatory frameworks, and promoting 
interdisciplinary collaboration will help mitigate the risks associated with AI-generated content. In 
addition, emphasis should be placed on promoting the public's digital literacy and critical thinking 
skills to enable them to navigate complex information environments and make informed decisions 
effectively. 

Drawing from Mexico's experience, global politicians can learn diverse political strategies to in-
fluence public opinion more effectively. Positive strategies emphasizing constructive proposals and 
solutions can strengthen the emotional connection with citizens. Avoiding negative political tactics 
that foster polarization and confrontation and instead adopting a collaborative and respectful ap-
proach may contribute to a healthier public debate. However, it may not necessarily benefit them in 
electoral outcomes. Regarding neutral strategies, presenting information objectively and equitably 
promoting transparency and impartiality can build public trust by providing a more balanced view 
of issues and solutions.  However, every country has unique political conditions, and every political 
campaign has a distinct nature. It is difficult to generalize about political strategies in every case 
because this research does not specifically focus on this topic. Regardless, this research provides 
strong evidence that social media plays a significant role in promoting polarization. Combining this 
finding with the emerging field of generative artificial intelligence in political campaigns can create 
a powerful combination that can potentially influence campaigns and change how voters behave. 
This research serves as an initial warning about the potential consequences of this combination. 

6.  Conclusions, limitations, and future work 

This study explored the political polarization surrounding the 2018 Mexican presidential election by 
analyzing Twitter messages. The election showed significant political polarization on Twitter, with 
the winning candidate, AMLO, exhibiting the highest level of polarization. The findings highlight 
the influential role that social media platforms, especially Twitter, play in fostering and amplifying 
political divisions and could be useful in understanding upcoming presidential elections. However, 
while direct attacks between candidates on Twitter were rare, the impact that candidates' tweets had 
on voters' perceptions of their rivals was striking. These tweets could amplify or challenge existing 
perceptions, highlighting the potential impact of social media on the voting decisions of its users. 
Despite the prevalence of neutral narratives on Twitter, polarization still has a clear impact on voter 
divisions. 

The winning candidate could strategically use political polarization as a central element of its 
electoral strategy, successfully garnering firm support from one segment of the population while 
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facing opposition from another. This shows that polarization can be a powerful tool for electoral 
success.  The effects of polarization go beyond voter decisions and have far-reaching implications 
for the functioning of democratic processes and political institutions. Increasing polarization hinders 
effective governance by making constructive dialogue, compromise, and consideration of different 
perspectives difficult. 

Incorporating AI into the world of politics carries inherent risks, such as increased polarization 
and the spread of misinformation. Maintaining democratic principles requires introducing transpar-
ency, accountability, and robust fact-checking mechanisms. Additionally, improving the popula-
tion's digital literacy is critical to enabling individuals to navigate complex information environ-
ments and make informed decisions. Finding a balance between reaping the benefits of AI and main-
taining democratic values is critical to fostering a healthy democracy. Promoting ethical AI devel-
opment, creating regulatory frameworks, fostering interdisciplinary collaboration, and prioritizing 
digital skills are key to addressing AI's complex dynamics and risks in politics. 

The results of this research contribute to advances in sentiment analysis, machine learning, and 
political campaign research in several ways. First, we introduced a new method adapted to the Mex-
ican context, utilizing programming languages, such as Python and R, to classify and analyze the 
data using SenticNet and machine learning techniques. Additionally, we conducted individual can-
didate analysis, identifying tweets that mentioned or referenced other candidates, thereby enhanc-
ing the accuracy of sentiment analysis. Furthermore, the study demonstrates that social media dis-
course can be examined to analyze the impact of political polarization. 

Moreover, the research's focus on content and link analysis distinguishes it from other studies 
that primarily concentrate on predicting message volume, retweets, network building, and cam-
paign outcomes. One significant contribution of this research is tied to the methodology employed 
for analyzing polarity on Twitter, aiming to comprehend political polarization on social media. Sim-
ultaneously, the study furnishes evidence indicating that the most polarizing candidate stands a 
higher chance of winning the election. By delving into the behaviors of politicians on social media 
platforms, this study offers empirical evidence of political polarization within the realm of political 
contestation.  

Furthermore, our research underscores the pivotal role of social media in political contestation, 
emphasizing the necessity of evaluating its impact on shaping political narratives and mobilizing 
support. As these platforms continue to gain popularity and influence, a comprehensive assessment 
of their role becomes crucial. The empirical evidence provided by our findings advocates for further 
exploration in this domain. 

The identified limitations in this study prompt important considerations for future research en-
deavors. This research involved the analysis of Twitter data. While Twitter is not the exclusive factor 
in political polarization, its widespread use by politicians highlights its significance in reflecting di-
verse perspectives. Specifically, there is a need to delve into various dimensions of bias, encompass-
ing demographic, ideological, and cultural factors. A thorough exploration of these dimensions is 
essential to understand their potential impact on the outcomes of models designed for detecting 
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political polarization. This avenue of investigation will contribute to a more comprehensive and nu-
anced understanding of the challenges associated with bias in polarization detection models.   
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