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Abstract: Politically polarizing issues are a growing concern around the world, creating divisions
along ideological lines, which was also confirmed during the 2022 United States midterm elections.
The purpose of this study was to explore the relationship between the results of the 2022 U.S.
midterm elections and the topics that were covered during the campaign. A dataset consisting of
52,688 tweets in total was created by collecting tweets of senators, representatives and governors who
participated in the elections one month before the start of the elections. Using unsupervised machine
learning, topic modeling is built on the collected data and visualized to represent topics. Furthermore,
supervised machine learning is used to classify tweets to the corresponding political party, whereas
sentiment analysis is carried out in order to detect polarity and subjectivity. Tweets from participating
politicians, U.S. states and involved parties were found to correlate with polarizing topics. This
study hereby explored the relationship between the topics that were creating a divide between
Democrats and Republicans during their campaign and the 2022 U.S. midterm election outcomes.
This research found that polarizing topics permeated the Twitter (today known as X) campaign,
and that all elections were classified as highly subjective. In the Senate and House elections, this
classification analysis showed significant misclassification rates of 21.37% and 24.15%, respectively,
indicating that Republican tweets often aligned with traditional Democratic narratives.

Keywords: political polarization; midterm elections; data analysis; text classification; topic modeling;
sentiment analysis; machine learning; natural language processing; Twitter

1. Introduction

In today’s rapidly evolving digital age, social media platforms, particularly X (previ-
ously known as Twitter), have become formidable forces in shaping public opinion and
influencing electoral outcomes [1]. The sheer immediacy and virality of X messages have
transformed political communication, making it more direct, candid, and often confronta-
tional. But along with its potential for democratizing political discourse, X has inadvertently
provided a breeding ground for echo chambers and polarization. Challenges such as the
spread of misinformation, the blurring lines between facts and opinions, and the difficulty
in discerning genuine sentiments from orchestrated campaigns make this a critical area
of study. It is against this backdrop that this research becomes particularly relevant. By
understanding these dynamics, the authors of this paper aim to shed light on the interplay
between social media discourse and real-world political outcomes, potentially offering
insights for future electoral strategies and counter-polarization efforts.

According to Wakefield and Wakefield [2], social media platforms support the gath-
ering of like-minded users, and polarization in this context occurs when users prefer to
interact with like-minded users, which reinforces one group’s prevailing ideas and beliefs,
creating so-called echo chambers. Polarization within American politics is intensifying over
a wide range of issues. While traditional battles over the size and role of the government re-
main, sociocultural battles over religious freedom, gun control, immigration, gay marriage
and abortion have increased. Polarization is not a new phenomenon, nor is it unique to the
American political landscape; however, it is increasingly prevalent in the U.S. context [3]. X
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posts also have an impact on other media outlets, as Shapiro and Hemphill [4] note in their
research, where they demonstrated that X is a legitimate political communication platform
for elected officials that journalists consider in their media coverage. This approach can
amplify media reporting based on X posts reaching far beyond their organic scope within
the X platform, where they would otherwise only be shown to followers associated with
the X (Twitter) accounts sharing a particular tweet.

In this paper, the focus was on the 2022 United States midterm elections that were
held on November 8 with three separate elections—United States Senate elections (shorter:
Senate), United States House of Representatives elections (shorter: House) and United
States Gubernatorial elections (shorter: Gubernatorial). In the race during the Senate
elections, there was a change by one seat in favor of Democrats in Pennsylvania. Out of
a total of 435 seats, the Republican Party did take control of the House, earning a slim
majority of 222 seats, whereas the Democratic Party took 213 seats. In the race for governors,
Democrats picked up three seats—in Arizona, Maryland and Massachusetts—while losing
one seat in Nevada [5]. The vast majority of candidates from the Republican and Democratic
Party actively used the X platform to post announcements and to state political views during
their campaigns, covering various topics in their political communication to the potential
electorate. Tweets from Democratic and Republican candidates that were part of these
elections were collected and processed for this research.

The aim of this research was to detect and identify the polarizing topics on X (formerly
known as Twitter) based on a collected dataset, and by using various machine learning
(ML) and natural language processing (NLP) techniques, such as topic modeling, sentiment
analysis and text classification.

This paper is structured as follows. The introductory section highlights the motivation
for this research and provides initial information regarding the 2022 United States elections.
Related work that focuses on polarization in politics is presented in Section 2. This research
is discussed in Section 3, whereas the research methodology is described in Section 3.1.
The process of data collection together with an analysis of the collected tweets is presented
in Section 3.2. Party affiliation classification is explored in Section 3.3, whereas sentiment
analysis for each of the elections is presented and visualized by displaying the states in
Section 3.4. Topic modeling, along with the detection of polarizing topics, is analyzed in
Section 3.5, while elections topics for flipped seats are presented in Section 3.6. This study’s
findings are presented and discussed in detail in Section 4, and the conclusions are given in
Section 5, along with ideas for future research.

2. Related Work

Conover et al. [6] state that the content of political discourse on X remains highly
partisan, with many messages containing sentiments more extreme than expected in face-
to-face interactions, while the content frequently disparages identities and views associated
with users across the partisan divide.

Hong and Kim [7] note in their research the evidence of greater political polarization
on social media. They argue that this can have implications for the practice of governments’
social media use for informing citizens. Political polarization on X appears to increase with
the intensive clustering of the same content among the supporters of the parties.

The fact that politicians and political groups from many political philosophies use X
appears to exacerbate divisiveness, which was shown by Yegen et al. [8].

Osmundsen et al. [9] suggest in their findings that sharing fake news relates to the
increasingly polarized political debates in the United States, and that fake news are shaped
by offline realities. On the other hand, they also point out that reputational concerns
explain the low prevalence of fake news because of the risk associated with reputation
when sharing information from non-credible sources.

Masroor et al. [10] explored positive self-presentation in the context of creating po-
larization between “us” and “them” as an invitation “to join us”. They have carried out

a frequency distribution analysis of pronouns on X, such as “I”, “me”, “we”, “us”, “our”,
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“them”, and “they”, along with the corresponding context analysis. The pronouns that
seem to reflect positive self-presentation are observed to be “we”, “us”, and “our”. In these
tweets, they found polarization strategies of using the words “us” and “them” in order to
legitimize their in-group ideologies in comparison with the out-group and for serving their
political interests.

Research by Du and Gregory [11] shows that when similarity is based on interests
or opinions, users tend to be more strongly connected to others with similar interests,
and isolated from those with different interests or opposing viewpoints. Because of that,
contrary to previously mentioned research, they note that it may be argued that even if X
communities become more polarized over time, this might not be caused by the platform
itself. The X network may be converging over time to an underlying real-world network
which is already highly polarized. Even so, X provides mechanisms to reflect and enhance
this polarization, unlike traditional media and communication methods, which might tend
to reduce it.

Grover et al. [12] have proposed a comprehensive framework that underscores the
importance of data tracking, monitoring, and analytics in the realm of political discourse
on social media platforms, particularly X. Their methodology emphasizes the identification
and extraction of data streams that are rich in relevant content, ensuring that the collected
data have the potential for meaningful insights. The approach that they propose ensures
that researchers move from targeted data collection to deep content and sentiment analysis,
transforming vast X data into actionable and insightful information.

Flamino et al. [13] have analyzed the 2016 and 2020 U.S. presidential elections and have
stated that X users increasingly align with and share information from sources that reflect
their own beliefs while distancing themselves from opposing views. Over time, this leads to
distinct echo chambers in which users are primarily exposed to information that reinforces
their pre-existing beliefs. As this separation intensifies, it can diminish the possibility of
constructive dialogue between opposing ideological groups, further entrenching divides in
the broader society.

A similar study was carried out by Bor et al. [14], where the authors gathered tweets
from members of the U.S. House of Representatives and the Senate over a defined period
(from January 2021 to December 2022). The data included the textual content of tweets, the
posting date, and interactions such as likes and retweets. The researchers employed an
n-gram feature extraction technique to decipher the prevalent topics in the dataset. Using
sentiment analysis tools, the authors classified tweets into key policy-related terms and
examined statistical differences in sentiment across political groupings.

Perhaps the research closest to this very paper was carried out by Ausubel [15], who
analyzed X posts from House candidates in the 2018 U.S. midterm elections. The author
went over major issues during the campaigns of both parties (Republicans and Democrats)
where topics such as economy, healthcare and immigration were covered. His results
provide overwhelming evidence of political polarization, where hardly any significant
overlap of Democratic and Republican candidates was observed when covering previously
mentioned topics. In addition to polarization, the author states that even their word choices
are revealing. Namely, Democrats and Republicans oftentimes used very different terms to
refer to the same issues (e.g., Affordable Care Act (ACA) vs. Obamacare).

3. Research

This entire section presents the research, whereas the research methodology is ex-
plained along with the usage of Python libraries in Section 3.1. The processes of data
collection and analysis of the collected tweets are described with the corresponding rules
imposed on the candidates in Section 3.2. Classification of the tweets based on party affili-
ation is presented in Section 3.3. Sentiment analysis for each election with visualization
is carried out in Section 3.4. The results of topic modeling are analyzed in Section 3.5.,
whereas the detected topics for the flipped seats are discussed in Section 3.6.
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3.1. Methodology

The inherent structure of the 2022 United States midterm elections held on November
8 with three separate elections (Senate, House and Gubernatorial) required coverage and
methodologies that were repeatable across all elections. Data collection was carried out on
the X social network (formerly known as Twitter) by using the Python Tweepy library for
accessing the X API. The tweets of senators, representatives and governors who participated
in the elections were collected one month before the start of the elections, i.e., from 8 October
to 8 November 2022. Access to historical data was achieved through Academic Research
access provided by X. Party election classification was used to create a binary classification,
where each tweet was classified as Democrat or Republican by classifying its tweet content.
Multinomial Naive Bayes (MNB) was selected as a model for training and testing. MINB
belongs to the set of Naive Bayes (NB) classification algorithms and, as such, is a specialized
version of Naive Bayes. “Multinomial” in the context of MNB allows features to follow a
multinomial distribution, with multiple features/words for text classification.

One of the advantages of MNB is that it gives good results when there are not enough
data [16]. By using the TextBlob Python library, whose implementation of sentiment analysis
shows an accuracy of 89.32% according to Suanpang et al. [17], sentiment was extracted for
each election, as well as for Democrats and Republicans within those elections. The focus
of sentiment analysis was to reveal polarity and subjectivity. The polarity and subjectivity
values, as extracted using the TextBlob Python library, are standardized measures used in
sentiment analysis.

The polarity scale ranges between —1 and 1, where —1 represents an extremely nega-
tive sentiment that would include words such as “terrible”, “disgusting” and “distressing”,
whereas 1 represents an extremely positive sentiment with words such as “superb”, “excel-
lent” and “greatest”. These values are not arbitrarily chosen but are grounded in the way
TextBlob and underlying libraries measure sentiment.

Subjectivity lies between 0 and 1, where 0 means objective, and is expressed with
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words such as “house”, “work” and “community”, whereas 1 reflects extremely subjective
words, such as “shocking”, “extreme” and “pleased”. As in polarity, subjectivity values are
grounded in the way TextBlob and its underlying libraries measure sentiment.

These values are not associated with any categorical variable but rather provide
a continuous measure, allowing for finer granularity and detail in sentiment analysis.
The thresholds defined are a convention in sentiment analysis using TextBlob, ensuring
consistency and comparability across the studies that utilize this tool.

To compare the results with TextBlob, the VADER Python library was selected, as it
also utilizes a polarity scale ranging from —1 to 1. According to Bonta et al. [18], VADER
is a lexicon- and rule-based sentiment analysis tool. It uses a combination of a sentiment
lexicon, a list of lexical features which are generally labeled according to their semantic
orientation as either positive or negative. TextBlob is, according to Fadhli [19], a rule-based
sentiment analysis library that focuses on lexical content and integrates the WordNet corpus
for sentiment analysis.

Research carried out by Min and Zulkarnain [20], where experts in psychology and
human development were involved for setting up the ground truth on tweets, concluded
that VADER has a higher accuracy of 0.79% as compared to TextBlob, which has an accuracy
of 0.73%. Since VADER does not offer a subjectivity score [21], it was utilized solely for
polarity comparison purposes. Data manipulation and analysis was carried out by using
the Python Pandas open-source library. The visualization of sentiment analysis data was
carried out using the Plotly Express Python visualization library, which allows the data for
each state that was part of the election to display their corresponding value. Topic modeling
was carried out using the Gensim open-source Python library with their implementation of
Latent Dirichlet Allocation (LDA), creating a three-step process that involved the loading of
the dataset, preprocessing and topic modeling. As reported by Anwar et al. [22], the LDA
implementation via the Gensim library achieved an accuracy of 93.17%. The topic clusters
were visualized using a lollipop chart with the help of the Matplotlib Python visualization
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library. During preprocessing, the removal of stop words was achieved using the NLTK
Python library, while the general schema of this paper was visualized using the NetworkX
Python library.

According to Jelodar et al. [23], LDA is a prominent technique in topic modeling,
crucial for text mining, latent data discovery, and analyzing relationships in text documents.
It assumes that documents are generated by picking a distribution over topics and then
selecting specific words from those topics. The primary function of LDA is to identify
hidden topics in large text collections, making it a valuable tool across various fields,
including software engineering, political science, and medical research [24].

In the methodology for topic modeling, the authors of this very paper were inspired by
previous studies that have successfully leveraged LDA for analyzing large-scale social network
data and natural language processing. One particularly relevant example is a comprehensive
study on the Japanese X political field, which combined social network analysis with LDA to
decipher patterns of political polarization and community behaviors [25]. Such applications of
LDA in the domain of political science and social media research underscore its effectiveness
in capturing latent topics and revealing underlying community dynamics.

A comparable study exploring exchanges on X related to Brexit events—the UK
referendum of 2016 and the 2017 UK snap election [26]—utilized metrics such as the Gini
coefficient, retweet ratio, favorite ratio, and cross-group interactions to assess user influence
and the spread of polarizing content. Notably, their findings underscored that during times
of polarized discourse, content from influential ‘top tier” users or “influencers’ received
disproportionately increased attention, possibly shaping the narrative that way. Similar
dynamics might be observable in the U.S. context, where polarizing topics during the
midterm elections may have been driven or amplified by influential voices on X.

In comparison to the study of affective polarization following the Brexit referen-
dum [27], this very research uses Latent Dirichlet Allocation (LDA) for topic modeling
that is aimed at detecting topics and potential polarization in text-based data, while the
referenced study analyzes survey-based data focusing on people’s attitudes, perceived
identities, and biases related to Brexit. The Python library pyLDAvis was used to visualize
LDA topic models to gain relevant insights into topics. The output of this process was
topic clusters sorted by size and analyzed for all three elections. From the 10 largest topic
clusters based on each individual election, the corresponding topics were extracted and
analyzed. When observing the election outcomes, only the three largest topic clusters from
flipped states were extracted due to the small number of tweets for that particular race.

To provide a clearer and more organized overview of the Python libraries employed
for various tasks in this research, the authors have summarized them in Table 1. This table
highlights the primary function of each library and the specific task it was used for.

Table 1. Python libraries and corresponding tasks.

Python Library Primary Function Used for the Following Task
Tweepy Accessing the X API Data collection from X
NLTK Preprocessing Removal of stop words
TextBlob Sentiment Analysis Extracting the sentiment for each election
NetworkX Visualization Visualizing the general schema of the paper
Pandas Data Manipulation and Analysis Data manipulation and analysis
Plotly Express Visualization Visualizing the sentiment analysis data
Gensim Topic Modeling Implementing LDA for topic modeling
Matplotlib Visualization Visualizing the topic clusters via lollipop charts
pyLDAvis LDA Model Visualization Visual representation of the LDA topic models
VADER Sentiment Analysis Extracting the polarity for each election
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This paper’s methodology for analyzing the tweets surrounding the 2022 United States
midterm elections comprises processes that encapsulate several stages, each associated
with specific tasks and algorithms. The central goal is to understand the sentiment, to
classify the political leaning, and to visualize topics discussed during the period of elections.
In order to provide a visual grasp of the entire process, Figure 1 illustrates a flowchart
diagram for each stage, its associated tasks, and their interconnections.

Sentiment Classified

P : Visual
Raw dataset scores dataset with Topics .
of tweets for each political clusters rep::'ﬁsenta::lops
tweet leanings OGRS

Processed
dataset

e

\\

Data Data Sentiment Topic

Twitter APl — Classification

Visualization

Collection Preprocessing Analysis Modeling
Processed Processed <
dataset dataset & Sentiment scores,
; classified dataset,
ready for sentiment thbies elusters
analysis scores P

Figure 1. Flowchart diagram for each stage, its associated tasks, and their interconnections.

3.2. Data Collection and Analysis of Collected Tweets

While collecting tweets through the Python Tweepy library, some rules were imposed
on the candidates in the elections:

1. Party affiliation—only Democrats and Republicans were selected; any other party and
their tweets were excluded if they were not part of one of the two;

2. X profile—if there was no X profile, or the profile could not be verified as valid, the
candidate was excluded from the search;

3. Number of tweets—if there were no tweets in the period of one month before the start
of the elections, the profile was excluded;

4.  Candidate presence—all candidates (Republicans and Democrats) had to be present
for the state or district to be included in the search; therefore, some of the states/districts
are not present in the collected dataset.

After imposing rules on candidates to compile valid profiles, retweets and replies
were also excluded from data collection. Retweets were excluded so that only tweets that
are created by the author were collected and stored in the dataset. In addition, replies were
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excluded so as not to create a large volume of tweets that are potentially unrelated to the
original tweet topic.

After the initial data collection, the next step was data preprocessing and cleaning to
ensure the quality and relevance of the tweets for subsequent analyses. Steps that were
employed included the following;:

1. Text cleaning: given the nature of social media language, tweets were processed in or-
der to remove any URLSs, hashtags, mentions, and non-alphanumeric characters. This
step ensures that the text data are readable and devoid of unnecessary distractions.

2. Lowercasing: all tweets were converted to lowercase to maintain consistency and
avoid duplication based on case differences.

3. Stop words removal: commonly used words (e.g., “and”, “the”, “is”) that do not carry
significant meaning for text analyses were removed from the dataset.

4. Removal of duplicates: all duplicate tweets, which can skew analysis results, were
identified and removed to maintain the uniqueness of the dataset.

For the purpose of classifying the tweets of Democrats and Republicans, the annotated
dataset “Democrat Vs. Republican Tweets” [28] accessed through Kaggle was used to train
and to test the classifier.

The tweets were collected into three separate categories relating to senators, repre-
sentatives and governors with a total of 52,688 tweets. The number of tweets collected for
each election (Table 2) corresponds as expected to the size of the election, with the House
election being the largest of the three.

Table 2. Overview of collected tweets.

Senate Gubernatorial House Total
7714 8852 36,122 52,688

Each tweet posted by a candidate in the election was also associated with the political
party affiliation (Democrats or Republicans). When comparing the number of tweets by
election (Table 3), it is observable that Democrats were more active on X within all elections.

Table 3. Political party affiliation of the collected tweets.

Elections Democrats Republicans Total
Senate 4317 3397 7714
Gubernatorial 6000 2852 8852

House 20,955 15,167 36,122

Total 31,272 21,416 52,688

Retweets, replies, likes and quotes were also collected for all tweets, with Table 4
showing a large number of Twitter interactions for each election.

Table 4. Overview of the collected X interactions.

Elections Retweets Replies Likes Quotes
Senate 3,281,071 1,896,366 13,684,778 203,017
Gubernatorial 2,939,848 1,771,876 12,027,667 194,594
House 2,969,406 2,204,644 14,004,770 250,702
Total 9,190,325 5,872,886 39,717,215 648,313

For classifier training and testing, the dataset “Democrat Vs. Republican Tweets” was
used, which contains 433 unique X profiles, and each profile is associated with a party
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affiliation along with the corresponding tweets. The dataset contains a total of 86,460 tweets,
with the most recent tweets collected on 17 May 2018 from these X users. As shown in
Table 5, the corresponding dataset is well balanced between Democrats and Republicans,
which is desirable in classification tasks.

Table 5. Overview of the “Democrat Vs. Republican Tweets” dataset.

Democrats Republicans Total
42,068 44,392 86,460

3.3. Party Election Classification

Text classification is one of the most important and typical tasks in supervised machine
learning [29]. According to Dogra et al. [30], text classification is defined as assigning one
or more categories (also known as labels) to text documents according to their content
and semantics. Automation of text classification models is part of everyday life nowadays,
as it is commonly used in, e.g., spam detection, language recognition or movie review
classification [31,32].

For party election classification, MNB was chosen. MNB is especially suitable for
datasets where features have discrete frequency counts. Given that, in this context, tweets
often contain recurring words or phrases aligned with political affiliations, the frequency-
based nature of MNB makes it a suitable choice [33].

While other advanced algorithms like Support Vector Machines (SVM) or deep learning
methods like Convolutional Neural Networks (CNN) have gained traction in text classification
tasks, they often require more computational resources and intricate tuning [34,35]. Moreover,
deep learning methods especially necessitate larger datasets to effectively generalize and
avoid overfitting.

Given the dataset and the objectives of this study, selecting MNB provided an efficient
method for party election classification. The utilization of more intricate algorithms was
considered but ultimately deemed unnecessary due to the adequacy and reliability of
MNB in addressing the research objectives while maintaining computational efficiency
and simplicity.

Training and testing of the MINB model were carried out by using the data shown in
Table 4; preprocessing was performed by removing special characters and stop words and
by tokenizing each tweet. Table 6 presents the results for the MNB, where the accuracy of
the MNB model was 83.05%, precision was 90.74%, and recall was 79.87%, while the F1
score was 84.94%.

Table 6. Performance metrics of the MNB model.

Metric Value (%)
Accuracy 83.05
Precision 90.74

Recall 79.87

F1 Score 84.94

When comparing the MNB model to the SVM model (as shown in Table 7), it is
evident that the SVM model performed slightly better in terms of accuracy and F1 score.
The accuracy of the SVM model was 86.75%, its precision was 88.60%, and the recall stood
at 84.70%. The F1 score for the SVM model was 86.61%. Even with these metrics leaning
towards SVM, the MNB model is computationally less intensive compared to SVM, leading
to quicker training and prediction times. SVM model decisions are based on the likelihoods
derived from the training data, making these relatively interpretable. This enables us
to easily inspect which features (words, in the case of tweets) are most influential in
driving predictions.
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Table 7. Performance metrics of the SVM model.

Metric Value (%)
Accuracy 86.75
Precision 88.60

Recall 84.70
F1 Score 86.61

When classifying Senate election tweets, Table 8 shows a 16.81% increase when classi-
fying Democrat tweets, and a 21.37% decrease when classifying Republican tweets. These
results imply that in the Senate elections, a substantial number of tweets from Republicans
were classified as tweets from Democrats.

Table 8. Overview of the MNB classification of Senate election tweets.

Classification Democrat Senate Tweets Republican Senate Tweets
MNB classification 5043 2671
Retrieved 4317 3397
Difference +16.81% —21.37%

Based on the trained MNB classifier, for the Gubernatorial election (Table 9), an
increase of 14.06% in Republicans tweets can be observed, while Democrats have a 6.67%
decrease in the number of their tweets. This was in contrast to the Senate elections, where
there was a decrease for Republicans, while Democrats saw an increase in their number.

Table 9. Overview of the MNB classification of Gubernatorial election tweets.

Classification Democrat Gubernatorial Tweets  Republican Gubernatorial Tweets
MNB classification 5599 3253
Retrieved 6000 2852
Difference —6.67% +14.06%

For the House elections, the classification of tweets based on the MNB classifier shows
an increase in the number of tweets for the Democrats of 17.48%, while the tweets of the
Republicans recorded a decrease of 24.15% (as shown in Table 10). This was also the largest
percentage increase and decrease compared to other elections.

Table 10. Overview of the MNB classification of House election tweets.

Classification Democrat House Tweets Republican House Tweets
MNB classification 24,618 11,504
Retrieved 20,955 15,167
Difference +17.48% —24.15%

3.4. Sentiment Analysis of Elections

Sarlan et al. [36] state that sentiment analysis refers to a general method of extracting
polarity and subjectivity from semantic orientation, which refers to the strength of words and
polarity of text or phrases. In the context of sentiment analysis of elections, Chaudhry et al. [37]
note the limitations of detecting sarcasm.

In some cases, negative sentiments are classified as positive due to specific writing
styles. To address contextualized sarcasm detection on X, Bamman and Smith [38] rec-
ommend the application of tweet features to increase baseline accuracy by using word
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unigrams and bigrams to create the most indicative word unigrams and bigrams for sar-
casm. They have also shown that author features, such as historical salient terms and
historical topics, can increase the accuracy of sarcasm detection. Here, it is observable that
both approaches, based on tweet or author features, require manual work with a binary
indicator, and are not appropriate for larger datasets.

Seljan et al. [32] point out the role of n-grams, word lists and terminology extraction in
order to obtain an insight into the semantic content. Ebrahimi et al. [39] state that dealing
with sarcasm in a sentiment analysis task is an open research issue that requires more work,
especially on how to deal with sarcastic tweets in the context of training and prediction
phases. Even with all the challenges, sentiment analysis is an important part of providing
useful insights into how political conversations during major events are conducted on a
social platform like X [40].

Table 11 provides details on the conducted sentiment analysis on X for all three
elections, with an average of 0.16341 for polarity and 0.37933 for subjectivity. Sentiment
analysis has also been applied to Democrats and Republicans for the Senate (Table 12),
Gubernatorial (Table 13) and House (Table 14) elections.

Table 11. Details on the X sentiment analysis conducted (overall).

Election Polarity Subjectivity
Senate 0.14462 0.37442
Gubernatorial 0.17660 0.38769
House 0.16901 0.37588
Average 0.16341 0.37933

Table 12. Details on the X sentiment analysis conducted for the Senate elections.

Sentiment Democrats Republicans
Polarity 0.16819 0.13482
Subjectivity 0.39440 0.37827

Table 13. Details on the X sentiment analysis conducted for the Gubernatorial elections.

Sentiment Democrats Republicans
Polarity 0.18034 0.18211
Subjectivity 0.38608 0.41074

Table 14. Details on the X sentiment analysis conducted for the House elections.

Sentiment Democrats Republicans
Polarity 0.18031 0.16402
Subjectivity 0.38513 0.37740

For all elections, it is observable that subjectivity is well balanced, i.e., there are only
slight differences (Table 11). The only significant difference for subjectivity was observed in
the context of Gubernatorial elections, where the subjectivity score was the highest for all
elections. Comparing the results of party subjectivity by election, the Democrats showed
the highest subjectivity in the elections for the Senate (Table 12), while the Republicans, on
the other hand, showed the highest subjectivity in the Gubernational elections (Table 13).

The highest polarity when analyzing the differences between Democrats and Republi-
cans was observed in the Gubernational elections (Table 13). The House elections (Table 14)
showed the most balanced subjectivity between Democrats and Republicans. In contrast to
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subjectivity, Gubernational elections (Table 13) showed the most balanced polarity between
Democrats and Republicans.

For comparison with the TextBlob sentiment analysis results, VADER was used to
calculate the polarity score, as shown in Tables 15 and 16. It is worth noting that while both
tools aim to measure sentiment accurately, nuances like sarcasm, which are prevalent in
social media content, can be a challenge. As Bamman and Smith [38] highlight, sarcasm can
often be misinterpreted by sentiment analysis tools. According to Al-Shabi [41], VADER
is designed with a lexicon that accounts for certain modern colloquialisms and internet
slang terms, which might offer a slight advantage in such contexts. While there is an
evident discrepancy in the exact polarity scores between TextBlob and VADER, the general
sentiment trend remains consistent. This consistency in trends, despite the numerical
differences, reinforces the reliability of the sentiment analysis’ overarching conclusions.

Table 15. Details on the X sentiment analysis conducted via VADER for the Gubernatorial elections
(polarity scores).

Elections Polarity
House 0.23899
Gubernatorial 0.23860
Senate 0.19819

Table 16. Details on the X sentiment analysis conducted via VADER for the Gubernatorial elections
(differences between Democrats and Republicans).

Elections Democrats Republicans
Gubernatorial 0.25812 0.19752
Senate 0.20585 0.14763
House 0.23572 0.18825

From these results, it can be concluded that all three elections on X were communicated
with highly subjective tweets that were slightly positive in their sentiment.

3.4.1. Sentiment Analysis for the Senate Elections

Figure 2 provides a visual representation of average sentiment analysis values for
each U.S. state in relation to the Senate elections. The figure is bifurcated into two distinct
sections: (a) represents subjectivity scores, and (b) depicts polarity scores. Each state is
color-coded based on its respective value, with darker shades symbolizing higher averages.

In section (a), subjectivity scores across states range between 0.27 and 0.48. Washington
and North Dakota are distinctly marked with the darkest shades, indicating the highest
levels of subjectivity. In contrast, Oklahoma and Indiana have noticeably lighter shades,
pointing to the lowest subjectivity values.

Section (b) portrays the polarity values, which fluctuate between 0.04 and 0.23. Here,
Washington and Alabama stand out with the most intense coloration, suggesting they
have the highest polarity scores. On the opposite end of the spectrum, Louisiana and
Connecticut appear with more muted shades, indicating the lowest polarity. This means
that the overlap of the highest subjectivity and polarity has been observed in Washington
and can be attributed to the tense election race between Patty Murray (Democrat) and
Tiffany Smiley (Republican). Murray’s tweets focus mostly on criticizing Smiley’s views
on abortion and painting her as an extremist [42]. Republican candidate Tiffany Smiley,
a political newcomer, has focused her campaign on quality-of-life issues, urban crime,
homelessness and inflation to tarnish Murray [43].

Because of the election race that has tightened, both sides were increasing polarization,
which is observable from the results and rise in subjectivity and polarity, as shown in Figure 2.
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Figure 2. Average sentiment analysis values for the Senate elections by each state. (a) Average
subjectivity; (b) average polarity.

3.4.2. Sentiment Analysis for the Gubernatorial Elections

When analyzing Figure 3, one can observe a dual-sectioned representation that conveys
the average sentiment analysis, both in terms of subjectivity in section (a) and polarity in
section (b), for candidates in different states during the Gubernatorial elections. Every state
is represented with varying color intensities, where darker colors symbolize higher values
of either subjectivity or polarity.

L

(a) (b)

Average subjectivity Average polarity
0.5

0.3

0.35

Figure 3. Average sentiment analysis values for the Gubernatorial elections by each state. (a) Average
subjectivity; (b) average polarity.
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For section (a), the graph provides visual data on subjectivity across states, with
Alabama and Illinois emerging with darker color intensities, indicating the highest sub-
jectivity. This section elucidates the personal opinions, feelings, or emotions expressed in
the tweets by the candidates, revealing states where campaign narratives might be more
subjective and personal.

Section (b) represents the polarity values of the states, and, here, Illinois and Connecti-
cut are highlighted with the most intense colors, signifying high levels of polarity. This
section manifests the extent of opinionated or biased statements, reflecting the states where
campaign messages are likely more charged or polarized, potentially due to contentious
issues or competitive races. Overlapping of the highest subjectivity and polarity for the
election race in Alabama is seen between Kay Ivey (Republican) and Yolanda Flowers
(Democrat). Kay Ivey raised USD 6.6 million for the elections in 2022, with large sums
going toward media buys owned by Ohio-based Flexpoint Media, amounting to USD
936,294 during the month of March alone [44].

Kay Ivey’s subjectivity and high polarity can be seen from her tweets, in which she
sided with Donald Trump in denying the legitimacy of the 2020 presidential election.
Elliott [45] quotes a political ad on X where Kay Ivey says: “The fake news, big tech
and blue-state liberals stole the election from President Trump. But here in Alabama,
we’re making sure that never happens”. On the other hand, Yolanda Flowers attacked
her rival over gun control, telling her that she is not acting like a responsible leader, in
response to Kay Ivey stating that she carries a cellphone and lipstick in her purse, as well as
her revolver.

On her campaign platform, Flowers advocated raising the legal age for gun purchases
from 18 to 21, and improving background checks for gun buyers [46]. According to Padala
and Conrad [47] gun control when used within a political debate exhibits a unique ability
to be divisive compared to other issues, making it central to understanding how polarized
political opinions operate in the Trump era.

3.4.3. Sentiment Analysis for the House Elections

Figure 4 represents a graphical illustration of the average sentiment analysis values
for the House elections, where each state is depicted with variable color shades correlating
to the subjectivity and polarity values within the tweets collected. Section (a) portrays the
average subjectivity, while section (b) portrays the average polarity, with darker shades
corresponding to higher values in each.

In section (a), the visualization denotes that New Mexico and Maryland manifest the
highest subjectivity, symbolized by intensified coloration. This part of the figure allows for
an analytical observation of where the discussion is mainly reflective of personal feelings,
viewpoints, or emotions, indicative of the personalized and emotionally charged nature of
the campaigns in these states.

Section (b) provides a visual insight into the states” polarity levels, with Idaho and
Ilinois exhibiting the darkest shades, denoting the highest polarity values. Polarity gives
insight into the nature of the content—whether it leans more towards a positive or negative
sentiment. States with higher polarity indicate strong opinions and potentially divisive
content in the candidates’ tweets. The high subjectivity for New Mexico can most probably
be attributed to the tight race between Gabe Vasquez (Democrat) and Yvette Herrell (Re-
publican) in the 2nd congressional district election, where Democrats won by a margin of
1224 votes [48]. During this campaign, the Republican candidate used political ads outside
X attacking Gabe Vasquez with a 30 s spot that said: “Vasquez would kill 62,000 New
Mexico oil and gas jobs.” [49].

This ad was designed not only to damage Vasquez’s public image, but also to create
polarization by implying that his past as a conservationist with a track record of working
with Senator Martin Heinrich, who is a big proponent of renewable energy, could hurt New
Mexico’s future business and economy in the long run [50].
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Figure 4. Average sentiment analysis values for the House elections by each state. (a) Average
subjectivity; (b) average polarity.

3.5. Topic Modeling for the Elections

For topic modeling, the Gensim open-source Python library was used, more specifically
the LdaModel class, in order to extract topics from a large dataset of collected tweets. Topic
modeling is a popular text mining technique used to extract topics for a given corpus,
and is applicable to various domains. The Latent Dirichlet Allocation (LDA) algorithm
considers each tweet as a collection of topics, and each topic as a collection of keywords. In
this context, topics are a collection of prominent words with the highest probability for a
given topic. LDA is nowadays implemented in various domains, such as for semantic topic
analysis of patents [51], for scientific content analysis of citations [52], for stock market
impact detection [53], for job sentiment analysis [54], financial industry [55], etc.

Before extracting the topics, three steps (see Figure 5) were introduced to increase the
relevance of the detected topics.

Loading of the dataset Preprocessing Topic modeling

- stop words removal

- loading of the corresponding I o
election and party = (BT e - creation of the LDA model
- creation of unigrams,
- loading of tweets as a list bigrams and trigrams - visualization of the LDA model

of strings - lowercasing

Figure 5. Topic modeling process.

The topic modeling process included the following three steps:

1.  Loading of the dataset:
Loading of the corresponding election and party: this was achieved by loading the
collected tweets into a Pandas DataFrame.

Columns corresponding to individual election and party tweets were selected from
the DataFrame;
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import pandas as pd
df = pd.read_excel(“house_tweets.xIsx”, usecols = [“author_id”, “state”,

v

“party”, “tweet_text”])

Loading of tweets as a list of strings: this step is an auxiliary step for more efficient
preprocessing because manipulating a native Python list is much easier than manipu-
lating a Pandas DataFrame object. This can be achieved by iterating over a DataFrame
object, selecting the column with the tweet text and appending it to a Python list;

tweets_list =[]
def append_tweets(tweet):
global tweets_list
tweets_list.append(tweet)
return tweet
df[“tweets”] = np.vectorize(append_tweets)(df[“tweet_text"])

2. Preprocessing:

Stop words removal: the removal of very common words is achieved by downloading
a list of 179 words via NLTK. Some of the stop words are “I”, “me”, “my”, “so”,
“and”, “the”, she”, “in”, etc. Also, since tweets can have a link in them, the links were

removed by removing every word starting with http;

stop_words = set(stopwords.words(“english”))
def remove_stopwords(data):
output_array=[]
for sentence in data:
temp_list=[]
for word in sentence.split():
if not word.startswith(“http”) and word not in stop_words:
temp_list.append(word)
output_array.append(’ “join(temp_list))
return output_array

Lemmatization: is achieved by using the spacy.load() function,. The function itself
also allowed for the filtering of POS tags, where only “NOUN”, “AD]”, “VERB” and
“ADV” were specified to be used in lemmatization;

def lemmatization(texts, allowed_postags=[“NOUN”", “AD]”, “VERB”, “ADV"]):
nlp = spacyload(“en_core_web_sm”, disable=[“parser”, “ner”])
texts_out =[]
for text in texts:
doc = nlp(text)
new_text =[]
for token in doc:
if token.pos_ in allowed_postags:
new_text.append(token.lemma_)
final = “ “ join(new_text)
texts_out.append(final)
return (texts_out)

Creation of unigrams, bigrams and trigrams: this step was achieved by using the
gensim.models.Phrases class. Creating n-grams of up to three words is an important
part of topic modeling, as topics can be expected to span across multiple words, e.g.,
words such as “New York”, “political campaign”, “Department of Labor”, etc.;

bigram_phrases = gensim.models.Phrases(data_words, min_count=5, threshold=50)
trigram_phrases = gensim.models.Phrases(bigram_phrases[data_words], threshold=50)
data_bigrams = make_bigrams(data_words)

data_bigrams_trigrams = make_trigrams(data_bigrams)

Lowercasing: converting the text of tweets to lowercase was achieved by using the
Python method lower();
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text = text.lower()

3. Topic modeling

Creation of the LDA model: the LdaModel class from the Gensim library was used to
create the model. Unigrams, bigrams and trigrams were passed to the class, with the
number of topics being 10. This number was based on the coherence score and model
interpretability. To maintain the comprehensibility of this paper, the authors of this
paper used 10 topics as it provided a balance between granularity and clarity;

id2word = corpora.Dictionary(data_bigrams_trigrams)
texts = data_bigrams_trigrams
corpus = [id2word.doc2bow(text) for text in texts]
def get_lda_model(corpus, id2word):
return LdaModel(corpus=corpus, id2word=id2word, num_topics=10,
random_state=100, update_every=1, chunksize=100,
passes=10, alpha="auto”)

Visualization of the LDA model: for visualization of the LDA model, the pyLDAvis
library was used, where the previously created LDA model was passed as a parameter.
The output of the pyLDAuvis library is an html page that is saved to a disk and can be
opened with a web browser locally.

def visualise_model(Ilda_model, corpus, id2word, mds, R):
vis = pyLDAvis.gensim_models.prepare(lda_model, corpus, id2word, mds=mds, R=R)
pyLDAvis.save_html(vis, ‘lda.html’)

The LDA topic modeling results were collected from each election by selecting 10
extracted topics and retrieving the three most relevant words related to that cluster by
interacting with the pyLDAvis html output. All results are ordered by importance
(size) with related words, which can be observed in the later sections of this paper.

3.5.1. Polarizing Topics

Abramowitz and McCoy [56] state that one of the most important developments in
public opinion over the past 30 years has been the rise in affective polarization. Democrats
and Republicans are increasingly divided, not only in their policy preferences, but also in
their feelings about the parties and their leaders. Baker et al. [57] note that based on the
Nominal Three-Step Estimation (NOMINATE) scaling method, which assesses ideological
locations of voting behavior, the ideological gap between Democrats and Republicans has
been widening since the 1960s.

Gentzkow [58] shows a dramatic increase in the polarization debate since the mid-
twentieth century (Figure 6). Social media and political campaigns [59] amplify polarization
not only in the context of elections, but also through an easy reach to potentially millions
of people who can access real-time tweets or video interviews of any politician posting
such content. Esteve et al. [60] state that social platforms might cause radicalization and
polarization by limiting exposure to the opinions of like-minded people. In doing so, they
can seriously threaten an essential prerequisite for democracy in which one’s ideas are not
challenged with the ideas of those who think differently.

Figure 6 presents data from the Google Books Ngram Viewer on the total number
of books containing polarization-related phrases divided by the total number of books
containing one of the following phrases: “Republican(s)” or “Democrat(s)”. Some of the

v

polarization-related phrases chosen by Gentzkow are “ideological polarization”, “political
polarization”, “polarized congress”, “polarized house”, “polarized senate”, etc. The nor-
malized count of books containing a polarization-related phrase shows a dramatic increase

in the discussion of polarization from 1960 to 1990.
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Figure 6. Normalized count of books containing a polarization-related phrase divided by one of the
phrases: “Republican(s)” or “Democrat(s)”, according to the Google Books Ngram Viewer.

3.5.2. Topics in the Senate Elections

Theriault and Rohde [61] state that the growth of party polarization in the Senate can
be also explained through a process started by previous Republican senators who were
in the House after 1978 (also known as “Gingrich Senators”). The overall growth in party
polarization in the Senate since the early 1970s can be explained by these Republican sena-
tors. Party polarization as a process can undermine democratic processes by entrenching
the electorate in its bloc through the use of polarizing topics. Detecting such topics on X
in this context becomes fundamental to understanding the polarization within the Senate
elections race.

By extrapolating the subjectivity score of topics imposed by Republicans and Democrats
(Table 12) using TextBlob, it can be seen that subjectivity is higher for Republican tweets
(0.7 compared to 0.55), implying that Republicans tend to use topics that are more subjective
compared to the topics of Democrats. Polarization within the Senate is particularly prob-
lematic because the Senate is not subject to redistricting. Specifically, states are increasingly
more likely than ever to elect two senators from the same party [62].

When analyzing the topics from the Senate elections (Table 12), it can be seen that the
most important clusters of topics for election as a whole are the same as for the Republican
Senate topics with the exception of the order of community and family, where in the
Republican topics, family has a greater importance. For Democrats, the most important
topics are related to challenging the Republican majority in the Senate, with topics such as
fight, state and help, while Republicans present conservative values with topics such as
work, family and community. Party polarization in the Senate is also related to economic
factors, where the third largest topic cluster on the Republicans’ side is related to gas,
inflation and skyrocket, while on the Democrats’ side, the third largest topic cluster is
related to want, stand, believe. The economic factors that Republicans are so highly
concerned with in the Senate elections show that economic insecurities are a prominent
focus, with topics such as gas, inflation and skyrocket, which are related to income and
living standards.

According to Garand [63], changes in the average state income are significantly related
to the polarization of parties in the Senate. Abramowitz [64] states that there is a mutually
reinforcing relationship between polarization in the Senate and polarization in the electorate.
At the same time, increasing polarization within the electorate served to deepen the division
between Democrats and Republicans in the Senate. When analyzing Figure 7, it can be
observed that Democrats and Republicans have large differences in their priorities when
covering topics such as economy and security.
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Topic Clusters Importance from Senate elections
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Figure 7. Overview of the top 10 topic clusters from the Senate elections; importance of 1 denotes the
most important topic cluster, while 10 denotes the least important topic cluster.

Economy is the eighth largest topic cluster for the Democrats, while it is ranked third
for the Republicans, as stated earlier. Security is the fifth and seventh largest topic cluster
for the Democrats, and eighth for the Republicans. Even when talking about the same
topic of security, there are differences, with Democrats being more focused on law and
community security, which can be interpreted in local (private) terms, while Republicans
are more focused on state security related to drugs and crime.

Democrats” emphasis on law and community security could be a reflection of their
focus on community cohesion, while Republicans stressing state security related to drugs
and crime might accentuate their stand on stricter law enforcement and border controls. It
is plausible that the term “security” has been parsed into multiple subtopics, each treated
separately, leading to its varied representation. A more granular linguistic analysis could
clarify the subtle shifts in the semantic usage of “security” and its related terms across
different electoral contexts and party lines.

Both Democrats and Republicans employ specific narratives that resonate most with
their respective electorates. For instance, while Republicans, as evidenced by their higher
subjectivity scores, may employ more emotive or evocative language, Democrats seem to
concentrate on more policy-driven discourses. This differential approach highlights distinct
communication strategies, aiming to influence their base and sway undecided voters. As a
result, while each side has its influential narratives, the degree of influence often depends
on the receptivity of the community.

3.5.3. Topics in the Gubernatorial Elections

Party polarization in the context of the Gubernatorial elections is not necessarily easy to
measure, as when governors operate in the federal arena, they do not have the opportunity
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to demonstrate their position in these ways. They are partners in the government, yet
observers in the federal legislative process itself [65].

The level of polarization in the legislature is also negatively correlated with Guber-
natorial success, because as polarization increases, legislation becomes more difficult to
pass. If the state legislature belongs to a different party than the governor’s party, then
there is little reason to support the executive’s political agenda [66]. While the extent of
Gubernatorial authority varies from state to state, governors generally have authority over
the budget, including the line-item veto power that plays a significant role in determining
how resources are allocated. Additionally, governors have the opportunity to mobilize
public opinion, and can propose political initiatives [67].

In Figure 8, it can be seen that the topic clusters for the Gubernatorial elections are
mostly related to the state (local) level of government, where topics such as investment,
business, tax, education, security, etc., permeate the campaigns of both parties. In contrast
to topics related to party affiliation, general topics from the Gubernatorial elections are
focused on the elections themselves with topics such as vote, election, candidate, which was
the largest general topic cluster. The most prevalent topic among Democrats is investment,
while, among Republicans, the focus is on leadership. Democrats also have a greater focus
on women’s reproductive rights and healthcare; on the other hand, Republicans have a
greater focus on education and the cost of energy.

Topic Clusters Importance from Gubernatorial elections
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Figure 8. Overview of the top 10 topic clusters from the Gubernatorial elections; importance of
1 denotes the most important topic cluster, while 10 denotes the least important topic cluster.

Security is the lowest rated topic in both parties; Democrats focus on general security
related to protection and health, while Republicans use more polarizing topics such as
victims, rape, prison, etc., to cover security topics. According to Carpenter et al. [68],
governors overwhelmingly defined education according to its economic purpose more
than any other, both overall and in annual comparisons.
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3.5.4. Topics in the House Elections

Unlike Senate and Gubernational elections, House elections are held within electoral
districts drawn through redistricting. This is an important issue because as districts become
more polarized and the probability of defeating an incumbent approaches zero, there are
serious consequences for democracy and representation [69].

Redistricting is not equally spread with respect to the population of the states; for
example, each of Alabama’s seven congressional districts after the 2010 United States
census had a population of either 682,819 or 682,820, while all Massachusetts districts had
a population of 727,514 or 727,515 [70]. During the 1990 redistricting cycle, the U.S. Depart-
ment of Justice adopted an interpretation of Section 5 that required covered jurisdictions to
draw the largest number of majority—minority districts possible. To protect Section 5, the
Supreme Court created an “exit strategy” that allowed mapmakers to argue that when race
and party are strongly correlated, it was party, not race, that was the predominant motive
in the creation of a majority—minority district [71].

When covering the results in Figure 9, the largest cluster of topics from both parties
relates to general voting topics such as voter, change, election and win. The largest general
topic clusters from the House elections, taken as a whole regardless of party affiliation,
were related to family and community values, followed by economy:.
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Figure 9. Overview of the top 10 topic clusters from the House elections; importance of 1 denotes the
most important topic cluster, while 10 denotes the least important topic cluster.

For Republicans, the second largest topic cluster is related to family values with topics
such as family, home and kid, while for Democrats, the second largest topic cluster is
related to community values such as gratitude, friendship and sharing. Other important
topic clusters for Republicans are related to national security, with a focus on border, nation,
safety, war, drug and cartel-related topics. Democrats, on the other hand, are more focused
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in their topic clusters on internal problems such as policy, community, women, healthcare,
students, schools and bills.

3.5.5. Topic Analysis and Mitigation of Political Polarization

The Senate elections revealed clear priorities and focal points for Republicans and
Democrats. For instance, economic concerns were more pronounced for Republicans, while
security topics had different angles for both parties. Emotionally engaging topics such as
drug and abortion where primarily used by Republicans. This understanding underlines
the importance of how emotions and sentiments are intertwined with polarization.

The Gubernatorial elections exhibited a focus on state or local issues, whereas the
House elections, especially on the Republican side, leaned into national topics such as
border security. This suggests that polarization may manifest differently depending on the
scale of politics (local vs. national). A deeper understanding of how local issues influence
polarization could offer strategies for bridging divides at different political levels.

The House elections highlighted the impact of redistricting. This practice shapes
electoral outcomes and influences the sort of topics and issues politicians focus on. The
manipulation of electoral boundaries could be exacerbating polarization. Understanding
this relationship can lead to reforms in redistricting practices to ensure better representation
and reduce polarizing tactics.

The emphasis on different topics within each party can inform researchers about the
intensity and nature of polarization on those specific issues. Knowledge of topics important
to the electorate could help in formulating policies that reflect a balanced view, potentially
reducing the sharpness of political divisions. By identifying overlapping concerns or
shared values between the parties, strategies for bipartisan cooperation and dialogue can
be formulated and encouraged.

3.6. Election Topics from Flipped Seats

For the relationship between topics and elections outcomes, flipped seats were ana-
lyzed, meaning that a seat within Senate, Gubernatorial or House elections should change
party from Republican to Democratic and vice versa. When observing the outcomes of the
elections, only the three largest topic clusters based on LDA were considered due to the
volume and information value of individual tweets that were posted during the campaign.

3.6.1. Outcomes of the Senate and Gubernatorial Elections

For the Senate election, Pennsylvania was the only state to switch parties, with Demo-
cratic candidate John Fetterman defeating Republican candidate Mehmet Oz. The general
topic clusters from this election race (sorted by size) focused on community values (help,
work and protect), affordability (policy, energy, afford), and family values (community,
family, job). The Democratic candidate was more focused on topics of community values,
while on the Republican side, the focus was on affordability, especially inflation and po-
tential crisis. The Democratic candidate also showed a heavy focus on veterans, while the
Republican candidate focused on drug-related topics.

In the Gubernatorial elections, four seats were flipped, with one Republican gain in
Nevada and three Democratic gains in Arizona, Maryland and Massachusetts. Arizona
and Nevada were not included in this research because their respective candidates had
no tweets in the month before the election on their X profile. Gubernatorial topics in
Maryland were related to community values (together, community, gratitude), family
values (partner, support, child) and general campaigning (vote, join, win). The Republican
candidate and Democratic candidate were equally focused on community values, with
the Democratic candidate focusing more on general campaigning, while the Republican
candidate focused more on family values. Topic clusters for Massachusetts show topics
related to general campaigning (debate, campaign, vote), personal finance (salary, raise,
receive) and economics (job, bankrupt, business). Democrats and Republicans were equally
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focused on campaigning topics, with Democrat showing greater interest in the economy
and Republicans in personal finance.

The topic modeling approach that the authors of this paper adopted enabled us to
discern the salient themes in the candidates” discourse, which effectively acted as proxies
for their campaign priorities. Analyzing these topics provides a holistic understanding of
the political currents at play during the election cycle.

The Senate election in Pennsylvania offers an illustrative example of the broader
electoral dynamics at play in 2022. The Democratic candidate’s focus on community values,
particularly highlighting the significance of veterans, reflects a strategic decision to anchor
the campaign in societal foundations and the sacrifices of service members. Conversely, the
Republican’s emphasis on affordability and the looming specter of inflation aligns with the
national mood of economic anxiety, capitalizing on prevalent concerns about rising costs.

In the Gubernatorial races, the dynamics were even more multifaceted. The con-
vergence of both parties on community values in Maryland, for instance, underscores a
shared understanding of voters” priorities in the state. Yet, the Democratic candidate’s
accentuation of campaign themes and the Republican’s tilt towards family issues hints at
subtle differences in their outreach strategies and voter targeting.

3.6.2. Outcomes of the House Elections

When observing the outcomes of the House elections, due to the large number of
congressional seats (435 in total), there were 24 flipped competitive seats: 16 were flipped
by Republicans, and 8 by Democrats [72]. Full election statistics are published and main-
tained by the clerk of the United States House of Representatives, and are available on-
line: https:/ /history.house.gov/Institution/Election-Statistics/ (accessed on 3 June 2023).
Within this research, two flipped seats from Democrats and two from Republicans based
on their geographical distance with intent to cover different parts of U.S. were selected to
show the differences in topic clusters in each party. New York’s 3rd and Arizona’s 2nd
congressional district were selected for the Republican flip. Democratic flips were observed
in Ohio’s 1st and Washington’s 3rd congressional district. In New York’s 3rd congressional
district, the largest topic clusters were related to community values (community, friend,
family), law enforcement (criminal, convict, illegal) and the cost of living (cost, energy,
support). The Democrat’s topics were more related to community values, while the cost
of living was the focus of the Republican candidate. In both cases, law enforcement had a
lower priority, with the Republicans giving it more importance than the Democrats. Ari-
zona’s 2nd congressional district resulted in topic clusters that were related to community
values (community, support, gratitude), general campaigning (debate, discuss, question)
and healthcare (funding, staff, health). Democratic topic clusters were more related to
community values and healthcare, while the Republicans were focused on general cam-
paigning with mentions of inflation and crime. Ohio’s 1st congressional district shows
the largest topic clusters related to general campaigning (vote, support, ballot), the cost of
living (inflation, cost, support) and law enforcement (police, judge, crime). The republicans
were mostly focused on the cost of living and law enforcement, while the Democrats were
focused on general campaigning topics. Washington’s 3rd congressional district shows the
largest topic cluster related to general campaigning (vote, ballot, political), time urgency
(tomorrow, today, tonight) and family values (family, work, support). The Democrats fo-
cused on general campaigning topics, while the Republicans focused more on the urgency
of the moment. Topics related to family values had the lowest priority for both parties in
this race.

Each selected district illustrates the diversification in thematic priorities and strategic
focus between the parties, manifesting through distinct emphases on community values,
economic concerns, law enforcement, and campaign-centric discourses. The distinctive
representation of these thematic clusters delineates the contrasting narrative structures and
strategic alignments of the candidates within their respective party ideologies.
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New York’s 3rd district’s emphasis on community values reveals a constituency
seeking unity and collective identity. This was perhaps a response to a larger narrative of
division and discord that dominated national politics. The focus on law enforcement and
the cost of living, albeit to varying degrees between the two parties, underscores the local
challenges and concerns that the electorate deemed paramount.

In contrast, the prominence of community values and healthcare in the discourse
from Arizona’s 2nd district mirrors a constituency more concerned with well-being and
community welfare. The emphasis on general campaigning by Republicans might be
indicative of a more grassroots-oriented campaign approach, attempting to engage a
wider demographic.

The analysis of the Ohio and Washington districts further accentuates the diverse
thematic preferences across different regions. It provides invaluable insights into the
local challenges, priorities, and the specific sociopolitical dynamics that influenced the
campaigns and possibly the election outcomes in these regions.

4. Research Results and Discussion

Democrats were more active in all elections with significantly more tweets, 31,272 com-
pared to 21,416. While there was a notable difference in tweet activity between Democrats
and Republicans, it is essential to consider the broader socio-political context during the
2022 elections. Factors such as party strategies, key events, and campaign focal points might
have influenced the X activity and should be explored further. The biggest difference was
observed in the Gubernatorial elections, during which Democrats published 6000 tweets
compared to 2852 Republican tweets. The evident disparity in tweet volumes during the
Gubernatorial elections prompts questions about campaign strategies. Were Democrats
actively leveraging X as a platform to engage with a younger audience, or did Republicans
shift their attention to other communication channels? All in all, the elections were slightly
positive with an average polarity of 0.16341 and highly subjective with an average score of
0.37944. The sentiment scores provide a snapshot of the prevailing emotions and attitudes
during the election cycle. Delving deeper, one can analyze whether external events, policy
announcements, or significant campaign milestones influenced these sentiment scores.
Classification of tweets based on their content showed that within the Senate and House
elections, over 20% of Republican tweets were classified as Democrat tweets, while for the
Gubernatorial elections, 6.67% of Democrat tweets were classified as Republican tweets.
The classification discrepancies, where a significant portion of Republican tweets were
classified as Democrat and vice versa, highlight the complexities of political narratives. This
blurring of party lines suggests that topics and narratives, while rooted in party ideology,
often transcend party boundaries due to the dynamic nature of the political landscape. The
Senate elections showed polarization based on major conflicting topics where Democrats’
call to action for the Senate revolved around topics such as fight, state and help, while
Republicans were represented with conservative values, such as work, family and com-
munity. Priorities in economy and security for the Senate elections show a wide difference
where the economy is the third biggest topic cluster for Republicans, compared to eighth
for Democrats, and security is the fifth and seventh largest topic cluster for Democrats
and eighth for Republicans. Within the Gubernatorial elections, the main topic clusters of
both parties were mostly related to local topics including investments, tax and education.
Differences in the Gubernatorial elections were observed for women'’s reproductive rights,
where Democrats had a greater focus, while Republicans, on the other hand, had a greater
focus on the cost of energy. For the House elections, general campaigning topics made
up the largest topic cluster with topics such as voter, change, election and win. When
observing other topics, there was a sharp divide with the second largest topic cluster for
Republicans, which was related to family values (family, home, kid), while for Democrats,
the second largest topic cluster was related to community values (gratitude, friendship
and sharing). In other topic clusters, Democrats were focused on national security (bor-
der, nation and cartel), while Democrats were much more focused on internal problems



Information 2023, 14, 609

24 of 28

(policy, healthcare, schools). The authors” observation of polarized topics illuminates the
ever-evolving strategy of political campaigns. The shifting priorities based on regional
concerns, national narratives, and global contexts underscore the multifaceted nature of
political discourse. Across these interactions, it is evident that while both sides occasionally
touched on similar broad topics, their framing, emphasis, and proposed solutions often
diverged significantly. The ongoing engagement and counter-engagement in these tweets
not only highlight the depth of current party polarization, but also underscore how each
side’s narrative is shaped, in part, by its interactions with the other.

Evans et al. [73], in their research on House candidates on X in the two months
before the 2012 elections, also show results that reflect a higher number of tweets for
Democrats than Republicans in House elections. Comparing their research to this one, it is
observable that in the 10 years after the 2012 elections, the gap has widened significantly,
with Democrats publishing 27.62% more tweets in the 2022 House elections compared to
just 3.57% in 2012. The high subjectivity that was observed through sentiment analysis in
all elections can be attributed, as noted by Just [74], to people’s political orientations and
behavior, which are more strongly shaped by their subjective rather than objective political
environment.

5. Conclusions and Future Work

The aim of this paper was to uncover polarizing topics between Democrats and Re-
publicans during their X campaign for the 2022 United States midterm elections. This
research was based on 52,688 tweets sent by Republican and Democratic candidates. Using
sentiment analysis, classification and topic modeling, the authors presented clear polarizing
topics that permeated the elections. The results of the sentiment analysis show that commu-
nication during the X campaign was conducted with high subjectivity with an average score
of 0.37944 and in a slightly positive way with an average polarity of 0.16341. Democrats
displayed greater polarity and subjectivity in the Senate and House elections, while, on
the other hand, Republicans showed greater polarity and subjectivity in the Gubernational
elections. The Gubernatorial elections were also the elections with the highest subjectivity
and polarity compared to other elections. This trend can be observed for the Senate election
race between Patty Murray (Democrat) and Tiffany Smiley (Republican) in Washington,
which had the highest overlap of subjectivity and polarity in the Senate elections, where
the Democratic candidate won the election. For the Gubernatorial election race, the high-
est overlap of subjectivity and polarity was scored between Kay Ivey (Republican) and
Yolanda Flowers (Democrat) in Alabama, where the Republican candidate won the election.
For the House elections, there was no overlap of subjectivity and polarity. The highest
subjectivity for the House elections was observed between Gabe Vasquez (Democrat) and
Yvette Herrell (Republican) in the 2nd congressional district election in New Mexico, where
the Democratic candidate won the election. The only place where a general sentiment trend
of the corresponding party was not observed was for the House elections, with the highest
polarity in Idaho, where the Republican candidates won both seats.

The results of the party classification analysis show that for the Senate and House
elections, over 20% of tweets from Republicans were classified as tweets from Democrats.
Within the Gubernational elections, there was a slight increase in Republicans tweets,
by 6.67%. These results show that within the elections for the Senate and the House,
Republicans tend to take over the narrative of Democrats, while in the Gubernational
elections, Democrats take over statements from Republicans. Adopting the opposing
party’s narrative reflects the competitive nature of elections and the constant efforts of
parties to position themselves favorably in the eyes of voters.

The results of topic modeling show that, for each election, Democrats and Republicans
focused their priorities on different topics, which, combined with high subjectivity, can
create an election environment conducive to polarization. Within the Senate elections, the
biggest topics for Republicans were local topics related to family and community, while
for Democrats, the most important topics were related to a call to action related to fight
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and help. The largest Gubernatorial topics were related to the state (local) level, with major
difference between Democrats, who were focused on investment, while Republicans were
focused on leadership. Within the House elections, the largest topics for both Democrats
and Republicans were related to general topics of voting and elections, while other topics
such as national security were more of a focus for Democrats, while Republicans focused
more on community topics.

The topics of the Senate elections that flipped Pennsylvania to Democrats were related
to community values, as opposed to the Republican candidate, who was more focused
on the cost of living. The Gubernatorial election topics in Maryland, which switched to
the Democratic side, were related to general campaigning (Democrats) and family values
(Republicans). For Massachusetts, the flip to Democrats in the Gubernatorial elections
showed a focus on the economy (Democrats) and personal finances (Republicans). Topics
of the House elections in New York’s 3rd congressional district, where a flip was observed,
showed that the Republicans focused on topics related to the cost of living, while the
Democrats were more focused on community values. The swing to Democrats in the House
elections was observed in Ohio’s 1st congressional district, where the Democrats focused
on general campaigning topics, while the Republicans focused on the cost of living.

High subjectivity was observed for all elections where polarizing topics were created.
Topics such as elections, the cost of living, jobs, gas, future, etc., are used by candidates as
a platform to promote their agenda and to create a polarized voting bloc based on these
topics. This trend has been particularly evident with the questioning of the legitimacy of
the 2020 presidential election in the Alabama Gubernatorial election race. Fears of potential
job losses by transitioning to renewable energy were also used as a polarizing topic for the
House election in New Mexico. Party lines are blurred in all three elections, with each party
taking over the narrative for the other, and this is especially evident on the Republican side,
where a significant number of tweets were classified as Democratic within the Senate and
House elections. Topics that have been part of the campaign and their prioritization show
a deep entrenchment within the political dialog in the U.S., where common topics are rare,
and when they occur, they tend to have a vastly different priority during campaigning.

On the basis of this work, it is possible to apply the methodology of this research to
previous U.S. elections, as well as to future U.S. elections, so that polarizing topics can
be observed over a longer period of time. Time series for sentiment analysis and party
classification, as well as for emerging and trending topics, can be plotted for each day
leading up to election day to show campaign dynamics. Future research could, for instance,
explore other social platforms and not just X because some of the candidates did not have
an X account or were not active on X during the 2022 United States elections. Transcribing
the political video advertising of each candidate, as well as those of their respective party,
should also be considered. Such research could contribute to a better understanding of
candidates” topics and communication due to potentially longer messages, as these are
limited to 280 characters on X.

In light of the advancements with multi-level granulation embeddings for text in-
formation extraction [75], further research could explore the integration of deep learning
models to enhance extraction precision. Exploring its scalability and efficacy in areas with
vast textual content, like social media platforms, might uncover new potential uses. Further
studies are needed to find polarizing topics from historical data based on previous elections
to establish causal relationships over a longer time span.
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