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Abstract. Topic shifts occur naturally during conversations when a per-
son changes the subject to one different from the original. This phe-
nomenon may be extremely meaningful, being useful for modeling di-
alogues and measuring information distortion during a conversation,
among other tasks. In this work, we explore topic shifts as a metric for the
measurement of politicization during the 2024 U.S. presidential elections,
using YouTube news as a case study. We find evidence of politicization
during the studied period as over 69% of non-political videos contain at
least one political comment. This politicization increases as we get closer
to the date of the election, with videos from right-leaning channels hav-
ing over 40% of comments being political in the week of the elections. We
also identify topics relating to immigration to be the most politicized,
as commenters discuss the government’s stance on immigration, aggra-
vated by displays of xenophobia, exemplifying the dangers that come
with politicization.

Keywords: Politicization, Social Media, Election

1 Introduction

During the last decade, social media data has been a target of frequent studies
by researchers due to its ability to serve as a window to people’s behavior,
which, when combined with the ease of acquisition and abundance of such data,
has led to the research and characterization of interesting phenomena, such as
polarization [9], echo chambers [8], and filter bubbles [22].

One such phenomenon, whose study has benefited greatly from the increased
amounts of data, is politicization. Politicization occurs when a topic that is
not inherently political receives a political tone [24]. This ideological charge can
lead to manipulation and a loss of public trust in experts’ opinions. Studies on

* Equal contribution.
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politicization typically address specific topics (e.g., climate change [19], COVID-
19 [12], science [3], etc.) or rely on traditional media as their object of study,
failing to fully leverage the abundance of data generated online.

Given the risks associated with politicization and the impacts it can have
on society, this study attempts to measure and uncover how politicization takes
shape during important political events in a country. In this case, we study
the 2024 U.S. presidential elections through the lens of politicization. Unlike
most previous studies, we seek to take those measurements with a topic-agnostic
methodology to better understand the full landscape of politicization in this
context. However, as previously mentioned, commonly adopted methods in lit-
erature fail to scale to the proposed scope.

To address the aforementioned issues and provide a text-processing focused
alternative, this research explores a way to measure politicization, using so-
called topic shifts, a methodology developed to measure politicization on social
media networks [17]. Topic shifts occur when a person changes the subject mid-
conversation, potentially moving to a tangentially related or entirely unrelated
topic. This has been used in other tasks, such as identifying relevant sentences
for summarization tasks [14].

The underlying intuition behind the usage of topic shifts as an indicator of
politicization is simple. Imagine a topic that is becoming politicized. By defini-
tion, this will be a topic receiving ideological and political tones, even if it was
not originally so. Thus, for a politicized topic, given a non-political text posted
on any online platform, responses to this text will tend to be more political
compared to those on non-politicized topics, leading to more topic shifts.

In this work, we aim to understand politicization in the context of the U.S.
presidential elections through the usage of topic shifts. In particular, we seek to
answer the following questions:

RQ1: Are there evidences of politicization during the studied period?

RQ2: Are there any temporal patterns related to politicization during the
studied period?

— RQ3: How does the content creator’s political leaning influence politicization
and topic shifts?

RQ4: Which topics were the most and least politicized?

We find evidence that videos from right and, to a lesser extent, from left-
leaning news sources tended to be more susceptible to politicization than those
from center-leaning channels (RQ1). We believe that this may suggest a link
between polarization and politicization as users flock to either side. This is cor-
roborated by our analysis of temporal dynamics of topic shifts (RQ2), where
we find that videos from left and right-leaning channels tended to receive topic
shifts faster than those from the center. Additionally, we note that the right-
leaning group tended to be the most associated with politicization, especially
after Biden dropped out of the election, as seen in the peaks in the proportion
of political comments (RQ3).
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Finally, we identify the most and least politicized topics (RQ4), finding that
there is a drastic difference in the amount of political comments received de-
pending on the subject being discussed, with the most political topics having
over a quarter of their comments relating to American politics. Topics of the
so called hard-news tended to be more politicized. We see that topic shifts are
frequently accompanied by an increase in toxic behavior, such as racism, further
highlighting the raising concern over the necessity of moderating such behavior.

2 Related Works

Topic shift. The concept of topic shift, although under-explored, was intro-
duced quite some time ago as a way to find new information in a text and has
been applied to various scenarios since then. The earliest attempt at automatic
detection to the best of our knowledge was [21], who used this concept to identify
new information in online news, enabling the analysis of larger amounts of data.
Since then, the landscape of online data and computing has changed drasti-
cally, with massive amounts of data and increased computational power leading
to new ways of detecting and interpreting topic shifts. Topal et al. [23] study
the effect of this phenomenon in social media comments, specifically on Twit-
ter, suggesting that abrupt topic changes in response to posts, combined with
inflammatory comments, are detrimental to the user experience. They leverage
the knowledge of this phenomenon to propose a detection methodology based
on the discussion topic and the emotions expressed by users through comments,
which could be used to filter out undesirable comments. Their results suggest
that certain topics and emotions lead to higher occurrences of topic shifts.
Ermakova et al. [11] use topic shifts to demonstrate how true information
about COVID-19 gets distorted throughout a sequence of comments. They find
that as the topic shifts from medicine to politics and business, the information
tends to become distorted, potentially leading to misinformation.
Politicization. The vast majority of studies on politicization are conducted
qualitatively and focus on a single topic. Morten Bay [2] manually investigates
tweets related to the movie “Star Wars: The Last Jedi”, finding evidence of
politicization and Russian bot activity. Peterson and Mufioz [20] use surveys to
study the politicization of sports media, such as ESPN, over the years.
Quantitative studies, on the other hand, often limit themselves to analyzing
keywords or hashtags, capturing mentions of political entities in news or social
media. Hart et al.[12], and Chinn et al.[7] use this type of technique to study,
respectively, the politicization of COVID-19-related posts on social media and
climate change news from 1985 to 2017, finding signs of politicization correlated
with an increase in mentions of Democratic and Republican politicians in the
United States. A similar approach was used by Brown and Midberry [4] to study
the politicization of drug addiction through keyword analysis.
Some researchers have explored alternative methods to measure politicization
quantitatively. In [10], the researchers use topic modeling techniques to identify
subjects related to partisan ideology. They find that topics related to ivermectin
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Leaning Videos Comments Channels Unique Commenters

Any 21,075 9,324,489 63 3,648,739
Left 9,141 4,187,888 31 2,247,024
Center 4,229 2,495,693 12 1,130,910
Right 7,705 2,640,903 25 1,150,463

Table 1: Summary of the collected video statistics.

and other alternative COVID-19 treatments displayed more negative sentiment
in Democratic states, providing evidence of politicization.

We extend previous research by focusing on the very recent 2024 Ameri-
can elections and by analyzing the characteristics of topic-shifting comments,
deepening the understanding of this phenomenon.

3 Dataset

As politicization may manifest itself in how people react to news and other im-
portant events, we collect all videos from reliable English language news sources
using the YouTube data API V3. In total, our dataset consists of 21,075 videos
posted by 68 different channels, separated by political leaning ***, and over 9
million comments published during the period ranging from January 1 2023 to
February 23 2025. Table 1 shows a summary of the video statistics. The struc-
ture of YouTube data is helpful to our purposes as the videos set a main topic to
which the comments should respond to, making it easier to identify when users
stray away from that topic.

We employed three annotators to label independent instances of 3000 videos
and comments, which we shard into 5 different partitions to serve as train and
test data for our models. Annotation guidelines were designed to identify polit-
ical content, defined as any explicit or implicit reference to political candidates,
parties, public offices, or ideologically charged entities. We assessed inter-rater
reliability using Fleiss’ Kappa [15], obtaining a score of 0.748. According to the
interpretation scale proposed by Landis and Koch, this value indicates "substan-
tial agreement" among annotators.

4 Detecting Topic Shifts

In order to measure how topics change in the direction of politics, we must first
determine what is political. For that, we build a text based classifier that, given
a comment or a video, is able to output how likely it is to be political. As we
rely on the classifier to detect topic shifts, its performance on both categories
is pivotal. We measure this performance in terms of the video and comments’

*** https://www.allsides.com /media-bias/media-bias-chart
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F1, which equates to the harmonic mean between precision and recall, as we are
using a binary classifier.

recision - recall
F =22

precision + recall

The performance metric F1 was chosen because we want to avoid detecting
false topic shifts to politics on non-political videos (comment misclassified as
political or video misclassified as non-political), as well as detecting topic shifts
to non-politics on political videos (comment misclassified as non-political or
video misclassified as political), thus, both precision and recall are important.

We first test the two-step Positive and Unlabeled(PU) learning algorithm
proposed in [17]. The idea behind this algorithm is that it is fairly easy to have
an initial set of posts and comments that are reliably political by simply using a
set of keywords, while it is much harder to determine an initial set of non-political
text. However, by leveraging the spies PU learning technique [16], using a weaker
classifier such as naive bayes, we can obtain a set of reliably non-political pieces
of text, which we can finally combine with our initial set of positive examples in
order to train a stronger classifier (in the original paper, a XGboost [6] classifier).

For this work we use a set of keywords relevant to the U.S. presidential
elections to define the initial positive dataset. They range from specific American
political figures to general political terms’. The list was curated through manual
inspection of common political terminology in U.S. discourse, supported by prior
work [17]. Since this method does not rely on our human-labeled training data,
we use the training partitions of our manually labeled sample solely to define the
model hyperparameters in a random search setting, with the test partition being
used for evaluation, we repeat this 5 times with different test sets and aggregate
the results when reporting.

As LLMs have proven to have great performances for most text based tasks,
we also compare the results of the PU classifier with a more modern approach
using a fine-tuned RoBERTa model leveraging the textual elements of videos
and comments. For video classification, we simply use the title and description
as inputs for the model, while for comments we attempt two approaches: the
first uses solely the content of the comment for the classification, while the
second incorporates the context of the video into the prediction, truncating when
necessary. Figure 1 gives an example of the classification pipeline. The idea here
is to leverage the fact that our dataset consists of video and comment pairs, which
allows us to make use of the video title and video description when classifying
a comment. This is beneficial in the detection of more nuanced comments. For
example, the comment “I agree with this person” would be political in the context
of a video titled “Watch as the president gives his discourse” and would not if
it was posted under a video titled “We need to stop mistreating dogs”. The PU
classifier described above would treat these two comments as the same, although
the context from the video completely changes the topics to which the comments

” @ LRI

t The full list of keywords is: “trump”, “biden”, “kamala”, “vance”, “republican”, “demo-
by IN1) VX3

crat”, “party”, “election”; “debate”, “president”.
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Fine-tuned
ideo video ROBERTA
Not-Political
:
Fine-tuned
comment ROBERTA

Fig. 1: We use two fine-tuned RoBERTa classifiers. The first (top) is responsible
for classifying the video as political or non-political using its title and description
as input. The second (bottom) classifies the comment using the comment text
and the textual elements of the video as inputs, contextualizing the comment.

refer, an aspect that we wish to leverage on the RoBERTa classifier. We use a
5-fold cross validation approach and train the models for 5 epochs.

Table 2 shows the performance of either models on the political classification
task, with a 99% confidence interval. We can see that the RoBERTa classifier
outperforms the PU model when we incorporate the video context to the com-
ment prediction, while the performance without this modification is even worse
than the two-step PU classifier. To make the results more robust, we also con-
ducted an unpaired t-test aiming to ascertain if there is any statistical difference
between the two methods. We obtain the CIs —0.100 4+ 0.02 and —0.197 £+ 0.07
for the difference of means of the video and comment classifiers when compar-
ing the PU method with the LLM based method, therefore the test passes with
p < 0.01, demonstrating the superiority of the proposed approach for the task.
We believe that, despite the errors in model classification, the relatively high
classifier performance would still lead to tendencies being visible when we ana-
lyze large amounts of data.

5 Characterizing Topic Shifts

We use the best performing RoBERTa model to attribute a political or non-
political label to all comments and videos on our dataset, classifying 65% of the
comments and 60% of the videos as political. This suggests that most of the

Video F1 Comment F1

Two-step PU learning 0.812+-0.029 0.668+-0.059

RoBERTa 0.918+4--0.011 0.775+-0.089

+ Video Context N/A 0.865+-0.031
Table 2: Performance of the two-step PU learning and fine-tuned RoBERTa
model on the test set. The &+ term represents the 99% confidence interval for the
mean. The RoBERTa model far outperforms the two-step PU approach for the
English YouTube news dataset.
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(a) The cumulative distribution func-
tion (CDF) shows the proportion
of topic-shifting comments posted on
YouTube videos. We observe that ap-
proximately 80% of political videos
have no topic-shifting comments, while
around 80% of non-political videos con-
tain topic-shifting comments in more
than 80% of their total comments.

Probability

—— Left leaning
Center leaning
—— Right leaning

0‘0 0.2 04 0.6 0.8 1.0
Fraction of comments from another topic

(b) Cumulative distribution function
of the fraction of topic-shifting com-
ments posted on non-political YouTube
videos per leaning. Videos from cen-
ter leaning channels seem to be
the least susceptible to topic shifts,
closely followed by left-leaning chan-
nels, while videos from right-leaning
channels seem to suffer from it the
most.

Fig. 2: Cumulative distribution functions (CDF) for topic shifts.

news published by reputable news sources in English on YouTube relate to U.S.
politics. These 65% of political comments, however, are not restricted solely to
political videos. We estimate that 64% of the non-political videos contain at least
one political comment, which could be a sign of politicization as people start to
bring American politics into most topics.

Figure 2a illustrates the fraction of topic-shifting comments for political and
non-political videos. Political videos tend to maintain a higher topical coherence
in their discussions, with a comparatively lower incidence of comments shift-
ing to unrelated topics. This suggests that explicit political framing effectively
directs audience discourse, maintaining focus on the intended political themes.
Non-political videos, however, show a higher variability, with a considerable pro-
portion containing moderate to high fractions of political comments.

When examining how the leaning of news sources affects topic shifts, an
initial investigation reveals that videos from neutral news sources receive fewer
topic-shifting comments in general - see Figure 2b. Although the distribution
of left-leaning channels resembles that of center leaning channels more closely,
both left-leaning and right-leaning sources appear to exhibit a higher incidence
of topic-shifting comments. We hypothesize topic shifting towards politics might
be related to polarization, and thus, in the more polarized right and left-leaning
contexts, one would be more likely to observe an out of topic political comment.
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Political

Topic Representative Words Commonts Sample
Immigration Migrant, Immigration, Mexican. 47% =+ 0.3% News.“A Growing number of Chinese migrants seek asylum at U.S. Mexico border"
Politicized Comment.“Smart China, conquer US with voters instead of weapons."
Earthquakes Farthquake, Syria, Turkey. 46% + 0.9% News. ‘Shellshocked: Southwest Turkey and Syria Rocked
Again by Earthquake | Jerusalem Dateline"
Politicized Comment. “Politicians don’t have brains"
TikTok Regulation Tiktok, Ban, Regulate. 35% =+ 1.4% News. This is What TikTok Does to Your Child"
Politicized Comment."... people who make the decisions are in favor of it.
Saying that Liberals and Conservatives can come together on this doesn’t matter
when one of them wants this to continue... "
Space Spacex, Starship, Rocket. 31% + 0.4% News.“Las Vegas family that reported aliens stands by original story | Banfield"

Politicized Comment.“The footage they took was already confiscated, and the
threats they are getting are from the secret government organizations
running this technology..."

Natural Disasters Storm, Hurricane, Snowstorm. 28% =+ 0.4% News.“11 million people under flood alerts in California | WNT"

Politicized Comment.“Meanwhile USA is under attack and Biden could

care less! for alll Geoengineered?!"
Table 3: Most politicized non-political YouTube news topics. Disasters tend to
get consistently politicized, possibly due to a mix of climate activism, conspira-
cies and government blaming. The + term indicates the 99% proportion confi-

dence interval.

5.1 Politicization of Topics

After finding evidence of politicization during the studied period, the next step
is to discern which topics were more politicized. To do so, we separate the non-
political YouTube news and use BERTopics, a topic modeling technique based
on sentence embeddings with ¢-TF-IDF, to produce interpretable non-political
topics. Having obtained the topics for the published videos, we then find the
percentage of topic-shifting comments that appear on each of them to identify the
most and least politicized topics. Since the topics are highly interpretable, at this
stage we can manually exclude some uninteresting or likely to be misclassified
topics. In our case, we exclude one topic related to daily, weekly, and monthly
news, since videos from this topic tend to contain political content even if their
title or description is unrelated. An example of such video title would be “Top
U.S. & World Headlines — December 11, 2024”. In total, we identified 28 different
topics that made up the news between the years of 2023 and 2024, including
technology, crime, travel, food, natural disasters, and many others.

Table 3 and 4 show the top-5 most and least politicized topics. We find that
immigration is the most politicized topic, with upwards of 45% of the comments
on those videos being classified as relating to politics much of this politiciza-
tion traces back to foreign citizens - especially Latin American, Chinese and
Islamic people - possibly due to the consistent clashes between the Republican
and Democratic party on their stance around immigration and deportations,
with racism possibly playing a part (§5.2). The politicization of disasters such
as earthquakes, storms, floods and fires (24% political comments, not in the ta-
ble) is interesting as it appears as an intersection from many factors, including
attributing blame to governments, conspiracy theories, and climate activism,
leading to the high rate of political comments.

We also see how politicization leads to fear and distrust, with many of the
news being called fake news even when they come from reputable news sources
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. . Political
Topic Representative Words Comments Sample
Relationships Divorce, Marriage, Part. 2% + 0.5% News.“Secrets To A Successful Marriage"

Politicized Comment.“Honestly. Some comments are just nonsense. And no I'm not
leftist. I'm very much conservative. ..."

Oceangate  Titanic, Submarine, Shipwreck. 6% + 1.2% News.“T'm fearful: Submarine commander on missing Titanic vessel"
Politicized Comment.“It’s ALLL TRUMP’S Fault!
Trump will be indicted for this soon!"

Weight Dict, Obesity, Weightloss. 8% =+ 1.3% News.“Ozempic Underworld The Black Market Of Weight Loss Drugs"
Politicized Comment. “Blame your government regulations not the pharmaceutical
companies! They aren’t breaking any laws"

Automation Al Ai-powered, Robots. 8% 4 0.3% News.“How The Massive Power Draw Of Generative Al Is Overtaxing
Our Grid"
Politicized Comment.“Trump: buy Greenland, take Canada"

Economy Inflation, CPI, Recession. 9% + 0.5% News.“How The U.S. Is Stalling A R
Politicized Comment. Vot

Table 4: Least politicized non-political YouTube news topics. Notice how the
topics are more varied than the most politicized ones. The + term indicates the
99% proportion confidence interval.

in addition to conspiracy theories claiming that crimes and reports are just a
political tool to mislead the population. In fact, 14% + 1% of non-political videos
have at least one comment containing the term “fake news”.

Interestingly, some topics frequently associated to politics were not as politi-
cized during the studied period, for instance, videos related to inflation, recession
and other economic processes had only around 10% political comments. On a
manual investigation, many of the comments are actually referencing corporate
greed or suggesting solutions to these processes rather than focusing on State
policies or politicians. Automation appearing with only 8% political comments is
also surprising, especially as advances such as the Chinese deepseek have sparked
new discussions around the China-U.S. competition, leading to pronunciations
from important politicians such as D. Trump?, who said the model was a "wake-
up call" to U.S. industry. This illustrates the difficulty in studying politicization,
showing that different facets of a topic may be politicized, but they will not nec-
essarily represent the topic as a whole.

Although we show samples of politicized comments on the least politicized
topics, those are much harder to find in our actual dataset. However, they serve
to illustrate that on a more politicized context, you can find political discussion
even on unassuming topics such as relationship discussions or weight-loss tips.

As politicization is a process, it is important to understand how it varies
with time. For this reason, we explore both the speed of topic shifts (i.e. how
long it takes for a non-political video to receive its first political comment) as
well as the overall proportion of topic-shifting comments on our database. Figure
3a shows the variation in proportion of political videos posted on the database
throughout the year. It is possible to see that, especially for videos from right-
leaning channels, the proportion of political comments drastically increases after
Joe Biden drops out of the presidential race, peaking at the week of the elections.

¥ https://www.reuters.com/world /us/trump-deepseeks-ai-should-be-wakeup-call-us-
industry-2025-01-27/
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This same tendency is not observed on the left-leaning videos, whose percentage
of politic comments remained steady throughout the year, showing a small peak
after the elections, possibly due to discussions arising after Kamala’s defeat.
We further discuss the characteristics of the political discourse outside political
videos in Section 5.2.

Figure 3b shows the median time (in comments) before a topic-shifting com-
ment is posted on a video. From this figure, we can see that videos from center
leaning channels, in general, had longer periods without topic-shifting comments.
This corroborates with our hypothesis that topic shifts might be related to po-
larization, as the news channels whose views more closely aligned with the U.S.
parties, be it Democratic or Republican, tended to be topic shifted faster. Ad-
ditionally, we note that throughout most of the studied period, right-leaning
videos tended to receive topic-shifting comments faster, which, coupled with the
higher ratio of political comments during most weeks and the higher fraction of
videos with a high number of topic-shifting comments (see Figure 2b), suggests
that right-leaning content is more associated with politicized discourse.

5.2 Characteristics of topic-shifting Comments

Finally, we conduct an investigation on what is driving those topic shifts. For
this, we define Democratic leaning word set as "democrat", "Kamala", "Har-
ris", "left-wing" and Republican leaning word set as "republican", "Donald",
"Trump", "right-wing". Using the VADER [13] sentiment analyzer, we obtain
the sentiments of topic-shifting comments containing each of those sets. The idea
behind this experiment is to find which group is driving politicization: the re-
publicans or democrats. If the right-leaning groups are responsible for the topic
shifts, we expect the sentiments towards the Republican set to be positive and
Democratic set to be negative. The opposite is true for the left-leaning group.

We find that on average, topic-shifting comments are slightly more negative
than non-topic-shifting comments (t-test, p<0.001), however we find no practi-
cal differences between the sentiments of comments containing words from the
Republican or Democrat word sets. We also do not find any evidences of the
leaning of the video channel influencing the sentiment of the topic-shifting com-
ments. Thus, the hypothesis that a specific group might be more responsible for
topic shifts seems unlikely.

To further understand what issues may be fueling these changes in topic, we
analyze the toxicity of topic-shifting comments, focusing on different categories
that may be relevant for politicization. We detect toxicity using a RoOBERTa fine-
tuned model [1] chosen due to its ability to discern between the targets of hate
speech, categorizing toxic comments into six different categories: “disability”,
“racism”, “religion”, “sexism”, “sexual orientation” or “other”.

We find that topic-shifting comments are considerably more likely to be toxic
than average, with more than 3.5% of them being categorized as toxic compared
to the only 1.5% of non topic shifts. Interestingly, 85% of the topic-shifting
comments classified as toxic are racist. This is consistent with our topic analysis
findings, which indicate that many politicized topics may be traced back to the
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Fig. 3: Temporal patterns for topic shifts.

presence of foreign citizens or cultures, serving as further evidence of the possible
harms that come with politicization.

Figure 4 shows the proportion of comments belonging to each hate speech
category, divided by different time frames: before Biden drops out (until July
24, 2024), after Kamala joins the race (before November 5) and after the day of
the elections (remainder of the studied period). We find that among non-topic-
shifting comments, the amount of toxicity remained roughly the same throughout
the entire studied period. Additionally, for these comments, there was a similar
proportion of sexism and racism. However, when we look at the topic-shifting
comments we see that they are very skewed towards racism, with other kinds
of hate-speech being less prevalent than their non-topic-shifting counterparts.
Additionally, we see a considerable increase of racist comments after Kamala
joins the presidential race, possibly a reflection of the inflammatory comments
relating to her Black and Indian background.

Interestingly, besides racism and sexism, we also see a relatively high amount
of hate speech related to religion. We hypothesize that these are related to the
many ongoing conflicts related to religion, such as the Israel-Palestine war and
the controversies regarding Muslim immigrants. Consequently, religious tensions
appear to intersect notably with political discussions, potentially exacerbating
polarization within online discourse.

5.3 Semantic Polarization

To complement our classifier-based approach to politicization, we adopt a lexical-
semantic perspective using the Word Embedding Association Test (WEAT),
originally introduced in Caliskan et al. [5]. WEAT quantifies differential associa-
tions between two sets of target concepts (e.g., ideological groups) and two sets
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Fig. 4: Proportion of toxic comments per hate speech category, for different time
periods of the US elections.

of attribute words (e.g., moral valence) by computing cosine similarity-based
statistics in word embedding spaces. It provides an interpretable metric—effect
size (Cohen’s d)—and a permutation-based significance test, enabling the mea-
surement of implicit semantic biases in text corpora.

This methodological choice is motivated by prior work utilizing WEAT to
detect ideological framing in online discourse. In particular, Ottoni et al. [18]
leveraged WEAT to measure implicit associations in YouTube content, reveal-
ing meaningful semantic biases in both comment and video data from right-wing
channels. Adapting this framework to our setting, we apply WEAT to indepen-
dently trained word embedding spaces, learned using Word2Vec models built
from our data. It consists of topic-shifted and non-political comments, enabling
a comparative analysis of their respective ideological associations.

We define multiple ideologically relevant WEAT tests reflecting thematic
axes derived from our dataset topics. These axes, presented in table 5, were
constructed by analyzing lexical patterns in comments, focusing on recurrent
contrasts in group references and evaluative language across highlighted topics
of our work. We also incorporate a pretrained Word2Vec model trained on the
Google News corpus as a general-purpose semantic baseline, approximating a
neutral Wikipedia-like embedding space for comparison.

Following the results presented in figure 5, we find that topic-shifted com-
ments tend to exhibit higher semantic polarization in politically charged associ-
ations. Among the tested axes, Racism and Natural Disaster reveals a clear dis-
tinction between topic-shifted and other groups. The higher effect size observed
for the shifted group suggests that political content introduced into non-political
contexts tends to reinforce more extreme or stereotyped associations along these
semantic axes. Furthermore, the evaluative language in these associations tends
to disproportionately target the discriminated class with negative attributions.

In contrast, Immigration emerges as a persistently polarized axis across
all groups, including non-political and caption-based comments. In this sense,
immigration-related associations are deeply embedded in online discourse, inde-
pendent of whether the surrounding content is explicitly political. Wikipedia,
serving as a baseline, exhibits the expected lower effect sizes compared to our
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Group Immigration Natural Disaster Racism
Class 1 immigrant, refugee, flood, fire, black, african,
L mexican, border, earthquake, hurricane, minority, brown,
(Discriminated) X !
migrant tornado mexican
cl 2 citizen, native, government, biden, white, european,
ass . . .
. patriot, local, trump, state, american, caucasian,
(Dominant) . o L
resident politicians majority

criminal, dangerous, unavoidable, natural, criminal, dangerous,

Attributes 1 invader, illegal, random, accident, gang, violent,
enemy fate illegal
peaceful, kind, avoidable, accountable, peaceful, honest,
Attributes 2  honest, innocent, corrupt, neglect, friendly, worker,
hardworking failure neighbor

Table 5: Word sets used for each class and attribute in our Word Embedding
Association Tests (WEATS).

dataset for the Immigration and Natural Disaster axes. Its relatively high score
on the Racism axis, however, suggests that certain biased associations — par-
ticularly those involving race — may be more deeply embedded in the general
language space. This aligns with our findings of racism as an extreme and promi-
nent category within hate speech discourse, exceeding merely frequent political
targeted figures like Kamala Harris.

6 Discussion

In this work we explored the politicization of YouTube news videos during the
period leading up to the 2024 American presidential elections. Focusing on a set
of reputable English speaking news sources,we analyze over 8 million comments
published between the start of 2023 and the end of 2024. To allow for our anal-
ysis, we develop a political classifier leveraging the capabilities of a fine-tuned
RoBERTa model, achieving 0.9 and 0.86 F1 for classifying videos and comments,
respectively and use its outputs to detect political comments on non-political
videos which serve as examples of topic shift.

While YouTube is the focus of this study, it is important to consider that the
platform has unique characteristics—such as video-based content, recommen-
dation algorithms, and a specific user demographic—that may influence politi-
cization dynamics. Therefore, while the observed trends are strong on YouTube,
future work should aim to validate whether similar patterns emerge on other
social media platforms, such as Twitter, Reddit, or TikTok, which have different
content formats, audience behaviors, and moderation approaches.

We find that non-political videos frequently contain topic-shifting comments,
with over 69% of our dataset containing at least one political comment. This sug-
gests a widespread tendency of online discourse to introduce politics to unrelated
topics, often increasing in response to important political events, such as Biden
dropping out of the presidential race. These tendencies of politicization were es-
pecially prevalent among right-leaning channels, with center channels being the



14 M. S. Locatelli and M. P. Miranda et al.

Effect Sizes by Group and Test

Group L Wikipedia baseline p-value
@ shited @ NonPolitical ¢ Political A Caption @ p<005 @ 005s=p=0.10
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. Political : ® HER @
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Fig.5: Effect sizes (Cohen’s d) for WEAT tests across content groups. Shapes
indicate source type, colors denote significance levels (p-values), and the dashed
line shows the Wikipedia baseline.

least affected. This suggests that media polarization might play a role in the
phenomenon of politicization, although further studies are required to confirm
this hypothesis.

We also find that topics relating to hard news tended to be more politicized.
On our dataset, this is predominantly seen in the form of immigration related
videos, which were the most politicized topic. On manual investigation, topic-
shifting comments on those videos commonly contained a mix of xenophobia,
racism and conspiracy theories, further highlighting the dangers of politicization
as it amplifies social divisions and fuels misinformation. Complementing these
findings, we observe that topic-shifted comments encode stronger biased associ-
ations than other groups, particularly in relation to race and institutional trust,
highlighting the semantic intensity of politicization.

In conclusion, this research provides valuable insights into the mechanisms
and consequences of politicization in online discussions. As digital platforms con-
tinue to serve as primary venues for political discourse, understanding how and
why non-political topics become politicized is crucial for mitigating polarization
and fostering healthier online interactions.
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