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Abstract

The growing popularity of social media has coincided with a massive number of real-
world issues and crises that are controversial and polarizing. Recent issues such as Russo-
Ukrainian and Israeli-Palestinian conflicts, alongside classic issues such as abortion-ban
and gun-control, have raised heated debates offline and online. Throughout the past
two decades, Computational Social Scientists have been introducing methods of modeling
and measuring online polarization and radicalization. Yet, most of the proposed methods
rely on traditional tools such as graph analysis and classic NLP models. These tools are
accompanied by limitations in terms of scalability, granularity, and availability of data
(e.g., follow network is no longer publicly available on Twitter).

Fortunately, in the past few years, thanks to the invention of the transformers archi-
tecture, the world has witnessed massive breakthroughs in the field of Natural Language
Processing (NLP). Especially, Large Language Models (LLMs) have grasped the atten-
tion of both public and scientific communities. These breakthroughs have also created
unprecedented opportunities for advancing classic techniques in various domains of Com-
putational Social Sciences, including polarization detection and opinion mining.

This thesis aims to propose novel approaches using state-of-the-art NLP techniques to
model and track polarization on social media. It introduces a scalable method for quan-
tifying echo chambers with sentence transformers, revealing asymmetries in discourse
diversity across political ideologies. Furthermore, it applies LLMs to analyze the content
of cross-partisan interactions, showing that cross-party engagement does not necessarily
lead to productive discourse. The thesis also investigates radicalization in gender-based
communities and compares the spread of radical content across platforms like Reddit
and Discord. Lastly, it addresses the limitations of existing language models in detecting
stance polarity by fine-tuning a sentence transformer to become stance-aware, enabling
more accurate detection of opposing viewpoints on similar topics. Together, these contri-
butions offer Computational Social Scientists new tools for understanding polarization,
radicalization, and bias in online environments.
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1 Introduction

The everyday-increasing popularity of social media platforms is transforming the land-
scape of public political discourse. Some scholars believe that the diverse and populated
nature of social media can enhance democratic discourse by providing spaces for varied
political conversations and access to a wide range of information [9]. This exposure to
diverse perspectives has the potential to reduce polarization among users.

Empirical studies have also been performed to support the claim that social media
has a positive role in depolarization. For instance, a study tracking Twitter posts from
media outlets over three years found that the language used in tweets can significantly
influence the political diversity of the audience engaging with the content. By developing
a tool to help journalists craft tweets that appeal to a more politically diverse audience,
researchers were able to reduce the engagement gap between left- and right-leaning users
by an average of 20.3% in experimental trials [10].

Yet, there is abundant literature with less optimistic points of view about social me-
dia’s role in polarization, claiming that in most cases social media leads to the creation
of echo chambers that actually foster more polarization [11]. An echo chamber can be
described as a setting in which people’s existing beliefs and opinions are amplified and
reinforced through repeated interactions with others who share similar viewpoints and
predispositions [12]. If that is also the case for social media platforms, it would conse-
quentially mean that this constant exposure to like-minded people pushes moderate users
toward the ends of the political ideology spectrum, fostering polarization.

Furthermore, online polarization, that is defined as the division of online communi-
ties into distinct opposing groups, has been linked to the radicalization of opinions and
spread of misinformation [13]. The social harms associated with polarization have pushed
computational social scientists to not only propose methods for measuring and modeling
online polarization [14, 15], but also develop strategies to mitigate it [16, 17].

On the other hand, the recent ground-breaking advances in the field of Natural Lan-
guage Processing (NLP), such as transformers and Large Language Models (LLMs), have
unlocked unique and unprecedented opportunities for computational social scientists to
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improve the granularity and accuracy of text-based social media analysis tasks.
When it comes to measuring polarization, previous methods rely heavily either on

graph analyses or classic NLP approaches. A common theme of this Ph.D. thesis in almost
all the chapters is that they all use state-of-the-art NLP tools to propose novel NLP-driven
approaches for either directly modeling certain types of polarization (Chapters 4, 5, and 6)
or providing fundamental building blocks (Chapter 9) for opinion mining and polarization
detection.

1.1. Motivation & Goals

Online polarization has proven to cause undesirable effects such as exacerbating mis-
information, radicalization, and promoting violent and harmful content. Thus, the ability
to detect and measure polarization is essential not only for understanding these dynamics
but also for enabling strategies to address its potential harms. According to the Global
Risks Report 2024 by the World Economic Forum1, polarization is ranked as the third top
concern for 2024, highlighting its significant societal impact alongside other critical global
challenges. Including such statistics reinforces the importance of addressing polarization
in modern discourse.

The rapidly evolving nature of social media data requires measurements that satisfy
requirements such as scalability, generalizability, holism, granularity, and availability of
data. In the following, we will elaborate on each of the requirements.
Scalability in the context of polarization analysis is the model’s ability to efficiently
handle and analyze the vast, dynamic data generated daily on social media platforms.
The rapid increase in the enormous amount of generated social network data makes scal-
ability a trivial essence of every social network analysis method. The use of sentence
transformers as fundamental building blocks of analyses in Chapters 4 and Chapter 8
(Section 8.6) are some of the initial attempts of this thesis toward scalability (in Sec-
tion 2.2.1.4 we elaborate how sentence transformers provide computational efficiency).
Later, in Chapter 9 we empower sentence transformers with stance awareness for the task
of computationally-efficient opinion mining which is our biggest step toward the scalability
of modeling online polarization. Next to the use of sentence transformers, the unsuper-
vised WEAT-based building block of the sexism detection model proposed in Chapter 6
is another effective idea to reduce the supervision/annotation workload for a generalized
polarization detection model, also contributing to scalability.
Generalizability: There is a rapid everyday increase both in the variety of online social
media platforms and in the variety of polarizing topics. Each platform has its own style
and culture for content generation and each controversial topic has its separate use of
terms and discourse. This variety requires models that can generalize effectively across

1https://www3.weforum.org/docs/WEF_The_Global_Risks_Report_2024.pdf

https://www3.weforum.org/docs/WEF_The_Global_Risks_Report_2024.pdf
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diverse data sources. Case-study styles of models, such as NLP models that rely on
predefined sets of topic-specific keywords and hashtags generated in specific platforms,
fail to generalize to new topics. Throughout the development of every measurement
approach in this thesis, the generalizability of the approaches has been one of our main
priorities.

Specifically, the use of transformer architecture in Chapter 4 for modeling the ideol-
ogy of users removes the reliance on keyword-based topic-dependent approaches. For
instance, some previous approaches have looked into the use of left- (right-) leaning hash-
tags (e.g. #AbortionIsHealthcare and #AbortionIsMurder) to decide whether a user is
a Democrat or Republican. Some others have looked into the affiliation of references a
user has made to certain political sources to infer their ideology. The generalizability of
these measurements is, of course, questionable as politically charged keywords, hashtags,
and sources vary time-wise, topic-wise, and platform-wise. Our approach does not suffer
from the same limitations as the entire context of user-generated content is embedded
by transformers in an unsupervised fashion. Moreover, in Chapter 6 we explain how by
changing the target words, the sexism detection model can be generalized to measure
other sorts of polarization in a corpus. Importantly, none of the approaches in any chap-
ter of this thesis are confined to case studies. As we elaborate throughout the chapters,
our proposed approaches are replicable for various sorts of research questions in the same
domain.
Holism and Granularity: Comprehensive polarization measurement is essential for en-
abling moderators and policymakers to track shifts in polarization levels over time, facil-
itating timely interventions when polarization intensifies. High-level measurements allow
these stakeholders to understand the broader trends and adapt their strategies accord-
ingly. However, because social issues are inherently complex, a granular analysis is equally
necessary to expose the nuanced dynamics, contributing factors, and underlying causes
that drive polarization. Chapters 4 and 6 address this by providing holistic assessments of
polarization across different domains and topics, establishing a baseline understanding. In
contrast, Chapter 5 explores polarization at a finer level through LLM-aided annotations,
investigating the details of cross-partisan interactions to reveal the specific conditions and
conversational patterns that drive polarization. By combining both holistic and granular
perspectives, this work aims to provide a fuller, more actionable view of polarization for
a range of applications in policy and moderation.
Availability of Data is a critical challenge in computational social science, as increas-
ingly restrictive privacy policies on social media limit access to user data. Many traditional
methods, which rely on private or proprietary data, have become less viable due to these
changes. For example, polarization and echo chamber quantification methods proposed
by Barbera et al. and Garimella et al. heavily rely on Twitter follow networks [15, 18, 19].
However, since Elon Musk’s restructuring of Twitter, users’ follower and following lists
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are no longer fully accessible, posing a significant obstacle to this type of analysis. This
thesis addresses such limitations by developing models that work effectively with publicly
available datasets only, relying solely on openly shared user-generated text data (e.g.,
tweets, and Reddit comments) across all chapters. This approach provides a sustainable
solution to polarization analysis that is adaptable even as privacy policies continue to
evolve.

Furthermore, next to proposing measurements that satisfy the mentioned require-
ments, the identification of contributing factors to the generation of polarized and
radical content is another motivation of this work. Chapter 7 partially addresses this
curiosity by investigating the role of social media platform in generation of toxic content.

In summary, this thesis aims to address critical gaps in polarization measurement on
social media by developing scalable, generalizable, and holistic approaches that prioritize
publicly available data and enable detailed, nuanced analysis. By balancing broad insights
with granular details, these models provide a foundation for understanding and mitigating
online polarization under ever-changing platform conditions and privacy regulations. This
work not only provides robust measurement tools but also contributes insights into the
underlying factors that drive polarization across different social platforms.

1.2. Research Scope

This thesis is organized into three main parts: the first focuses on quantifying echo
chambers which is one of the fundamental causes of online polarization. The second part
discusses cases where extreme polarization leads to radicalization. The third part of the
thesis addresses the limitations within language models concerning polarization detection
and enhances them to perform better in the task.

1.2.1. Polarization and Echo Chambers

In Part I, we explore the mechanisms through which echo chambers contribute to
polarization, particularly in online discussions. We developed a novel method based on
sentence transformers for measuring the degree of echo chamber effect and polarization
in different online topics (Chapter 4). This method is both computationally efficient and
unsupervised, allowing for scalable analysis of large datasets across multiple topics.

Our findings reveal important insights for the computational social science commu-
nity. We observed asymmetries in discourse diversity between political stances, where
Democratic-leaning users exhibited greater discourse diversity than Republican-leaning
users. This aligns with prior studies suggesting that right-wing online communities tend
to be more ideologically homogenous. Moreover, we inferred that the “War on Ukraine”
topic, as a case of foreign conflict, is less polarized than other US domestic controversial
topics in the analysis; namely “gun control” and “Roe v. Wade”.
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In Chapter 5, we expand on the investigation by examining the content of Cross-
Partisan Interactions (CPI). A key question we investigate is whether the more diverse
discourse seen among Democratic-leaning users leads to more productive conversations
across ideological divides. Using LLMs as annotation tools, we analyzed the sentiments
and stances in both partisan and cross-partisan interactions. Interestingly, although
Democrats are more likely than Republicans to engage in cross-partisan discussions, their
interactions with opposing viewpoints tend to be more negative. This suggests that de-
spite higher rates of engagement across party lines, CPI may not necessarily foster more
constructive dialogue. Our findings highlight the need for more research into the nature
and quality of cross-partisan interactions in highly polarized environments.

1.2.2. Radicalization

In Part II, we turn to the more extreme end of polarization, focusing on radicalization
in online communities. As polarization intensifies, it can lead to the development of radical
views and even hostile behavior. In Chapter 6, we examine gender-based polarization
and toxicity, introducing a method that combines the unsupervised Word Embedding
Association Test (WEAT) with semi-supervised text classification. This methodology
was applied to online communities such as r/TheRedPill and r/MGTOW, where we found
significant gender-based toxicity directed towards women. Notably, we also observed that
a women-only dating forum, r/FemaleDatingStrategy, exhibited toxicity toward both men
and women, highlighting that polarization and hostility can manifest in unexpected ways
across gender lines.

We also explore the role of different social media platforms in the generation of toxic
content (Chapter 7). Our findings suggest that chat-based platforms like Discord may
be more conducive to the growth of toxic content compared to post-based platforms like
Reddit, due to the nature of real-time interactions and less stringent moderation policies.
This work underscores the importance of platform design in shaping the dynamics of
online radicalization.

1.2.3. Biases in Language Models and Stance-Aware NLP

In Part III, we examine the intersection of language models and polarization, focusing
on both the biases embedded within these models and their potential utility for detecting
polarization in online debates.

In Chapter 8, we explore the sociopolitical and economic biases of Large Language
Model (LLM)s, such as ChatGPT, when handling controversial topics. We observe a
notable moderation policy in ChatGPT’s responses, particularly in its economic stances,
where it leaned toward a centrist perspective. On sociopolitical issues, however, the model
exhibits a slight libertarian bias. Furthermore, we compare ChatGPT’s performance with
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humans on controversial topics and found that, except for philosophical domains, the
model performs comparably to human experts. These findings are critical for under-
standing the potential influence of LLMs on public discourse and the ways in which their
inherent biases may shape conversations on contentious issues.

A significant limitation of existing language models is their inability to detect stance
differences in topically similar but oppositional statements. Both LLM-based vectorizers
and sentence transformers typically convert such statements into spatially similar em-
beddings, despite their starkly contrasting stances. To address this, in Chapter 9, we
fine-tune a pretrained sentence transformer to be stance-aware. This allows for the dif-
ferentiation of opposing stances on similar topics by creating embeddings that reflect the
stance, rather than just the topic. We demonstrate how this stance-aware model can
be applied to social network analysis, enabling computational social scientists to detect
users’ stances on controversial issues more effectively and efficiently.

1.3. Thesis Contribution

This thesis makes methodological contributions to the study of polarization, radical-
ization, and bias in online platforms. As a byproduct of applying the methods, we also
derive insightful sociopolitical findings from the results of the applications. Method-
ologically, we introduce novel approaches for leveraging sentence transformers, LLMs, and
stance-aware models in the field of computational social science. Furthermore, we apply
these tools to real-world data, shedding light on how polarization develops, how radical-
ization spreads, and how language models themselves may play a role in these dynamics.
These contributions are particularly timely, given the increasing societal and political im-
pact of online interactions and the ever-growing use of NLP technologies in moderating
and shaping these interactions.

We can summarize a breakdown of the specific contributions as follows:

Quantification of Echo Chambers using Transformer Models (Chap-
ter 4): In the first part of this thesis, a novel transformer-based metric is introduced
to quantify the echo chamber effect in online communities. This unsupervised, com-
putationally efficient model incorporates user diversity and separability to measure
polarization, and is applied to multiple controversial topics, offering insights into
the relationship between echo chambers and polarization.

Analysis of Cross-Partisan Interactions (Chapter 5): This thesis also
investigates cross-partisan interactions on social media, focusing on the conditions
under which these interactions lead to either healthy dialogue or toxic discourse. By
identifying the factors that foster productive cross-partisan exchanges, this research
highlights potential avenues for reducing polarization in digital spaces.
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Holistic Indicator of Online Sexism (Chapter 6): A new model is pro-
posed for measuring online sexism in gender discourse communities, which combines
supervised NLP methods for detecting toxicity with unsupervised techniques to au-
tomatically identify the targets of harmful speech. This approach provides a flexible
framework that can be extended to measure other forms of polarization beyond sex-
ism.

Cross-Platform Comparison of Toxicity (Chapter 7): In Chapter 7,
a detailed comparative analysis of toxicity across different platforms (e.g., Reddit
and Discord) is conducted. This research reveals that platform-specific cultures and
moderation practices significantly influence the level and type of toxicity, providing
practical recommendations for improving platform moderation.

Bias in Large Language Models (Chapter 8): The thesis further explores
biases in large language models such as ChatGPT when dealing with controver-
sial topics (Chapter 8). It compares AI-generated answers with human-generated
responses, uncovering socio-political and economic biases and suggesting ways to
improve LLM moderation.

Stance-Aware Sentence Transformers for Opinion Mining (Chap-
ter 9): In the final part, we enhance sentence transformers to recognize opposing
stances in online debates is introduced (Chapter 9). This technique significantly im-
proves opinion-mining tasks, making it a valuable tool for detecting and analyzing
polarized stances in social media discourse.

Together, these contributions represent a comprehensive approach to understanding
and addressing online polarization, radicalization, and bias through state-of-the-art NLP
techniques. By advancing both theoretical understanding and practical tools, this thesis
aims to provide a solid foundation for future research in this critical area of computational
social science.

1.4. Ethical Considerations

We complied with academic ethical standards in this thesis to ensure the protection
of individual privacy and responsible handling of data.

Some of the data utilized in this thesis comes primarily from publicly available sources,
such as social media platforms. This includes data of subreddits’ posts in Chapter 6,
Twitter data in Chapters 5 and 4, and media bias datasets (AllSides2 and MediaBias-
FactCheck3) used in Chapters 4 and 8.

2https://www.allsides.com/media-bias
3https://mediabiasfactcheck.com/

https://www.allsides.com/media-bias
https://mediabiasfactcheck.com/
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However, there were also social media datasets that were scraped with the help of
our collaborators using common scraping tools and libraries. This includes the dataset
of Kialo4 platform that was used extensively in Chapters 8 and 9 and Discord dataset
in Chapter 7 was collected by our collaborators in the University of Surrey, UK with
the approval of their Institutional Review Board (IRB), ensuring that the study met the
necessary ethical guidelines.

Moreover, we excluded any personally identifiable information from the data we pro-
cessed. We also extended this exclusion to the analysis phase. None of the analyses
throughout the thesis focuses on any of the personal level information of the users. In-
stead, the analyses make use of the generated texts to either make a holistic inference of
the corpus (e.g. Chapter 6) or for training NLP models (i.e. Chapters 8 and 9).

Furthermore, we do not publicly share the raw data we collected to protect user
privacy. However, anonymized datasets and our methods will be made available solely for
research purposes upon request, allowing other researchers to replicate our findings while
maintaining ethical standards.

The ultimate goal of this research is to assist social scientists, online moderators,
and policymakers in understanding and mitigating online polarization and radicalization.
By providing a quantified analysis of the echo chamber effect and other forms of online
polarization, we hope to contribute to the development of more informed and effective
interventions. Our tools and methodologies will be open-sourced to facilitate further
research in this area while maintaining the privacy and anonymity of individuals.

4https://www.kialo.com/

https://www.kialo.com/


2 Preliminaries

This chapter presents the essential concepts and core methods that form the basis of
this thesis. We begin by examining key social network theories, covering topics such as
polarization, radicalization, and echo chambers. Next, we explore the primary Natural
Language Processing (NLP) techniques utilized in our study, including methods for cre-
ating, analyzing, and categorizing text representations, as well as strategies for adapting
pre-trained models. Lastly, we outline the datasets used for our empirical research, which
are sourced from three social media platforms: Twitter, Reddit, and Kialo.

2.1. Social Networks Concepts

In this section, we introduce the core social network concepts that underpin the anal-
ysis of online behavior and communication dynamics in this thesis. These concepts,
including polarization, radicalization, and echo chambers, are central to understanding
how social media platforms influence user interactions and contribute to the dissemination
of extremist ideologies or divisive viewpoints.

2.1.1. Polarization

The term polarization refers to the growth of ideological separation in a community
[20]; an effect which can also manifest itself in online environments (e.g. Twitter) [21].
It is argued by the previous literature that the algorithmic curation of social networks,
namely its recommender system, may exacerbate the intensity of ideological polarization.
The main supportive argument for that is that, on every topic of interest, the users on
social media are more likely to be exposed to their own beliefs rather than the alternative
narrative [15].

9
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2.1.2. Radicalization

Radicalization refers to the growing tendencies of actors in adopting extreme political,
social, or religious ideologies, often leading to justifications for violence or other forms of
extremism. In online environments, the same echo chamber effect that causes polarization,
may also cause radicalization in extreme scenarios. Social media platforms serve as both
echo chambers and recruitment grounds for extremist movements, allowing radical ideas
to spread quickly and unchecked.

2.1.3. Echo Chambers

Echo Chambers play a significant role in both fueling and reflecting the increasing
polarization of political discourse around the world. An echo chamber refers to a setting
in which users repeatedly engage with others who share similar views and attitudes,
leading to the continuous reinforcement of their ideas [22, 12].

Social media platforms provide an ideal environment for these repeated interactions,
which contribute to the formation of echo chambers [11]. Furthermore, the personalized
content delivery systems employed by social media platforms often expose users primarily
to information that aligns with their preexisting beliefs [23, 24]. This phenomenon, linked
to confirmation bias [25], results in users receiving content that validates their views, while
selective exposure [26] shields them from encountering differing opinions.

A key factor behind the development of echo chambers on social media is the inter-
action between algorithm-driven content recommendations and user-driven sharing [21].
While algorithms significantly influence what users see, content curation by users, through
sharing and reposting, amplifies specific viewpoints and reinforces existing biases. This
feedback loop further isolates users within their ideological bubbles, making it increas-
ingly important to understand these mechanisms and explore strategies for fostering more
diverse and inclusive online discussions.

Echo chambers can limit the exchange of diverse ideas, stifling open dialogue and
critical thinking [27]. By restricting exposure to opposing viewpoints, they create en-
vironments of intolerance, where individuals become more rigid in their beliefs and less
willing to consider alternative perspectives [28]. This intellectual isolation undermines
the development of critical thinking skills and reduces the capacity for constructive en-
gagement in debate.

Moreover, echo chambers exacerbate the spread of misinformation, posing a threat
to public discourse and informed decision-making. In these closed networks, false or
misleading information can spread unchecked, gaining credibility without being chal-
lenged [29, 30, 31, 32, 33, 34]. This can have serious real-world consequences, influencing
individual behavior and decision-making in harmful ways. The COVID-19 pandemic
highlighted the dangers of echo chambers, as misinformation about vaccines and health
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precautions fueled public distrust in government and mainstream media efforts to manage
the crisis [35].

2.2. Natural Language Processing Concepts

In this section, we outline key NLP techniques essential for understanding the compu-
tational models and methods used throughout this thesis. We begin with the techniques
for generating text representations, followed by methods for processing these representa-
tions, and then cover classification tasks, with a focus on toxicity detection and prompt
engineering. Finally, we discuss advanced techniques for fine-tuning models using con-
trastive learning and parameter-efficient approaches.

2.2.1. Generating Text Representations

Text representations are critical for transforming raw text data into numerical formats
that machine learning models can process. In the following, we briefly introduce several
standard methods for generating these representations.

2.2.1.1. Bag of Words (BoW)

The Bag of Words (BoW) model is a simple yet foundational technique in NLP. In
BoW, a text is represented as a set of word counts, where each word’s frequency in the
document serves as a feature. This method disregards word order and semantics, making
it less suitable for tasks that require contextual understanding.

2.2.1.2. TF-IDF

Term Frequency Inverse Document Frequency (TF-IDF) improves upon BoW by tak-
ing into account the rarity of words across the corpus. While common words like “the” or
“and” are down-weighted, terms that are frequent in a specific document but rare in the
overall corpus receive higher importance. This method provides a better representation
of a document’s unique content but still lacks contextual sensitivity.

2.2.1.3. Word Embeddings

When inputting the words/token of a piece of text to a neural network, we need
a numerical representation of each word to make it understandable to the model. An
inefficient approach is to map each token to a sparse n-dimensional one-hot encoded
vector where each of the n elements represents a token in a dictionary of n number of
tokens. However, the problem with this type of representing the words/token is that it
utterly lacks any understanding of the semantic relationships between the words. For
instance, the words “dog” and “cat” are as irrelevant to each other as the words “dog”
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and “desk”, although the former pairs are more relevant as they are both representing a
certain animal.

Word embedding algorithms are the common solutions to this limitation as they pro-
duce dense vectors for a token in which semantic relevance of the tokens are preserved.
A classic example is that in word embedding vectors: m⃗an − ⃗woman = ⃗king − ⃗queen

There are two common techniques used for generating word embeddings. Continuous
Bag of Words (CBOW) creates self-supervised task of predicting a word in an n-gram
using the words surrounding it (Figure 2.1a) while in SkipGram the task is to predict the
surrounding words (Figure 2.1b). After full training on a corpus, the embedding for each
word is retrieved from the hidden state of the neural network used for the training.

(a) CBOW (b) SkipGram

Figure 2.1: Word embedding architectures [7]

2.2.1.4. Sentence Transformers

Sentence Transformers extend the vectoral representations to short pieces of texts
where similar (dissimilar) pieces of text have spatially close (far) vectors. This makes
them a very computationally efficient tool for tasks such as text-clustering, semantic
search, retrieval augmented generation (RAG) for LLMs, etc.

In Chapters 8, 4, and 9 we employ a state-of-the-art1 pretrained sentence transformer
model called (all-mpnet-base-v2 )2 from Hugging Face.3 This model is designed to con-
vert sentences and brief paragraphs into 768-dimensional dense vectors, preserving the

1https://www.sbert.net/docs/pretrained_models.html
2https://huggingface.co/sentence-transformers/all-mpnet-base-v2
3https://huggingface.co/

https://www.sbert.net/docs/pretrained_models.html
https://huggingface.co/sentence-transformers/all-mpnet-base-v2
https://huggingface.co/
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semantic essence of the text. Having only 111M parameters and a light-weight of 420MB,
make it a computationally efficient model for large-scale computational social science
tasks compared to alternative LLM-based text embedders.4

Yet, all sentence transformers suffer from a fundamental limitation: If two statements
are topically similar, but stance-wise opposite, sentence transformers will still convert
them into spatially close vectors. For instance, the controversial statements: “I love
pineapple on pizza” and “I hate pineapple on pizza” would be understood as similar
statements by the model. We will address this limitation in Chapter 9.

2.2.2. Analyzing Text Representations

After transforming textual data into numerical representations, the next step is to
process and analyze them for downstream analysis. In this section, we discuss several
techniques that we specifically use in different chapters of this thesis to analyze textual
representations with the aim of answering social computing questions.

2.2.2.1. Word Embedding Association Test (WEAT)

The Implicit Association Test (IAT), introduced by Greenwald et al. [36], was devel-
oped as a tool to measure implicit biases in individuals. The test assesses how quickly
users associate certain concepts (e.g., racial groups, gender) with evaluations (e.g., good,
bad) or stereotypes (e.g., athletic, clumsy) by analyzing the speed of word categorization.
Faster associations are interpreted as stronger implicit biases.

Inspired by the IAT, Caliskan et al. [37] adapted this concept to the field of Natu-
ral Language Processing, introducing the Word Embedding Association Test (WEAT).
WEAT utilizes word embeddings to detect implicit associations in large text corpora,
measuring the relative distances between the vector representations of attribute concepts
(e.g., male, female) and target terms (e.g., science, art). For example, WEAT demon-
strated that science-related words tend to be closer in vector space to words like m⃗an,
whereas art-related words show greater similarity to ⃗woman. This method aligns with
the psychological insights from IAT, providing a way to reveal unconscious biases present
in language models.

2.2.2.2. BERTopic: UMAP and HDBSCAN Pipeline

BERTopic represents the current state-of-the-art [38] approach for text clustering and
topic modeling. This pipeline consists of three key stages:

Text-to-Vector Conversion: Texts are transformed into vectors using sentence
transformer models, as discussed in Section 2.2.1.4.

4huggingface.co/spaces/mteb/leaderboard

huggingface.co/spaces/mteb/leaderboard


14 Preliminaries

Dimensionality Reduction: Since sentence transformer models produce large
vectors (e.g., 768 dimensions for all-mpnet-base-v2 ), reducing dimensionality helps
mitigate the curse of dimensionality and enhances clustering performance [39, 40].
Uniform Manifold Approximation and Projection (UMAP), a cutting-edge [41]
dimensionality reduction technique, projects high-dimensional embeddings into a
lower-dimensional space while maintaining the local structure of the data, enabling
more efficient clustering.

Clustering: Hierarchical Density-Based Spatial Clustering of Applications with
Noise (HDBSCAN) is a state-of-the-art [42] clustering algorithm that identifies clus-
ters of varying density in the UMAP-reduced space. It is noise-resistant and excels
at discovering meaningful clusters where traditional methods like K-Means may
falter.

2.2.3. Text Classification

Text classification is a fundamental task in NLP, where the goal is to categorize text
into predefined categories. Throughout this thesis, at some points, we end up performing
two text classification tasks which we briefly introduce here:

2.2.3.1. Toxicity Detection

Toxicity detection is crucial for identifying harmful content in online discussions. One
popular tool for this task is Google’s Perspective API5, which we use in Chapter 7.
The Perspective API leverages machine learning to analyze text and categorize it into
different levels and types of toxicity. The categories are “toxic,” “severe toxic,” “insult,”
“profanity,” “threat,” and “identity attack.” This system helps in flagging and moderating
harmful language by assigning toxicity scores to the text, making it a widely used tool in
content moderation.

2.2.3.2. LLM-Aided Annotation

Large Language Model (LLM)s have recently demonstrated significant potential in
automating various text annotation tasks such as stance detection [43], sentiment analysis,
hate speech, bot detection [44], and identifying the sociopolitical affiliation of texts [4].
Given a suitable prompt-engineered query, LLMs are capable of understanding context,
nuance, and implicit meanings in text, which makes them well-suited for these annotation
tasks.

Table 2.1 shows a classic sample of an engineered prompt fed to an LLM for sentiment
analysis.

5https://perspectiveapi.com/

https://perspectiveapi.com/
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Table 2.1: Sample sentiment analysis task performed by ChatGPT-4o.

Prompt Classify the sentiment of the following statement as “positive”, “nega-
tive”, or “neutral”.
Statement: “The weather is good”
Sentiment:
Explanation:

Response
ChatGPT-4o

Sentiment: positive
Explanation: The statement “The weather is good” expresses a favorable
opinion about the weather, which indicates a positive sentiment. The
word “good” implies a positive evaluation.

In Chapter 8, we use LLMs to annotate sociopolitical and economic stances of con-
troversial statements. In Chapter 5, we use LLMs to annotate sentiments and stances of
certain tweets. We elaborate on each task in their corresponding sections.

2.2.4. Fine-tuning Essentials

In certain scenarios such as Chapter 9, the pre-trained Artificial Intelligence (AI)
model that is designed for generic tasks, does not provide desirable outputs for certain
downstream tasks. In such cases fine-tuning pre-trained models on domain-specific data
is crucial for adapting them to specific tasks. In this section, we explore some fine-tuning
concepts that are essential to understanding our methodology in Chapter 9.

2.2.4.1. Contrastive Learning with Siamese and Triplet Networks

Siamese and Triplet networks are popular architectures in contrastive learning, com-
monly used to distinguish between similar and dissimilar images.
Siamese Networks: A Siamese network [45] consists of two identical neural networks
that share the same parameters and weights. Given two input images, the network com-
putes the embeddings f(x1) and f(x2). The goal is to minimize the distance between
embeddings for similar images while maximizing the distance for dissimilar ones. The
contrastive loss function for a pair of images (x1, x2) is defined as:

Lcontrastive = (1 − y) · 1
2 · D2 + y · 1

2 · max(0, m − D)2 (2.1)

where D = ∥f(x1)−f(x2)∥2 is the Euclidean distance between the image embeddings,
y ∈ {0, 1} is the label indicating whether the images are similar (1) or dissimilar (0), and
m is a margin parameter.

Figure 2.2a illustrates the architecture of a Siamese network, where two images are
passed through identical networks, CNNs in this case, and their embeddings are compared.
Triplet Networks: Triplet networks extend the idea of Siamese networks by introducing
triplets of sample inputs: an anchor xa, a positive sample xp (similar to the anchor), and
a negative sample xn (dissimilar to the anchor). The triplet loss [46] encourages the
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distance between the anchor and the positive to be smaller than the distance between the
anchor and the negative by at least a margin m. The triplet loss is defined as:

Ltriplet = max(0, ∥f(xa) − f(xp)∥2
2 − ∥f(xa) − f(xn)∥2

2 + m) (2.2)

This loss function ensures that similar samples, similar images for instance, are embed-
ded closer together, while dissimilar images are kept further apart. Figure 2.2b provides
a visual representation of the Triplet network, showing the anchor (Jake Gyllenhaal’s
face 1), positive (Jake Gyllenhaal’s face 2), and negative (Herman Eriksen) images being
processed by shared networks and their embeddings compared.

Both architectures effectively enable the model to learn discriminative features that
separate similar images from dissimilar ones. By optimizing their respective loss functions,
the networks are capable of generating embeddings that are meaningful in the context of
the given tasks.

(a) Siamese Networks [47] (b) Triplet Networks [48]

Figure 2.2: Contrastive Learning Architectures

In Chapter 9 we utilize Siamese and Triplet architectures to add stance awareness to
sentence transformers.

2.2.4.2. Parameter-Efficient Fine-Tuning with LoRA

Parameter Efficient Fine-Tuning (PEFT) is an approach designed to fine-tune LLMs
without updating all model parameters. This is particularly useful for adapting large
models to specific tasks without incurring the high computational and storage costs as-
sociated with full fine-tuning. Instead of updating the entire network, PEFT focuses on
fine-tuning only a small subset of parameters, leading to a much more efficient process.
Low-Rank Adaptation (LoRA): LoRA [49] is a specific PEFT technique that injects
trainable low-rank matrices into the transformer layers of a pre-trained model. In LoRA,
the pre-trained model’s original weights are frozen, and low-rank decomposition matri-
ces are added to the query and value projections. These matrices are optimized during
fine-tuning, enabling adaptation to downstream tasks with far fewer parameters. Math-
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ematically, LoRA modifies the original weight matrix W0 ∈ Rd×d by adding a low-rank
decomposition:

W = W0 + A · B (2.3)

where A ∈ Rd×r and B ∈ Rr×d. Also, the scheme of LoRA architecture is portrayed in
Figure 2.3. This mechanism allows LoRA to introduce only a small number of additional
parameters, drastically reducing the overall computational cost of fine-tuning.

Rank (r) is the hyperparameter that controls the amount of reduction in the number
of trainable parameters. For a trainable matrix of size d × d, the number of trainable
parameters will be reduced from d×d to 2×(r×d). The significance of this reduction will
be more salient for large matrices. For instance, the number of trainable parameters for a
1000 × 1000 layer, setting r = 10 will be reduced to 2 × (10 × 1000) which will be only 2%
of the original matrix. Expectedly, the lower number of r increases computational speed
at the expense of some accuracy.

Figure 2.3: LoRA’s architecture [8]

Next to the computational efficiency, another blessing that comes with PEFT methods
such as LoRA is reducing the risk of catastrophic forgetting. Catastrophic forgetting refers
to cases where after fine-tuning, as a result of over-training on the newer task, the model
forgets its ability to perform the older task it was initially trained to do [50]. For example,
an LLM that is finetuned extensively for offering health advice, might forget the generic
knowledge it had for answering generic questions. In Chapter 9, we show how the use
of LoRA helps us to add stance awareness to sentence transformers while maintaining a
descent level of their performance for their initial task of sentence similarity detection.





3 Literature Review

This chapter provides a general summarized overview of the state-of-the-art literature
relevant to the goals and objectives of this thesis. In the following chapters, we expand
upon this review, focusing on more specialized aspects of each subject in the corresponding
chapters.

First, the chapter explores the definition and societal impact of Echo Chambers in
previous literature. Next, it evaluates existing detection techniques, highlighting their re-
liance on supervised data and simplified views of polarization. The review then discusses
user-level embeddings, which model behavior and ideology computationally, essential for
tasks such as Echo Chamber detection that involve modeling users. Approaches to identi-
fying bias in text are also examined, emphasizing methods like word embeddings. Lastly,
it covers text classification and stance detection, noting computational challenges in large-
scale sentiment and opinion analysis.

Echo Chambers and Social Implications

The concept of Echo Chambers, where users are exposed to ideologically homogeneous
information, has been studied widely in social media research. Colleoni et al. [11] and
Bakshy et al. [24] found that Echo Chambers on Twitter correlate with stronger polar-
ization. Del Vicario et al. [29] documented the role of Echo Chambers in the spread
of misinformation, further examined by Shu et al. [31], who noted that Echo Chambers
reduce trust in mainstream media and heighten conspiracy beliefs. Research by Cinelli et
al. [22] and Jiang et al. [33] extended these findings, highlighting Echo Chambers’ role in
fostering prejudice and social unrest. Overall, these works emphasize the societal impact
of Echo Chambers, urging improved detection mechanisms.

19
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Echo Chamber Detection Techniques:

There are abundant Echo Chamber detection methods proposed based on network [51],
content [52], and hybrid approaches [53]. Network-based methods utilize interaction
graphs, clustering users into communities based on shared interactions. Content-based
methods classify users based on language or sentiment analysis, as seen in work by Koc
et al. [54]. Hybrid models combine both network and content-based methods for im-
proved accuracy [33, 55]. However, at the core of all the methods stands one idea:
finding the correlation between the polarity of consumption and the polarity of pro-
duction [15, 51, 19, 14, 18]. The higher this correlation stands for every topic, the more
discussion around that topic is of an echo chamber.

The main limitation of this core idea is its reliance on supervised and sparse data
for measuring polarization. Another problem is that its understanding of polarization is
limited to only one dimension (left-leaning vs. right-leaning) while polarization can have
multiple aspects in various contexts (e.g. Economic leaning, sociopolitical leaning, secular
vs. non-secular, etc.).

User-Level Embeddings for Behavioral Analysis

A primary and critical step in modeling polarization and echo chamber effect is to
provide an estimation of online users’ ideology by embedding them based on their online
behavior.

User embeddings encode user data (profile, activity, network, and generated con-
tent) into low-dimensional vectors, widely used in NLP tasks to model user behavior
efficiently [56]. Latent Dirichlet Allocation (LDA) [57], CNNs [58], and Graph Neural
Networks (GNNs) [59] are common approaches, with applications in clustering social
network attributes [60, 61].

Another common practice for embedding users’ ideology is reference-based approaches.
[19, 62] average the political leanings of sources a user has followed or cited to map them
into a one-dimensional space of political ideology ranging from -1 (left-leaning) to +1
(right-leaning). The annotation of sources is based on the database of AllSides1 and
MediaBiasFactCheck.2

Such techniques often rely heavily on annotated datasets, limiting their adaptability
to emerging social phenomena due to concept drift [63]. Our approach leverages sentence
transformers for unsupervised user embedding to enhance generalizability and reduce
manual input requirements.

1https://www.allsides.com/media-bias
2https://mediabiasfactcheck.com/

https://www.allsides.com/media-bias
https://mediabiasfactcheck.com/
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Social Bias in Text

The use of word embeddings in identifying language bias has gained traction, espe-
cially for biases related to gender and ethnicity. Caliskan et al. [37] introduced the Word
Embedding Association Test (WEAT) to detect implicit associations in word embeddings,
modeled on the Implicit Association Test (IAT) by Greenwald et al. [36]. Though effec-
tive in validating known biases, these methods are prone to cherry-picking and rely on
predefined word sets [64] rather than discovering unknown biases [65].

Text Classification

Text classification has been extensively explored in NLP for detecting sentiment [66],
stance [67], aggression [68], hate speech [69], and offensive language [70]. Various super-
vised NLP models, including those from OffensEval [71], show strong performance but
are sensitive to distribution and concept drift issues [72].

A large portion of text classification studies are cross-tabular with the social media
data. For instance, demonstrating that Twitter tends to host more negative sentiment
than Instagram [73], and responses to events on Reddit are less emotionally charged than
on Twitter [74].

Stance Detection and Sentence Transformers

Stance detection, crucial in opinion mining, has largely relied on computationally in-
tensive supervised NLP methods such as BERT [75] to classify the semantic relationship
between a target sentence and a context sentence expressing a known stance [76]. More-
over, as shown by Qin et al. [67], LLMs also demonstrate great potential in zero-shot
stance detection.

However, both text-classification and LLM-based approaches face a significant com-
putational bottleneck. When analyzing the stances between multiple pieces of text, they
require comparing every possible pair of sentences, which leads to a quadratic computa-
tional complexity of

(n
2
)

model calls for n pieces of text.
Table 3.1 outlines the core methods and limitations of previous work surrounding Echo

Chambers, User Embeddings, Social Bias in Text, Text Classification, Bias in Language
Models, and previous Stance Detection approaches. These topics represent critical as-
pects of the broader discourse on social media dynamics, algorithmic biases, and Natural
Language Processing (NLP) challenges.
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Table 3.1: Overview of the methodologies of previous work related to the different topics
of this thesis

Topic Core Method Notable
Works

Limitation

Echo Chambers Correlation between po-
larity of consumption
and polarity of produc-
tion

[15, 51,
19, 14,
18]

1) Supervised 2) 1D view
of Polarization 3) Re-
liance on follow-network
data which is heavy and
private

User Embeddings Profile-based; making
use of bio, avatar,
number of follower/fol-
lowings, etc.

[77, 78,
79]

Profile info and behavior
modeling

User Embeddings Content-based; Text
modeling via LDA,
CNN, Word-Embedding

[58, 57,
80, 81]

supervised

User Embeddings Network-based; low-
dimensional representa-
tions of follow-network

[59, 15] supervised, reliance on
follow-network

User Embeddings Reference-based; aver-
aging the leanings of
sources a user had cited

[19, 14,
62]

supervised, reliance
on pre-annotated
references from Medi-
aBiasFactCheck and
AllSides, the references
are scarce per user and
can shift across time
(e.g. a Democrat Twit-
ter account becomes
Republican), 1D view of
Polarization (limitation
to only right-wing and
left-wing)

Social Bias in
Text

Word Embedding Asso-
ciations

[36, 37] Sets of biased concepts
have to be predefined
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Text Classifica-
tion

Supervised NLP; use
of state-of-the-art NLP
architectures such as
BERT to classify text
in terms of sentiment,
toxicity, hate, etc.

[68, 71,
69, 70]

Extensive Annotation,
Detection of the target
of the sentiment/-
toxicity/etc. is not
automatized

Bias in Language
Models

Political Affiliation
Tests

[82, 83] LLMs’ moderation stops
them from providing di-
rect answers to implic-
itly controversial ques-
tions

Stance Detection Supervised NLP [75, 67,
84, 76]

For n pieces of text, they
require calling the model(n

2
)

times

This chapter’s aim was to provide an initial outlook on the previous literature on each
of the studied topics in this thesis. In every upcoming chapter of this thesis, we provide
more detailed literature reviews corresponding to the focus of individual chapters.





Part I

Polarization and Echo Chambers

Echo Chambers are one of the important sources of online polarization as being merely
exposed to the opinion of like-minded users would reinforce ones own opinion. This is
likely to push moderate political opinions toward the two ends of the ideological spectrum
and cause polarization.

In this part of the thesis, initially in Chapter 4, we introduce our new method of
quantifying echo chambers and polarization using sentence transformers. In the next step,
in Chapter 5, we dive deeper into the content shared within and across echo chambers.
We make use of LLM as an annotation tool to compare sentiments and stances in partisan
vs. cross-partisan interactions.
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4 Transformer-Based
Quantification of the Echo

Chamber Effect

Abstract

Our first step in modeling online polarization is to develop tools for quantifying the
Echo Chamber effect, which is one of the leading causes of online polarization and radi-
calization.

An Echo Chamber on social media refers to the environment where like-minded peo-
ple hear the echo of each others’ voices, opinions, or beliefs, which reinforce their own.
Echo Chambers can turn social media platforms into venues that polarize and radicalize
users rather than broadening their exposure to diverse information. Having a quantified
metric for measuring the Echo Chamber effect can aid moderators and policymakers in
tracking and mitigating online polarization and radicalization. Existing methods for Echo
Chamber detection are either one-dimensional, only considering the network behavior of
users while ignoring their semantic behavior, or require demanding supervised labeling,
which is both expensive and less generalizable.

This chapter proposes a new metric to quantify the Echo Chamber effect using Trans-
former models for context-sensitive processing of natural language (NLP). Our metric
quantifies (1) the effect of an Echo Chamber through the inverse effect of user diversity,
and (2) polarization by means of user separability between two Echo Chambers in a topic.
Leveraging this metric, we further propose an NLP-based embedding that represents the
users’ activity. Our model is simultaneously effective, computationally cheap, and unsu-
pervised. We run our analysis on three recent highly controversial political topics and a
non-controversial topic: Russo-Ukrainian War, Abortion, Gun-Control, and SXSW mu-
sic festival. Our results offer data-driven findings such as a higher Echo Chamber effect
among Republicans over Democrats and diverse explicit support for Ukraine, especially
among Democrats. We also observe a direct relationship between the Echo Chamber effect
and polarization while observing that the low Echo Chamber effect for the Russo-Ukraine
war is accompanied by a low polarization; and vice versa for Gun-Control.

27
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4.1. Introduction

Online Echo Chambers are both the cause and the effect of the polarized political
environment existing across the globe. An Echo Chamber could be thought of as an en-
vironment where ideas are reinforced by repeated interactions between users with similar
tendencies and attitudes [22, 12].

Social media platforms are fertile grounds for these polarizing repeated interactions
that lead to the formation of Echo Chambers [11]. In addition, users are often exposed
only to the content they agree with due to social media over-personalization [23, 24],
further confirming their existing beliefs — see confirmation bias [25], and shielding them
from exposure to the other side of the argument — see selective exposure [26].

One of the key drivers of Echo Chambers on social media platforms is the interplay
between algorithmic-driven and human-driven curation of content [21]. While algorithms
play a significant role in shaping the content that users see, human curation through
sharing and reposting also amplifies certain viewpoints and reinforces existing beliefs.
This dynamic can create a self-reinforcing cycle that further entrenches users in their
own Echo Chambers. As a result, it is important to understand the mechanisms that
contribute to the formation of Echo Chambers and to develop strategies to promote a
more diverse and inclusive online discourse.

Echo Chambers stifle the free flow of ideas, hindering the exchange of diverse perspec-
tives and the formation of well-rounded opinions [27]. By limiting exposure to opposing
viewpoints, Echo Chambers foster a climate of intolerance and prejudice, where individ-
uals become increasingly entrenched in their own beliefs and less receptive to alternative
views [28]. This intellectual insularity can lead to a decline in critical thinking skills and
a diminished capacity to engage in constructive dialogue.

Moreover, Echo Chambers amplify the spread of misinformation, posing a significant
threat to public discourse and decision-making. In these self-reinforcing environments,
false or misleading information can gain traction and go unchecked [29, 30, 31, 32, 33, 34],
potentially influencing individuals’ actions and behaviors in detrimental ways. The pro-
liferation of misinformation in Echo Chambers can undermine trust in institutions, erode
public confidence in democratic processes, and exacerbate social and political tensions.
The COVID-19 pandemic has been one of the recent critical cases in which society had
been affected by Echo Chambers driven public mistrust in the vaccination and precaution
mechanism propagated by governments and the mainstream media [35].

In this study, we employ an unsupervised approach to estimate the Echo Chamber
effect. Echo Chamber effects are overly dynamic. Thus, using manually labeled data
to measure polarization and Echo Chambers limits considerably the generalizability of
the study. Labeling efforts include identifying seed accounts (e.g., influencing politicians,
users, or news channels) [19] or establishing predefined sets of domain-specific polarized
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hashtags and keywords [80, 81, 57]. On the contrary, unsupervised methods are more
scalable, as they do not require manual data labeling, which can be time-consuming and
resource-intensive. Our unsupervised approach allows for increased scalability and flexi-
bility in analyzing the Echo Chamber effect, and by not relying on manually labeled data,
we assist and reduce the need for collaborative efforts in crowd-sourcing data annotations.

Our first computational step is to detect Chambers — communities — for every topic
based on the retweet network clusters. Then, we select a random sample of users from each
Chamber and embed the users into a vector space by averaging the sentence transformer
embeddings of their tweets. We use the diversity of user embeddings in every Chamber
to measure its Echo and the separability of two Chambers’ users to estimate polarization
across Chambers.

In Section 4.3, we break down the concept of Echo Chamber and define “Echo”,
“Chamber”, “Echo Chamber”, and “Polarization” aligned with our computational model.
In Section 4.4, we show how we embed users using sentence encoders and quantify
“Echo” per “Chamber” and “Polarization” across “Chambers”. In Section 4.7, we apply
our method to three recent controversial topics and a non-controversial topic: “war on
Ukraine”, “Abortion Ban”, “Ulvade school Gun Shootings”, and “SXSW music festival”.
We compare the level of “Echo” per “Chamber” and “Polarization” across “Chambers”
for each topic. In summary, we make the following observations:

The diversity of users in Republican Chambers is lower than in Democratic
Chambers. We interpret this as a higher Echo Chamber effect in Republican stances,
which is consistent with previous literature [19].

The diversity of pro-Ukraine users is higher than in the other controversial case
studies. In addition, Ukraine-related Chambers, as a case of foreign national conflict,
has caused the least polarization in comparison to the other topics. However, we
also observe that the most explicit supporters of Ukraine seem to be Democrats.

The use of mean-pooling in sentence-transformer encodings to generate user
embeddings is fast and effective for distinguishing users based on their political
stances. This has useful implications for future work leveraging user classification
tasks.

We address the challenge of modeling Echo Chambers through the combination of
cutting-edge methods in different disciplines, including the use of sentence transformers,
network analysis, and social sciences. By integrating these approaches, we bridge the gap
between computational techniques and social science theories to gain a comprehensive
understanding of Echo Chambers as collaborative phenomena. We hope to contribute to
the aim of designing technologies and interventions that support effective collaboration
in various domains (e.g., political discourse analysis, gender studies, etc.)
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4.2. Related Work

We have covered an overview of previous literature in Chapter 3 for the whole thesis. In
this section, we delve deeper into the literature on Echo Chamber detection approaches.
we will initially discuss the social implications of Echo Chambers and how they can
cause online harm according to the social science literature. Then, we discuss previous
quantitative methods of Echo Chamber detection. We also allocate a separate section to
previous methods of embedding users as it is a key element in our method of quantifying
online Echo Chambers and polarization.

4.2.1. Echo Chamber and Social Harms

Research has consistently demonstrated the negative impacts of Echo Chambers on
online communities and society. For instance, a study by Colleoni et al. [11] found that
users who were exposed to ideologically homogeneous information on Twitter were more
likely to exhibit polarized attitudes. Similarly, Bakshy et al. [24] demonstrated that social
media algorithms can exacerbate polarization by recommending content that aligns with
users’ existing beliefs.

The proliferation of misinformation in echo chambers has also been documented by
a multitude of studies. Del Vicario et al. [29] found that Echo Chambers on Twitter
played a significant role in the spread of misinformation about the 2016 US presidential
election. Similarly, Shu et al. [31] demonstrated that the consumption of misinformation
in Echo Chambers can lead to decreased trust in mainstream media and increased belief
in conspiracy theories.

The harmful effects of Echo Chambers extend beyond the realms of political polar-
ization and misinformation. A study by Cinelli et al. [22] found that Echo Chambers
on YouTube can lead to increased prejudice and discrimination against minority groups.
Similarly, Jiang et al. [33] demonstrated that Echo Chambers on social media can con-
tribute to social unrest and violence.

In conclusion, previous research underscores the substantial threat posed by Echo
Chambers to the health and well-being of online communities and society at large. Recog-
nizing this, the development of effective tools for detecting online Echo Chambers becomes
paramount in fostering healthier and more inclusive digital discourse.

4.2.2. Echo Chamber Detection

We could split Echo Chamber detection methods into three types: network-based [51],
content-based [52], and hybrid detection methods [53]. The network-based methods

utilize well-known community detection algorithms to detect communities in interaction
graphs built using social media interactions such as retweets and replies. The content-
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based methods [54] cluster users based on the content they use by extracting features such
as the sentiment about a topic or embedding of content. Finally, the hybrid approach [33,
55] incorporates the knowledge from both content and topology to find Echo Chambers.

In this chapter, we utilize the network feature to detect communities (Chambers)
as it is the most common method to detect Echo Chambers. Moreover, network-based
methods were used in related work on measuring polarization [18]. Then, we use the
content generated by users to measure the Echo Chamber effect to verify if the detected
communities are indeed Echo Chambers.

4.2.3. User-level Embeddings

User-level embeddings are used to model the behavior of the users for various tasks.
Recent common methods utilize neural encoders to encode the user behavioral data (e.g.,
recent tweets on social media or recent queries for search engines) into low-dimensional
vectors. These approaches reduced the amount of feature engineering and manual feature
extraction labor by automating the relations between the user’s own data as well as its
relation to other users’ data. User-specific data on social media can be divided into four
different categories: (i) user’s profile information, (ii) user’s activity, (iii) user’s network
connectivity, and (iv) user’s generated content. In the behavioral analysis of the users on
social media, researchers utilized different conjunctions of the aforementioned categories
for creating task-specific as well as universal user representations [56].

Most of the user embedding research models the user’s behavior through their gen-
erated content by utilizing models that optimize the conditional probability of the texts,
given their authors. These aggregated texts per user can be modeled using different
methods such as Latent Dirichlet Allocation (LDA) [57], Convolutional Neural Network
(CNN) [58], Matrix Representations [78], and Word-Embeddings [57, 80, 81]. Moreover,
the network connectivity of the users is also common in modeling the users’ attributes.
These methods try to map the social networks into low-dimensional representations such
that the local and global topological structures are preserved [59]. Community detec-
tion algorithms and Graph Neural Network models are among the common methods
used to model social networks such as “friendship”, “retweet”, and “endorsement” so-
cial graphs [60, 61]. Auxiliary information such as profile information would also help in
modeling the user behavior and improving the methods [77, 78, 79].

However, all the user-level embedding methods for Echo Chamber detection rely on
a labeled and cherry-picked set of ground-truth political users, keywords, and hashtags.
This would make them less robust, more demanding for manual effort, and less gener-
alizable to later social network analysis tasks since supervised methods are vulnerable
to concept drift [63]. In other words, as time passes, seed political celebrities, political
hashtags, and the use of language will change.

In Section 4.4.2, we explain how we propose an unsupervised, computationally cheap,
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and effective way of embedding users based on sentence transformers to tackle the men-
tioned short-come.

4.3. Terminology

The terms “Echo Chamber” and “Filter Bubble” are often used interchangeably in the
literature [85, 86] while sometimes being integrated with the concept of “Polarization” [87].
Although there is a common core idea underlying these terms, it is hard to find prior work
that makes a unique, universally settled definition for each of the terms. Therefore, in
this section, we explicitly state the definitions we consider most relevant to our study
from previous literature.

Chamber is a discussion forum where interactions occur and users share content or
ideas. In our work, a Chamber equates to an Internet forum, where users post messages
to other members of that forum. On Twitter, we represent a Chamber as a cluster of
users linked by interactions (i.e., retweets, quotes, mentions, and replies) on a topic. Our
rationale is that these clusters represent a network where users interested in a specific
topic get exposed to a particular discussion on Twitter. This definition is derived from
Garimella et al. work, where they establish that a Chamber is “the social network around
the user, which allows the opinion to echo back to the user, as it is also shared by
others” [62].

Echo is the level of homogeneity among the members of a discussion in a Chamber. It
is a common notion in the literature that online Echo Chambers happen in environments
with homogeneous sets of users [88, 89]. This homogeneity can stem from similarities in
users’ political leaning (e.g., traditional left or right), socio-economic statuses, or demo-
graphic features (like age or gender) [90].

Echo Chamber in our terminology is a “Chamber” with high levels of “Echo”. In
our domain this is a retweet network with low user diversity (high homogeneity). For
instance, if all the members of an anti-abortion Chamber are from the right wing in
political opinion, we call that Chamber an “Echo Chamber” where like-minded people
hear the echo of their own voice [19].

Polarization is the extent to which the members of a Chamber formed around a
topic can be separated/distinguished from the members of its opposing Chamber on the
same topic. Similar to Garimella et al. [14], we take into account the Oxford Dictionary
definition of Polarization as “the act of separating or making people separate into two
groups with completely opposite opinions.” Let’s take the case of abortion as a running
example. If we observe that only hard-core left-leaning users attend Chamber A (which
can presumably be the place where pro-abortion opinions are being shared) and only
hard-core right-leaning users attend Chamber B (which instead can presumably be the
place where anti-abortion content is being shared), we would say that the topic “abortion”
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is polarized between Chambers A and B based on political leaning. However, if both the
pro-abortion Chamber and anti-abortion Chamber embrace diverse users from all parts of
the political/demographic/economic/gender spectrum, in a way that a pro-abortion user
is hardly distinguishable from an anti-abortion one by an explicit factor, our definition
would label the abortion topic as less polarized.

Our definition of polarization is also aligned with Esteban and Ray [91]. Similarly,
we also argue that polarization can theoretically happen by gender (i.e., mostly men
opposing abortion rights and mostly women supporting it), age, location, political leaning,
and any other features from users that can be automatically stored in our black-box
user embedding approach which we explain in Section 4.4.2. This multi-dimensionality
of polarization in our method is particularly useful in environments where polarization
extends beyond the traditional left-right divide; a division that is primarily defined for
the US as an effect of the cold war [92]. For instance, in Taiwan, polarization centers
around attitudes towards having closer ties with the US versus having closer ties with
China [93], while in Western Asian countries such as Iran and Turkiye, the degree of
desired secularism forms the primary axis of division [94, 95].

4.4. Methodology

Our method returns two main measures, the Echo of every Chamber and the Polar-
ization across Chambers. Our first step is to detect the top important Chambers, for
which we use the retweet network of a set of controversial topics. Our second step makes
a per-user analysis by looking at the type of content posted by the users of the detected
Chamber to embed their general stance. The final step is to utilize the user-embeddings
to estimate the homogeneity of users (Echo) per Chamber and their polarization across
Chambers.

Figure 4.1 shows an overview of our computational architecture.

4.4.1. Detecting Chambers (Network Clusters)

Our initial step is to identify Chambers.
Our method departs from a large set of trending tweets around controversial topics.

Our analysis focuses on three topics abortion, gun control, and the Ukraine war selected
for being either well-established controversial topics (i.e., abortion and gun control) or
recently established topics (i.e., the Ukraine war). We also add SXSW 2022 music festival
a commonly analyzed case of a non-controversial topic [96]. However, our methodology
is generic and can be applied to any other topic.

Overall, we collect the retweet network of ≈ 20k users for each of the topics using
relevant keywords explained in Section 4.6.
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Figure 4.1: Scheme of our method’s architecture.

We then create a retweet graph per topic in which the nodes represent the users, and
a link between two nodes A and B represents that user A retweeted user B. Then, we use
the Louvain algorithm [97] over the retweeted tweets to unfold communities into clusters.
Louvain is known to work well with polarized communities [22, 98].

It is common for the retweet networks of controversial topics that the two largest
network clusters represent the main sides of the debate. To verify this, we ran a cursory
inspection that proved most of the tweets were aligned with the partisan stances of the
entire Chambers. We label the Chambers’ stances as “Democratic” or “Republican” based
on the stances of tweets we observe in each Chamber.

It is worth noting that this only labels the political stance of the “content” in each
Chamber which is presumably either pro or against the debated topic, not the “general
ideology” of the “users” inside those Chambers. One of our main objectives is to check user
diversity inside each Chamber. Therefore, we expect a significant amount of moderate or
non-political users to appear in each of the partisan Chambers.
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4.4.2. Embedding Users

The next step in our analysis is to characterize Twitter users’ ideology according
to their produced content. We start by extracting the features for the 200 tweets that
have recently been generated by a user. After preprocessing the tweets’ text (remov-
ing mentions, URLs, etc.), we represent them using a vector of embeddings. We use
the state-of-the-art1 pretrained sentence transformer model (all-mpnet-base-v2)2 from
Hugging-Face.3 The model is fine-tuned to map sentences and short paragraphs to a
768-dimensional dense vector space in a way that preserves semantic features of the text
so that the vectors can be utilized for tasks such as clustering or semantic search. Then,
we represent users through the average pooling of his/her tweets’ embedding vector.

In our methodology for user representation, we deliberately opted for state-of-the-
art pretrained sentence transformer models like all-mpnet-base-v2 due to their adeptness
in capturing semantic essence from individual tweets efficiently. Unlike LSTM models
applied to concatenated tweets, which assume continuity in text sequences and might
struggle with discrete, independent tweets, sentence transformers excel in encoding short
texts without imposing such assumptions. Their transformer architecture enables effective
capture of semantic relationships within tweets, aligning with our goal to represent users
based on their varied and discrete tweet content. Specifically choosing the all-mpnet-base-
v2 model was driven by its balance between performance and computational efficiency,
ensuring effective mapping of tweets into a 768-dimensional vector space while preserving
semantic features crucial for downstream tasks like clustering and semantic search, thereby
enabling a robust user representation based on tweet content. Moreover, all-mpnet-base-
v2 is open-source and downloadable for offline use. When it comes to large-scale use, this
makes it a more practical option than the recently developed advanced LLMs that require
paid plans for using their APIs at limited rates.

4.4.3. Quantifying Echo

We quantify the Echo of every Chamber by the inverted effect of the variance among
user-embeddings of all members in a Chamber:

echo = 1
V̂ar(U)

. (4.1)

This quantification captures the level of homogeneity among the members of a Chamber,
which is aligned with the definition of “Echo” in Section 4.3. Thus, a lower variance of
users indicates a higher “Echo”.

1https://www.sbert.net/docs/pretrained_models.html
2https://huggingface.co/sentence-transformers/all-mpnet-base-v2
3https://huggingface.co/

https://www.sbert.net/docs/pretrained_models.html
https://huggingface.co/sentence-transformers/all-mpnet-base-v2
https://huggingface.co/
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We compute the variances across 768-dimensional vectors representing user embed-
dings. This involves assessing the variability present in each dimension of the user em-
beddings, capturing the multidimensional nature of the data. Specifically, we calculate
the echo by averaging the variances observed across all elements within these vectors.
This comprehensive approach ensures that the echo metric accurately reflects the level
of homogeneity or consistency among users across all dimensions represented in the data
space.

4.4.4. Quantifying Polarization

In addition to the variety of users in every Chamber, we are interested in quantifying
the polarization of users across pairs of selected Chambers formed on a topic. We begin
by measuring the level of linear separability among user embeddings of pairs of Chambers.
To this end, we train a linear SVM classifier with the user embeddings (cf. Section 4.4.2)
as features and the Chamber that the users belong to as the labels. We also apply a
similar pipeline with hashtags as labels.

Note that our goal differs from the classical usage of a prediction task and we do not
aim at classifying users based on the Chamber they belong to. Instead, we intend to
deduce which pair of Chambers have the highest level of separation among their users
judging by the performance of multiple pairwise classification tasks. Thus, it is critical
to have a consistent set of elements for all classification experiments, including the pa-
rameters and sample size. Therefore, we take equal random samples of users (1,500) per
Chambers/hashtag, and split one half to train and the other half to test the model. We
take the accuracy of the test set as the final indicator of linear separability among users.

We chose a Linear SVM due to its inherent use of hyperplanes to split data points.
Our rationale is that stances are in a continuous spectrum. For instance, when it comes to
political leanings, a user can stand in the alt-left, the alt-right, or somewhere in between.
Therefore we expect a line/hyperplane to be able to clearly split users based on this
spectrum in cases of strong polarization. The accuracy of the SVM classifier would
indicate the separability of the users.

In addition to reporting classification accuracy, we also report the weighted average
of the model’s confidence for each data point in the classification. This supplementary
metric is to take into account the difference between pairs of points that are closer to
the separating hyperplane (less polarized) and those that are farther from the hyperplane
(more polarized). The confidence score provided for each data point indicates how far the
data point is from the SVM decision boundary.

Then, the weighted average of confidence scores is computed as in Equation 4.2 while
setting weights to 1 for correct predictions and −1 for incorrect ones.
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Average Confidence =
∑n

i=1 confidencei · weightsi∑n
i=1 |weightsi|

weights =

1 if ŷ = y

−1 if ŷ ̸= y

(4.2)

4.5. Evaluation

We evaluate our metric on a dataset of tweets from congresspeople4 and senators
labeled as Republican or Democrat. The users in this analysis are the ground-truth for
a set of users who are separated by their political views. Our evaluation measures our
model’s capability to separate them.

We sample 200 tweets per user and embed them by the average of their tweets’ embed-
dings as introduced in Section 4.4.2. We use UMAP [41] to visualize the 768-dimensional
user embeddings into 2D space. UMAP is one of the state-of-the-art dimensionality re-
duction algorithms at the time of writing [99]. Figure 4.2 shows the political affiliations
color-coded. We see that most points are well-separable by a linear hyperplane. In higher
dimensions (e.g., the original 768D vectors), where we have more features, separation
becomes even easier due to the increased dimensionality of the data space. Therefore, an
n-dimensional hyperplane can yield similar or more separable results than the 2D data
points in Figure 4.2. This is due to the fact that the additional features provide more
discriminative power, enabling better separation of data points in the higher-dimensional
space.

4Obtained from: github.com/alexlitel/congresstweets

github.com/alexlitel/congresstweets
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Figure 4.2: 2D projection of US congresspeople and senators’ user-embeddings.

To quantify and validate this separability, we train a linear SVM classifier on half of the
data and validate on the other half as our test-set. The classifier yields a 93% F1-Score
(macro), suggesting that a promising set of features are stored in our user embedding
vectors and that our method can be used to distinguish the political stances of users.
Note that this performance is given after using only 130 users per class (Republican vs.
Democrat) and 200 tweets per user, which offers a promising measure for scarce datasets.
We examine the performance of our method when we increase the number of tweets per
user to 500, obtaining an improvement of the F1-Score up to 95%. We, however, stick to
200 tweets per user due to constraints in our Twitter API rate limit.

As we deal with pairs of Chambers that are formed on the basis of a Republican
vs Democratic leaning idea over a topic, the user separability we measure across these
Chambers is mapped to the level of political polarization across Chambers of a topic. We
further discuss the scope of our evaluation in Section 4.8.

As per the performance, the whole process of collecting 200 tweets from a user, trans-
forming them into vectors, and averaging all the vectors, took approximately 3 seconds
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per user on Google-Colab’s GPU.

4.6. Datasets

We consider top trends on Twitter associated with three recent controversial events
next to a non-controversial one: (1) the Uvalde school shooting which triggered yet an-
other discussion around gun control; (2) the US Supreme Court’s decision on June 2022
to overturn Roe v. Wade sparked a nationwide debate on abortion rights in the US;5 (3)
the Russo-Ukraine War; and (4) the SXSW 2022 music festival.

Our data is collected over one month period since the events related to the topics.
We utilize the “Network Tool” 6 developed by Indiana University Observatory On Social
Media to query top trending hashtags related to the topics on Twitter. Table 4.1 shows
the list of hashtags and dates that we used for collecting retweets for every topic.

Topic Queried Keyword-
s/Hashtags

Start Date End Date # of Users

Abortion-
ban

Abortion, #RoeVsWade,
#Prolife, #Prochoice,
#WhatIsAbortion, #My-
BodyMyChoice #Abor-
tionIsHealthCare, #Abor-
tionIsMurder

1/6/2022 30/6/2022 ≈ 29000

War on
Ukraine

Ukraine,
#StandWithUkraine-
(the latter was used only
for Section 4.7.1)

20/2/2022 20/3/2022 ≈ 21000

Texas Gun-
shooting

Gun, Ulvade, Shoot-
ing, #GunControl,
#GunOwnersForSafety,
#ProGun, #AntiGun,
#GunRights, #GunVi-
olence, #MassShooting,
#2ndAmendment, #Right-
toCarry, #EndGunVio-
lence

24/5/2022 23/6/2022 ≈ 25000

SXSW Fes-
tival

#SXSW 1/3/2022 30/3/2022 ≈ 11000

Table 4.1: Queried hashtags for data collection.

Next to the basic keywords of the topics we used for querying (e.g. “abortion” for the
Abortion topic), we tried to maintain equal numbers of partisan hashtags for both sides

5https://reproductiverights.org/global-trends-abortion-rights-infographic/
6https://osome.iu.edu/tools/networks/

https://reproductiverights.org/global-trends-abortion-rights-infographic/
https://osome.iu.edu/tools/networks/
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of the debates on every topic. We sorted trending hashtags per topic based on their pop-
ularity and picked as many neutral hashtags as existed in the trends (e.g. #RoeVsWade
has no clear partisan position on its own) and an equal number of partisan hashtags
from both sides down-sampled to the less populated side. For example, if a topic has 3
right-wing and 10 left-wing partisan hashtags, we pick all the 3 right-wing hashtags and
3 top most trendy left-wing ones. However, for the case of “War on Ukraine”, despite
multiple pro-Ukraine hashtags, we were unable to find any pro-Russian invasion hashtag
in the English Twitter, thus, we only used tweets that contained the word “Ukraine” for
forming the retweet network. In this way, we represent both sides of the debate, if any,
fairly on the retweet network. Also, for the case of the SXSW, there was no notion of
right-wing or left-wing hashtags since it is not a politically polarized topic, so we only
queried the keyword “SXSW”.

Later on in Section 4.7, we select subsets of the users of these keywords, based on the
partisan hashtags they used (cf. Section 4.7.1) or the retweet network (Chamber) they
appeared in (cf. Section 4.7.2), and collect the latest 200 tweets of their timeline using
Twitter’s official API.

4.7. Experiments and Results

We next run two separate experiments. First, we analyze the level of Echo per hashtag
and hashtag-wise Polarization by characterizing the users who have used any of those
hashtags. Then, we measure the Echo of every two Chambers for all topics and their
Polarization.

4.7.1. Echo per Hashtag

On most social media platforms, including Twitter, clicking on a hashtag fills the
timeline of the user with top-tending tweets around the hashtag. Thus, a hashtag offers
a specific environment of content. Therefore disregarding the position of users in the
retweet networks, we only look into partisan hashtags (i.e., hashtags with clear political
stances) to measure the diversity and polarization of users across the hashtags.

For this, we gather a sample of users who have used pro-gun hashtags (e.g., #Gun-
Rights), anti-gun (e.g., #EndGunViolence), pro-abortion (e.g., #AbortionIsHealthCare),
anti-abortion (e.g., #AbortionIsMurder), and pro-Ukraine (e.g., #StandWithUkraine) —
i.e., there is no explicit anti-Ukraine hashtag on Twitter to be added to the analysis. We
also add one case of a non-partisan hashtag, namely #SXSW, for comparison.

We obtain a novel embedding of each of the users in an unsupervised fashion following
the step in Section 4.4.2.
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Figure 4.3: Variances of user embeddings for partisan hashtags’ users + #SXSW as a
non-partisan case

Figure 4.4 shows the 2D projection of user embeddings color-coded by the type of
hashtags they have used. We see that the Republican stances discussing Pro-Gun and
Anti-Abortion (red and pink) stem from users that are more densely embedded in the
spectrum. These users have a high overlap with each other. Instead, the Democratic
stances discussing Anti-Gun and Pro-Abortion (blue and light-blue) are represented by
a more diverse set of users on Twitter. The users of #StandWithUkraine hashtag are
also widely distributed in the plot with higher overlap with Democratic users than the
Republicans. These results provide an initial intuition about the variety and overlap of
users who had supported specific political stances, yet we are interested in quantifying
these concepts statistically.

To quantify variety, we use a multidimensional variance of the user embeddings per
hashtag portrayed. These variances are calculated by taking the mean of all element-
wise variances for a multidimensional set of vectors. The 95% confidence intervals are
calculated based on 1,000 bootstraps each containing random 1,500 samples. Figure 4.3
shows that the users of the Republican-leaning hashtags have significantly lower diversity
than the Democratic hashtags’ users. The users of #StandWithUkraine hashtag preserve
the highest diversity, showing a possibly vast demographic support among the users.

Finally, we quantify the polarization according to the ability of a Linear SVM to
separate users of two classes (hashtags). Table 4.2 shows the F1-Score per hashtags
class. Recall that a low F1-Score means a high rate of overlap between the users of two
hashtag classes as discussed in Section 4.4.4. We see that the Democratic and Republican
hashtags have lower separability among themselves and higher separability across hashtags
supported by the other party. For instance, the separability of pro-abortion vs anti-gun
is low (70%) in two democratic Chambers. At the same time, there is a high (91%)
separability between anti-abortion and anti-gun as the members of a Republican stance
are presumed to be separable from a Democratic one.
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Figure 4.4: 2D projection of user-embeddings for polarized hashtags’ users.

Table 4.2: F1-Scores for linear separability between pairs of user embeddings across hash-
tags.

Hashtag Class Pro-Ukraine Pro-Gun Anti Gun Pro-Abortion Anti-Abortion
Pro-Ukraine 50% 83% 77% 74% 90%

Pro-Gun 83% 50% 82% 77% 60%
Anti-Gun 77% 82% 50% 70% 91%

Pro-Abortion 74% 77% 70% 50% 87%
Anti-Abortion 90% 60% 91% 87% 50%

We also observe a higher separability of pro-Ukraine users with Republican supporters
than when compared to Democrats, meaning that although the pro-Ukraine stance is more
diversely supported, discussions are more popular among Democrats. Note that even the
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most partisan hashtags can have an underlying political agenda. Although this effect may
influence the intuitiveness of the results, our method is good at quantifying these nuances.

4.7.2. Echo per Chamber

This section measures the Echo for every Chamber. In other words, we quantify the
Polarization of the retweet clusters across topics.

Unlike in our experiment in Section 4.7.1 where we select users that use specific par-
tisan hashtags, we retain here all users that appear in the retweet network cluster. This
is done to compare user embeddings with the stances of the users on each of these topics.
This comparison let us measure the Echo Chamber effect and Polarization.

First of all, we validate the network clustering step by manually labeling a random
sample of 210 retweets for all network clusters. Each retweet network cluster in our dataset
is composed of approximately 300 seed tweets, thus, our sample will look at around 12%
of the entire seed tweets (6 × 300).

Although the homogeneity of the stance of each Chamber is visible from a cursory
inspection, the purpose of this experiment is to systemically verify this. Table 4.3 shows
the number of each tweet’s stance per retweet network and the rate of alignment with the
hypothesized stance of the entire Chamber in the first cursory glance. We see that each
Chamber is formed around a certain stance toward a topic, as for every Chamber, the
identifiable stances of tweets are almost entirely pro or anti. Unidentifiable tweets’ stances
include tweets with reference to broken links or quotations of news without expressing
any explicit opinion about them.

Our annotation guideline is based on the main positions of each political party in the
US on each of the controversial topics. Tweets with references such as “women’s right
to decide about their own body”, “health-related risks of banning abortion”, etc. are
labeled as Democratic whereas those with references to “the right of the embryo to live”,
“religious teachings against abortion”, etc. are labeled as tweets with Republican stances.
Regarding the Ulvade school shootings, tweets emphasizing the significance of the tragedy
with direct or indirect blame on the gun law in the US are labeled as Democratic and those
referring to the “2nd Amendment rights to carry firearms” or arguing that “gun-rights is
not the actual reason, but the solution” are labeled as Republican tweets. Tweets labeled
as “Anti” Ukraine for the Republican Chamber in Table 4.3, are actually the combination
of all the stances focusing on “Russian military advances”, “claiming that US aid to
Ukraine is excessive”, “blaming the war on Biden administration’s policies”, “criticizing
Zelenskyy”, “complaining about the rate of Ukrainian refugee intake”, etc. which are the
alternative to the democratic stances focusing on “Ukrainian military advances”, “asking
for more US/NATO aids to Ukraine”, “empathizing with Ukrainian victims of war”, etc.
SXSW is not included in Table 4.3 as it is not a politically polarized topic to begin with.

We now look at the entire retweet network. Figure 4.5 shows the retweet network,
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Table 4.3: Stances of sampled tweets for each Chamber. The rate of alignment of tweets’
stances with the hypothetical stance of a Chamber shows the accuracy of the network
clustering method.

Topic Chamber Hypothetical
Stance

Sample
Size

N Pro N Anti Alignment N
Uniden-
tifiable

Abortion A Pro-Abortion
(Democrat)

35 32 1 97% 2

Abortion B Anti-Abortion
(Republican)

35 1 34 97% 0

Gun A Anti-Gun
(Democrat)

35 0 31 100% 4

Gun B Pro-Gun (Re-
publican)

35 29 1 97% 5

Ukraine A Pro-Ukraine
(Democrat)

35 21 0 100% 14

Ukraine B Anti-Ukraine
(Republican)

35 2 25 93% 8

Overall 210 - - 97.3% -

visualized by Forced Atlas 2 [100], on the top and the user embeddings on the bottom.
As the main communities within the SXSW retweet network lacked sufficient separability,
given the non-controversial nature of the topic, the Forced Atlas 2 algorithm depicted it
as a unified circular atlas. In contrast, the three controversial topics manifested as two
distinct circles, showcasing their discernible independence.

User embeddings are projected into 2D using UMAP and color-coded based on the
corresponding retweet network (Chamber) they have participated in. The more separable
the blue and red data points are, the more polarized the Chambers are. Instead, in less
polarized Chamber pairs, we expect the points to be mixed more with each other.

Moreover, if the “Echo” in a “Chamber” is high, we expect to observe a higher density
in its users’ embeddings’ 2D projection with respect to the other color-coded Chamber.
This means that a more homogeneous group of people have taken the stance supported
by that retweet network.

After providing a visual intuition, we apply our method (steps in Sections 4.4.3 and
4.4.4) to quantify the Echo and the Polarization of Chambers. Table 4.4 summarizes the
values for linear separability and variance of each Chamber.

In all three controversial topics, the Chambers of the Republican stance have lower
variances (higher Echo) than their Democrat counterpart (column Var in Table 4.4).
Among the three controversial topics, the Chambers of the gun-control topic have the
lowest variance and the highest separability from each other in comparison to other topics,
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Figure 4.5: Comparison of retweet networks vs 2D projection of user-embeddings. The
red and blue points represent the users that had attended Conservative and Democrat
Chambers in the corresponding events.

whereas the exact opposite has happened for the war in Ukraine. This not only shows
a higher level of polarization for the gun-control discussion and a lower polarization for
the Russo-Ukraine war but also a positive relationship between the level of Echo and
the polarization in online discussions. As anticipated, the sole non-controversial topic,
SXSW, exhibited the least polarization and the greatest user diversity, reinforcing the
robustness of our methodology. However, even though it registers as comparatively low,
the observed separability for SXSW is not negligible. This raises the possibility that a
non-political source of polarization could underlie the observed user separation. Further
exploration of such instances is elaborated in Section 4.8.1.3.
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Table 4.4: Summary of results for every Chamber of every topic. Columns beginning with
“Separability:” for Chamber A refers to its users’ separability from its twin Chamber (B)
on the same topic, vice versa.

Topic Chamber Affiliation Var×105
Separability:
SVM
Accuracy

Separability:
SVM
Mean-Conf

Sample Tweet

Abortion A Democrat 7.5 ± 0.3 89% 0.50 Nobody’s life has
ever been saved
by preventing an
abortion.

Abortion B Republican 5.5 ± 0.4 89% 0.50 So pro abortion
protestors are
protesting in cities
they can still get
abortions?

Gun A Democrat 5.8 ± 0.3 92% 0.56 Denmark has tragi-
cally experienced an-
other mass shooting.

Gun B Republican 4.8 ± 0.3 92% 0.56 Sign the petition
against gun control.

Ukraine A Democrat 7.6 ± 0.4 86% 0.48 DO YOU NOW
GET IT WHY
UKRAINE NEEDS
ALL WEAPONS
THE WORLD CAN
GIVE?

Ukraine B Republican 6.4 ± 0.3 86% 0.48 #Washington
created the fas-
cist regime in
#Ukraine... (trun-
cated)

SXSW A Non-
Political
(Affiliation
1)

15.0 ± 0.7 82% 0.45 See you next year
#sxsw. My eyes are
bleeding but was a
blast

SXSW B Non-
Political
(Affiliation
2)

19.6 ± 0.6 82% 0.45 Nice blog from
our #Sxsw panel...
(truncated)

Furthermore, Table 4.5 depicts the heat map of user separability between chambers
across topics. As we fix A and B as the Democrat and Republican Chambers in all
the topics, in case our user embedding method holds sufficiently meaningful features,
our hypothesis would be to see a lower separability among the users of the same-letter
Chambers (i.e., A vs A, B vs B) and higher separability among users of cross-letter
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Chambers (i.e., A vs B, B vs A). This hypothesis seems to hold, as the separability is 86-
93% for all cross-letter Chambers while it falls to 69-80% when comparing two Chambers
with similar letter codes. The minimum separability is 50%, which represents the accuracy
of a classifier when the labels are random (i.e., in this case, identical: Abortion Chamber
A vs Abortion Chamber A again).

Table 4.5: Levels of user separability per pair of Chambers across all the topics. Chamber
A is the Democrat and Chamber B is the Republican retweet cluster.

Chamber A Chamber B
Abortion Gun Ukraine Abortion Gun Ukraine

Abortion 50% 76% 80% 89% 91% 90%
Gun 76% 50% 77% 91% 92% 93%A

Ukraine 80% 77% 50% 89% 91% 86%
Abortion 89% 91% 89% 50% 69% 80%

Gun 91% 92% 91% 69% 50% 78%B
Ukraine 90% 93% 86% 80% 78% 50%

For the Ukraine case, we observe a higher user separability for same-letter Chambers
with the other two topics rather than Gun vs Abortion (e.g. Ukraine’s Chamber B is more
separable from Abortion’s Chamber B – 80%, than Gun’s Chamber B from Abortion’s
Chamber B – 69%). This further supports, as already discussed before, that the users
in the Russo-Ukraine war case are more diverse and its Chambers are less likely to be
divided into purely Democrat and purely Republican users.

Again, our goal is to compare the level of separability by comparing the performance
of the classifier, not building a classifier to separate the users. However, a byproduct
of this observation is to further approve the efficiency of our user embedding approach
by the high accuracy obtained for separating the classes. Using our user embeddings as
features, a simple linear classifier is not only able to classify Democrat vs Republican
users (Section 4.5), but also cases like Pro-Abortion Democrats vs Anti-Gun Democrats.
We find that our novel user-embedding approach has the potential to be used for future
user-classification tasks.

4.7.3. Comparison with Supervised Baseline

This section aims at comparing our newly proposed method with existing baselines.
Unfortunately, when it comes to the field of Echo Chambers and online Polarization,
there is no labeled golden standard of these qualities that tells how topics are polarized
and which ones are more polarized than others [18]. This makes it difficult to judge
how our method performs with respect to existing works as there is no clear definition
of accuracy in this domain. We address this challenge by replicating existing methods
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over well-established polarized topics. In particular, we chose Abortion and Gun-Control
as topics where we expect a high level of polarization. On the contrary, we chose the
Ukraine war as a topic where we expect to see lower polarized discussion in the context
of the US political sphere — where our tweets come from.

We next compare the results of prior approaches over the topics. In particular, we
replicate Garimella et al. [62] method of measuring user’s polarity as it is vastly adopted
by other scholars. As in Garimella’s work, we calculate users’ polarity/ideology based
on the average polarity of content they had shared online as the baseline. Note that the
notion of “user polarity” in [62] is the supervised equivalent of “user embeddings” in our
own approach. In particular, we obtain content polarities by forming a labeled dataset
of online news sources and Twitter accounts annotated as left-leaning, right-leaning, and
centric. We generate this annotated dataset by combining the latest database of AllSides7

and MediaBiasFactCheck8 with the labeled dataset of congresspeople and senators in
Section 4.5. Then, for each user u in the dataset, we consider the set of tweets Pu posted
by u that contain links to news organizations of known political leaning ln or retweets
made from the labeled politician or news accounts on Twitter. We then associate each
tweet/retweet t ∈ Pu with leaning ℓ(t) = ln. The user polarity p(u) of user u is then
defined as the average political leaning over Pu [62]:

p(u) =
∑

t∈Pu
ℓ(t)

|Pu|
. (4.3)

The value of user polarity ranges between -1 and 1. For users who regularly share content
from left-leaning sources, the user polarity is closer to -1, while for those who share content
from right-leaning sources, it is closer to +1.

We restrict our comparison to the user-ideology estimation part as the later steps
of Garimella’s work (e.g., calculating “consumption polarity”) require full access to the
follower/following networks on Twitter which is no longer accessible via Twitter API.9

After measuring the user polarity, we proceed to measure both effects with the new
supervised foundation of user ideology as our baseline using the definition of Echo and
Polarization in Section 4.3.

Figure 4.6 shows the distribution of user polarity across each of the Chambers of
the baseline. The blue (red) curves represent the distribution of users who showed up
in Democratic (Republican) Chambers for each topic (the retweet networks that were
promoting Democrats’ stances for each topic). The level of flatness of each distribution
represents the diversity of sets of users from the entire political spectrum that has ap-
peared in that Chamber [62]. The flatter the distribution of a Chamber, the lower the

7https://www.allsides.com/media-bias
8https://mediabiasfactcheck.com/
9https://twittercommunity.com/t/starting-february-9-twitter-will-no-longer-support-free-access-to-the-twitter-api/

184611

https://www.allsides.com/media-bias
https://mediabiasfactcheck.com/
https://twittercommunity.com/t/starting-february-9-twitter-will-no-longer-support-free-access-to-the-twitter-api/184611
https://twittercommunity.com/t/starting-february-9-twitter-will-no-longer-support-free-access-to-the-twitter-api/184611
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Figure 4.6: Users political ideology (polarity) distribution across each Chamber of each
topic. Negative values manifest left-leaning ideology and positive values manifest right-
leaning ideology.

Echo of voice. Moreover, a high overlap between the distributions of two Chambers of
a topic would represent a lower political polarization in the online conversation around
that topic. Similar to our results (cf. Figure 4.5 and Table 4.4), we see there is an over-
lap between the distribution of users in the Democratic Chamber and the Republican
Chamber in the case of the Russo-Ukrainian war. On the contrary, for “Abortion” and
“Gun-Control”, Chambers have minimal overlap as in our results, showing a higher level
of polarization in those topics. In other words, only right-wing (left-wing) users — ones
with positive (negative) polarity scores — had taken Republican (Democratic) stances.

Table 4.6: Replication of Table 4.4 with Supervised Baseline.

Topic Chamber Affiliation Var (Inverse of
Echo)

Partisan Stance Rate
(Polarization)

Abortion A Democrat 0.13 ± 0.02 95.9%
Abortion B Republican 0.13 ± 0.02 95.9%

Gun A Democrat 0.13 ± 0.02 96.3%
Gun B Republican 0.12 ± 0.02 96.3%

Ukraine A Democrat 0.24 ± 0.02 85.9%
Ukraine B Republican 0.28 ± 0.03 85.9%
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We next quantify the level of Echo and Polarization per topic. To compute the base-
line, we quantify the Echo by also leveraging the variance of user polarity per topic. For
Polarization, we measure the percentage of partisan stances; the rate of users who sup-
ported the stances that were aligned with their original political leaning (e.g., the number
of left-leaning users who took a pro-abortion stance, and vice versa, divided by the total
number of users). The higher the percentage of partisan stances on a topic, the higher
would be the topic’s polarization. Table 4.6 shows the baseline results.

We make the following observations when comparing the baseline with our results in
Table 4.4. First, the baseline’s results are aligned with our method in terms of polarization
judging by the correlation between the separability of our approach and the partisan stance
rate of the baseline (cf. last columns in Tables 4.4 and 4.6). In particular, our results
show that the Russo-Ukrainian war is the least polarized topic, and Gun control is the
most polarized one. For the case of SXSW, the measurement was inapplicable as the
Chambers were not initially classified as Democrat or Republican and we also did not find
any sufficient number of political references in their tweets. While the results we obtain
detecting polarization are comparable with the baseline, we note that our approach is
unsupervised and it does not suffer the burden of the labeling process as in the baseline.

Second, we see that the Echo in the Ukraine chambers is the highest in both the
baseline and our method as indicated by the “Var” column in Tables 4.4 and 4.6. However,
we note that the Echo in the chambers of the Abortion and Gun topics in the baseline
are not significantly different from one another as opposed to what was expected. Recall
that Chambers with Democratic stances preserve higher diversity of users (lower Echo).
Instead, our method is able to detect differences in terms of diversity in Democratic
and Republican Chambers. We attribute the difference to a limitation of the baseline in
measuring the ideology as a one-dimensional pre-defined political spectrum as we discuss
in Section 4.8.1.3. Notably, a transformer-based user-embedding method can represent all
sorts of semantic qualities produced by users that can be attributed to the user’s political
ideology, dialect, gender, etc. manifested in his/her produced content online. Therefore,
our results are more aligned with the real-world statistics showing that Democrats are
more ethnically diverse when compared to Republicans [101].

4.8. Discussion

We now discuss our key findings as well as limitations and future work.
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4.8.1. Key Findings

4.8.1.1. Quantifying Diversity.

Leveraging state-of-the-art language models, this chapter proposed an intuitive, com-
putationally cheap, and unsupervised approach for quantifying Echo-Chambers and exist-
ing polarization phenomenons. The generalizability of our metric enabled us to compare
these effects across four topics. The results show that the highest polarization has hap-
pened among the Gun-Control topic’s Chambers and the lowest for SXSW, the only
non-controversial topic of the analysis, followed by the War on Ukraine. Moreover, we
showed that the diversity of users in all three controversial topics of our analysis is lower
for the Republican stances (e.g., Anti-Abortion) than the Democratic ones (e.g., Pro-
Abortion) on the same topic. Pew Research Center had previously confirmed a greater
representation of Democrats on Twitter [102]. What our observation adds to the polls
is that the users with democratic stances are not only represented higher on Twitter in
terms of number but also in terms of diversity.

We discovered that the hashtag “#SXSW”, the only non-partisan hashtag of the
analysis, expectedly, has the highest diversity of users among the hashtags. Then, among
the partisan hashtags, “#StandWithUkraine” has the highest diversity of users. This
can mean that manifesting support for Ukraine has been prevalent among people of more
diverse sets of ideologies, or/and demographics, or/and etc.

In a scenario where users are mainly located in the US, this could be related to the
phenomenon of “Rally Round the Flag” as in political science [103, 104, 105]. Otherwise,
this high diversity can hint to the higher variety of user locations in Ukraine supporters,
suggesting a higher global involvement with the topic, in comparison to the domestic
issues in the analysis (i.e., gun and abortion).

The term refers to the notion that when a major national conflict takes place, the
American people are likely to set aside their disagreements with the incumbent presi-
dent’s policies or performance in office to demonstrate a united front to the international
community [106]. Although the high amount of user embedding diversity for “#Stand-
WithUkraine” and Ukraine-related Chambers in Section 4.7.2 confirms it, the higher
similarity (lower linear separability) of the users of the hashtag to Democrats than the
Republicans tells that the rally had possibly happened among hard-core Democrats and
non-political users, leaving some hard-core Republicans out.

In a related vein, Bailon et al. [21] investigated the extent to which Facebook enabled
an asymmetrical ideological segregation in political news consumption during the 2020
US presidential election. They found that Conservatives were more likely to be exposed
to ideologically homogeneous information than liberals. Combining these findings with
our results which show that the homogeneity of user embeddings, which is higher for
Republicans in our findings, and the homogeneity of users’ news consumption, which is
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also higher for Conservatives according to Bailon et al., we can hypothesize that there
can be a meaningful causal relationship between the two phenomena.

4.8.1.2. User Embedding.

We embedded users by averaging the sentence embeddings of their tweets. Averaging
embeddings have previously been applied to word embeddings to generate an embedding
for a sentence [107]. However, to our knowledge, it has not been applied to multiple
sentence embeddings to represent authors as in our work. As the words of a sentence
are elements that are sequentially dependent on each other, their order should preferably
be taken into account in an ideal NLP model. However, we posit that averaging would
perform better when we are dealing with embeddings of tweets that are the independent
elements of the user’s mindset. Thus, the order would barely mean much in this case.
Therefore, we expect that averaging independent sentences’ (tweets’) embeddings would
return meaningful results. Moreover, there is a statistical justification for averaging the
embeddings due to the “blessing of dimensionality.” Since exponential numbers of embed-
dings are almost orthogonal in high dimensions, two random sets of embeddings are very
unlikely to have similar averages [108].

4.8.1.3. Quantifying Polarization.

It is worth noting that while quantifying the polarization across Chambers using
embedding separability, what we measure is the separability of users’ discourse across
Chambers. Yet, understanding the underlying source of discourse separability requires
further analyses. As we embed the users utilizing sentence transformers, the encoded
features for every user are black boxes that have stored the online semantic behavior of
a user. This means that we are not investigating the aspects on which the discourse
of the users is polarized. The timeline generated by users can be influenced by his/her
sociopolitical leaning, economic leaning, socioeconomic status, gender, age, personality
type, geographical location, language variety, etc. Our metric can nevertheless show a
high rate of user separability for two Chambers of a non-controversial topic if, for instance,
the Chambers are formed based on the local follow-network in different locations and each
location’s dialect or daily concerns can distinguish its users from other locations.

In this chapter, we applied the metric to pairs of Chambers that are known to be
different on the basis of political stance on a topic (e.g. pro-gun vs. anti-gun retweet
networks) and verified this by sampling a few of the tweets from the retweet network of
every Chamber. In such cases, every sort of hidden encoded feature causing a difference
between the users of the two clusters is translated as an underlying source of “political”
polarization. For instance, if all the women are pro-choice in Chamber A, and all the men
are pro-life in Chamber B, the abortion topic is polarized on gender. Alternatively, if
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most of the southerners in the US are pro-gun and most of the northerners are anti-gun,
the Gun-control topic is polarized on geolocation.

Most of the possibly embedded features of users mentioned above can be measured as
continuous variables. For instance, sociopolitical or economic views can be anywhere be-
tween alt-right to alt-left, and socioeconomic status can be a number anywhere from 0$ to
1M$+ per year). Also, demographic features such as age, gender [109], and ethnicity [110]
are considered continuous spectrums of values in recent social science literature. This will
make the concept of linear separability a more meaningful metric for such variables, as
they will be converted into numbers embedded in a continuous 768D space and sepa-
rated by a hyperplane. For possible cases of non-continuous features, although the SVM
mean confidence interval would be a less meaningful metric as it relies on the distance
to the separating hyperplane, the accuracy of the SVM classifier would cover the level of
non-continuous divide (e.g. a hypothetical binary division in 1D would be separated by
a vertical line in 0.5, yet the distance to that vertical line, which corresponds to SVM’s
confidence interval, would not yield a meaningful result).

4.8.2. Comparison with Previous Approaches

Our approach marks a departure from traditional methodologies utilized in prior
works, notably those pioneered by Garimella et al., Pablo Barbera, and others [14, 19, 22].
The core idea of previous Echo Chamber measurement approaches centered around estab-
lishing correlations between the political leaning of the content the online user is exposed
to or believes in, and the political leaning of contents they produce on specific topics. This
correlation served as a key metric for evaluating the degree of polarization (i.e., in more
controversial/polarized topics, there is a higher correlation between what users consume
in general and what they produce on that topic).

User’s exposure or user’s general belief is typically modeled by the political lean-
ing of the user’s neighborhood [22] which is estimated from follow networks representing
the connections users have with each other. The leaning of content exposure is deter-
mined by examining either the political affiliations of users in Twitter’s follow-network
(i.e. if user A follows Donald Trump, their score leans more toward conservatism) or by
assessing the latent space position of users within this network [19]. In our work, this
element is replaced by unsupervised transformers applied to the timelines of users.

The leaning of produced content has been traditionally calculated by counting
pre-labeled political sources or examining retweets from political figures with predefined
leanings. For instance, referencing/retweeting a source like Fox News on the topic of
abortion will increase the conservative score of a user on that topic.

We list several advantages and disadvantages of our model when compared to the
described previous approaches.
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4.8.2.1. Advantages:

1. Availability of Data: Given the evolving landscape of social media privacy poli-
cies, especially regarding the collection of follower data, our method is less vulnerable
to the current social media policy restrictions. Notably, since Twitter’s reform, the
complete following or followers list of users is no longer visible. This trend can also
spread to other social networks in the future. Our focus on the minimal amount of
open-source timeline data remains a viable alternative.

2. Unsupervised Nature: The reliance of the previous method on pre-labeled po-
litical sources makes them not only reliant on expensive crowd-sourcing but also
less robust to the fluid nature of political landscape changes and the migration of
users to new platforms. For example, as there is evidence of mass migration of
users from Twitter to Mastodon [111], an analysis of polarization in a new social
media like Mastodon requires new labeling of political sources and celebrities in
that platform. Yet, the unsupervised nature of our approach which is based on the
embedded features of the timeline, is robust to such changes.

3. Multi-Dimensional Understanding of Polarization: As the foundation of pre-
vious approaches is based on sources labeled as politically left or right their under-
standing of polarization would be limited to political polarization exclusively; and
only the left and right duality in political polarization which is not the only type
of political divide [4], especially in non-western countries [112, 113]. For instance,
religious divisions are more pronounced in nations that have embraced seculariza-
tion and possess a heritage tied to Catholicism, indicating a heightened polarization
influenced by religious passion within secular societies [114]. As sentence transform-
ers in our approach embed various sorts of semantic information produced by users,
the measured polarization in our approach can encapsulate multi-dimensional sorts
of polarizations.

4.8.2.2. Disadvantages:

1. Unspecified Source for Polarization: In scenarios where the primary aim re-
volves around measuring polarization in classic conservative versus democrat dimen-
sions, the previous methodologies provide more definitive insights into the political
sources driving polarization. Unlike these approaches, our method operates as a
black-box in determining the specific sources or dimensions contributing to polar-
ization. In Section 4.8.3, we discuss two approaches to addressing this limitation.

2. Less Granularity: The overlap of content consumption and production in previ-
ous approaches offers polarization scores at the individual user level. In contrast,
our method evaluates polarization holistically by assigning an overall score to the
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polarization between two Chambers by looking at the overall separability of their
users. However, this limitation can nevertheless be mitigated by examining the
distance of users’ embeddings from the support vectors’ hyperplane in the SVM
classifier that separates two Chambers.

4.8.3. Limitations & Future Work

Our method offers systematic — and unsupervised — insights into the polarization
of different Web communities, which led to the key findings presented above. However,
as computational social science research that aims to bridge between the quantitative
domain of computational methods and the partly qualitative domain of social sciences,
our approach is subject to some assumptions and limitations.

One of the limitations is the absence of an objective ground truth that tells which
topic is more polarized or subject to the Echo-Chamber effect with respect to other
controversial topics. This limitation is shared with previous work [18] that mentions the
intuitiveness of evaluation based on the labeling that a topic is controversial/polarized.
The alternative to such methodological assumptions is to hand-label/survey thousands of
users [18]. We nevertheless evaluate the core of our method in Section 4.5 with ground
truth of congress-people and senators who are labeled as Republican or Democrat, and
we show that our method can successfully distinguish between them.

We further evaluated other intermediate steps like the network clustering step by
manually labeling a random sample in Section 4.7.2, and compared our method with a
well-established baseline in Section 4.7.3 showing significant improvements when com-
pared to existing methods.

Future work can utilize our user embedding approach for any task related to user
classification (e.g., gender classification and bot detection). In this chapter, we embedded
the users merely based on their 200 recent tweets. When using Twitter’s official API to
gather user data, each API response includes 200 tweets per page. As our main focus
in this chapter was less on reporting an intensive measurement and more on introducing
and testing our proposed method, we limited the scraping to 200 tweets per user to
remove the need for pagination and make the collection process less time-consuming and
complex. This served as a preliminary analysis, which yielded a sufficient amount of
accuracy to manifest the separability between users, both in the case of congresspeople
and users in different Chambers. Moreover, given the evolving landscape of stringent
data access policies, exemplified by the recent measures implemented by Elon Musk on
Twitter,10 which are indicative of an industry trend likely to restrict extensive online data
accessibility, our demonstration of an approach that is reliant on smaller data subsets
aligns with the need for approaches less dependent on data quantity.

10https://techhq.com/2023/07/why-has-twitter-introduced-rate-limits/

https://techhq.com/2023/07/why-has-twitter-introduced-rate-limits/
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The scope of this study was limited to quantifying the amount of Echo inside Chambers
and polarization across the Chambers. However, the underlying source of the polariza-
tions can be multidimensional, rooting in variations in sociopolitical views [4], economic
views, socio-economic statuses, geographic locations, linguistic differences, etc. A po-
tential future direction is to analyze the source of polarization between Chambers by
investigating various semantic features in users’ timelines and profiles. Instead of a single
embedding per user, we can create separate embeddings for different aspects, such as
political views and language preferences. These separate embeddings can help us better
understand why and how users become separated within chambers.

A more sophisticated approach in natural language processing involves unraveling the
opaque semantic features embedded by sentence-transformer models through Explainable
AI techniques [115]. By deciphering the semantic meaning associated with each element in
the approximately 700-dimensional vectors, we gain the capability to discern the specific
semantic features contributing to the separation between two data points that have been
semantically embedded. For instance, if we can identify that elements 1, 52, and 401
encapsulate the semantics of political views in texts, while elements 5, 203, and 628
pertain to accent-related features, we can utilize the coefficients derived from classifiers
like SVM to elucidate the underlying source of separation. If an SVM classifier assigns high
coefficients to elements 1, 52, and 401 for two chambers, it signifies that the polarization
between them is rooted in the political views of the users. Similarly, heightened coefficients
for accent-related elements in the embedding vector would indicate accent-related features
as the source of polarization.

Data & Code Statement

For reproducibility and to facilitate future research on the topic, we release our en-
tire code and anonymized data on GitHub at https://github.com/vahidthegreat/

transformer-based-echo-chamber-detection.

Ethical Considerations

Our research is meant to help social scientists, offering a quantified perspective of
the Echo Chamber effect, and for online moderators and policy-makers to track and
mitigate online polarization and radicalization. Our dataset does not contain any private
information. We do not publish author names, IDs, or any information that could be
used to identify individuals to respect the privacy of Twitter users. The final results are
fully replicable as we open-source our tool, and share anonymized data and the methods
we have used to collect it.

https://github.com/vahidthegreat/transformer-based-echo-chamber-detection
https://github.com/vahidthegreat/transformer-based-echo-chamber-detection


5 Cross-Partisan Interactions on
Social Media

Abstract

Building on the findings of Chapter 4, this chapter investigates the content and dynam-
ics of Cross-Partisan Interactions (CPIs) on social media, specifically examining whether
the observed diversity in discourse among users with Democratic-leaning viewpoints trans-
lates to more productive conversations across ideological divides. Utilizing LLMs as an-
notation tools, this chapter compares sentiments and stances expressed in both partisan
and cross-partisan interactions. Our content analysis suggests that although Democrats
engage more frequently in cross-partisan interactions, their participation often includes
more negative and nonconstructive stances, unlike Republicans who maintain a more
consistent tone across interactions.

5.1. Introduction

The rise of social media has profoundly transformed political discourse, presenting
both opportunities and challenges for democratic communication. While these platforms
are often criticized for creating “Echo Chamber” that reinforce existing beliefs and deepen
societal polarization, emerging research suggests a more nuanced landscape of interaction.
Cross-partisan interactions (CPIs) represent a critical lens through which we can under-
stand the potential for digital platforms to bridge ideological divides or exacerbate existing
tensions.

This study investigates the complex dynamics of cross-partisan interactions by sys-
tematically examining the content characteristics – particularly sentiment and stance –
that distinguish partisan from cross-partisan exchanges across parties (Republicans and
Democrats).

Our research builds upon prior findings that Democrats are more likely to engage
in cross-partisan interactions [15], yet their participation is often characterized by nega-
tive communication patterns. Specifically, Democratic participants tend to adopt more
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critical, accusatory, and hostile stances during cross-partisan exchanges, in contrast to Re-
publicans, who demonstrate a more consistent communicative approach across partisan
and cross-partisan interactions.

5.2. Data

We define a Cross-Partisan Interactions (CPI) as a direct interaction between two users
of different political orientations. We use Twitter (X) as the platform to study. Twitter
features four types of interactions between users: retweets, likes, quotes, and replies. We
limited our analysis only to replies, as only replies provide evidence that people intend to
engage in a direct reciprocal interaction that can lead to a dialogue [116, 117].

To study CPIs, we first collect a dataset of interactions in the form of replies, replied
tweets, and root tweets. We then employ political orientation detection to identify parti-
sanship and discover cross-partisan interactions.

We limit our focus to the U.S. context and define partisanship as left-aligned (leaning
towards liberals or Democrats) or right-aligned (leaning towards conservatives or Repub-
licans). We limit the data period to 2020 as it captures the general discussions, such as
the pandemic (often non-political) and the political discussions related to the 2020 U.S.
presidential election.

5.2.0.1. Replies & Roots:

To have an unbiased sample of replies, we employed the 1% random sample of Twitter
provided by the Internet Archive [118]. The dataset comprises 3,029,231 reply tweets in
English, responding to 2,299,444 unique tweets. However, on Twitter, tweets can be part
of a reply chain. To simplify the analysis, we discard the nested replies and limit the
analysis where the replied tweet is not a reply of the original tweet (namely, root). This
brings the dataset to 1,925,010 direct replies (63.5% of all replies), replying to 1,227,346
root tweets. There are 708,929 unique repliers and 254,494 root authors.

5.2.0.2. Political Orientation:

We employ the methodology of [15] to measure users’ political orientation. The
method uses Bayesian inference on users following data to assign a political orientation
score to them, which ranges between -5 and +5. Negative values signify leaning toward
Democrats and positive values mean leaning toward Republicans. Our dataset with only
direct replies contains 875,650 users. Among these, 61,655 users (7.0%) are not assigned
a score due to the absence of the following data and are excluded from the analysis. We
see 529,464 users classified as left-aligned and 242,763 classified as right-aligned due to
having an absolute score above 0.1. There are 41,768 users with a score between -0.1 and
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0.1, that are considered neutral and discarded from the analysis.

5.2.0.3. CPI Data:

We classify an interaction as a CPI if the replier and the root author are assigned a
different political orientation. There are 661,661 replies classified as CPI (%34). Of these,
196,642 are from Republicans replying to Democrats, making up 33.2% of all Republican
tweets, and 432,004 are from Democrats replying to Republicans, accounting for 34.3%
of all Democrat tweets. Cross-partisan interactions originating from Democrats make up
65% of all CPIs.

5.3. Methodology

To better understand user interactions, we characterize tweets with annotations de-
scribing their sentiment and stance. We use these annotations to perform a comparative
content analysis. Due to the large size of our dataset, we resort to automated charac-
terization mechanisms. In particular, we leverage state-of-the-art LLMs. We prompt the
root tweets and replies to an LLM and task the model to describe them using three adjec-
tives. For the replies, the task is to describe the stance against the root tweet with three
adjectives while we offer both the reply and the root tweet to the LLM. Since root tweets
are not usually directed to another tweet, we ask the LLM also to annotate its sentiment.
This method is an alternative to constraining LLMs by predefined classes and helps us
qualitatively analyze the sentiment and stances of the tweets.

Table 2.1 provides sample prompts passed to LLM and the completion provided by
LLM. Later, in Section 5.5.1 we discuss the reason and limitations of our choice of prompt
engineering and possible future configurations.

The interactions we characterize in our dataset are of four categories: Democrats
replying to Democrats (D→D), Republicans replying to Republicans (R→R), Republicans
replying to Democrats (R→D), and Democrats replying to Republicans (D→R). As, for a
fair comparison, we intend to have a balanced amount of annotations from each interaction
type, we randomly sample 100,000 (the approximate size of the smallest category of
interaction) tweet-reply pairs resulting in a total of 400,000 instances.

We employ “Mistral-7B-Instruct-v0.2”.1 This open-source model allows for efficient
processing of the large dataset while maintaining adequate language-understanding capa-
bilities. We downloaded the model locally from the Hugging-Face. Each query completion
took 5̃ seconds on an NVIDIA A100 80GB GPU. Due to the light size of the model, we
parallelized the process into 10 folds and obtain the answers in 1̃0 days.

We validate the annotations by manually inspecting a random sample of 100 of the
AI-annotated tweet replies and labeling them as correct or incorrect. The LLM (Mistral-

1https://huggingface.co/mistralai/Mistral-7B-Instruct-v0.2
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7B-Instruct-v0.2 ) performs 97% accuracy for the sentiments of root tweets and 88% ac-
curacy for the stances of reply toward root tweets. A caveat is that since we do not have
a predefined set of classes, the human annotator could not provide labels beforehand.
Although not classified as incorrect, we observe that LLMs sometimes annotate the sen-
timent of the reply instead of its stance, e.g., “happy” instead of “happy for them” or
“supportive.” We do not correct these annotations and leave them as a limitation of this
approach.

5.4. Results

We leverage the LLM annotations (root sentiments and reply stances) generated in
Section 5.3.

5.4.1. Stance Contrast, PI vs. CPI

Our initial phase of content analysis is to investigate how users of different parties
differentiate in terms of stance when interacting with in-group (PI) and out-group (CPI)
users. This can potentially shed light on the productivity of CPIs across the two parties.

We compute the frequency differences of each AI-annotated stances of the replies
across the PI and CPI of every party (i.e. D→D vs. D→R, and R→R vs. R→D) and
normalize them by the average of the annotation frequency between them. Then, we
visualize the contrast for every annotation in a pyramid bar chart. Let f

Gright

i denote the
frequency of the AI-provided annotation i in the group on the right side of the bar, the
x-axis of the chart is calculated as in Equation 5.1:

Xi = f
Gright

i − f
Gleft

i

(fGright

i + f
Gleft

i ) × 0.5
(5.1)

A positive (negative) value indicates a higher frequency in the right (left) group.
Figure 5.1a presents the word frequency differences between Democrat-to-Democrat

(D→D) and Democrat-to-Republican (D→R) interactions. Notably, D→D interactions
are characterized by words associated with empathy, positive sentiment, and agreement,
such as “happy”, “reciprocal”, and “empathetic”. Conversely, D→R interactions exhibit
words indicative of conflict in stance and negative emotions, like “accusatory”, “dismis-
sive”, “hostile”, and “critical”.
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(a) D → D vs. D → R (b) R → R vs. R → D

Figure 5.1: Stance-wise differences of partisan vs. cross-partisan replies across parties.
The bar labels indicate the overall frequency of the annotation. For samples of tweets for
each annotation (stance), see Table 5.2.

However, we do not observe the same pattern in R→R and R→D interactions as shown
in Figure 5.1b. Other than the term “agreement” for partisan interaction vs. the term
“unsupportive’ for their cross-partisan behavior, the Republicans’ replies to the in-group
and out-group users are more uniform in attitude than Democrats’ replies to in-group
and out-group users. Moreover, the sizes of bars, that represent the level of contrast,
are notably larger in Figure 5.1a than in Figure 5.1b which further suggests a higher
contrast in Democrats’ cross-partisan and partisan interactions than Republicans. These
findings suggest that although according to [15] Democrats are more likely to engage
in cross-partisan interactions, those interactions are more likely to exhibit negative and
confrontational language compared to within-party interactions, a discrimination that is
less salient in Republicans’ PIs vs. CPIs.

5.4.2. Root Sentiment vs. Reply Stance

Our next content-based analysis focuses on identifying the underlying sentiments that
are more likely to foster certain stances in replies. We employ the top 10 most frequent
adjectives from the root tweets’ sentiments and stances of the replies to create contingency
matrices for both categories of interactions (PI and CPI). Using Chi-Squared test χ2 =∑ (Observed−Expected)2

Expected we compute the association between each sentiment↔stance pair.
Figure 5.2 visualizes the sentiment↔stance relationship by a triangular heatmap, where
each cell was divided into two: the top-left triangle shows the values for the partisan
interactions, while the bottom-right triangle represents cross-partisan interactions. The
color scale, ranging from blue (-1) to red (+1) with white at 0, reflects the strength
of the observed versus expected values. Therefore, a positive (negative) value in each
cell indicates a positive (negative) association between the corresponding root sentiment
and reply stance. Each cell on Figure 5.2 shows Observed−Expected

Expected to indicate positive and
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negative associations and the p-values. The p-values are computed after taking the square
of the nominator as in the original setting.

Figure 5.2: Chi-test statistics χ = Obsereve−Expected
Expected for co-occurrences of sentiments in

root tweets and stances in replies (Top-Left: PI, Bottom-Right: CPI). Starred cells indi-
cate p-values below 0.05.

The heatmap reveals that certain root sentiments are more likely to encourage similar
sentiments/stances in the replies. For instance, we observe that “eager” sentiment in
the root tweets often lead to “eager” and “motivating” stances in replies, with values
highly above 0, indicating a strong positive correlation. Similarly, “Positive” sentiments
generally elicit more “motivating” responses, while “critical” sentiments lead to stances
like “dismissive”, “critical”, and “sarcastic”, all with values greater than 0. In contrast,
“skeptical” and “critical” sentiments discourages “eager” and “motivating” stances in
replies, with values strongly below 0.

We also observe that these patterns are relatively consistent across both partisan and
cross-partisan interactions in the heatmap. To further validate this, we extend the scope
of the contingency matrix to the 50 most frequent sentiments and stances (a contingency
matrix with 2500 × 2 cells) and detect a Pearson correlation of 95% between the values
calculated for PIs and the values calculated for the CPIs. This may suggest that root
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sentiment is not a very strong factor for fostering CPIs compared to users and topics.

5.5. Discussion

The results provide valuable new insights into online CPIs from a multi-fold perspec-
tive, i.e.: user, topic, and content. Although Democrats are more likely than Republicans
to engage in CPI, with respect to their own PI, their engagement is more likely to con-
tain negative (e.g. “critical”, “skeptical”, “challenging) and sometimes nonconstructive
stances such as “accusatory”, “dismissive”, “hostile” (see Figure 5.1a. Whereas, in terms
of stance, Republicans discriminate less between when they are replying to Republicans
(PI) and when replying to Democrats (CPI) (see Figure 5.1b).

Moreover, users who talk in a friendly way, receive less toxic or critical replies. For
instance, in Figure 5.2, “eager” and “positive” sentiments in the root tweets associate with
“motivating” and “eager” stances in the replies and correlate negatively with “dismissive”
stance. On the other hand, negative sentiments in root tweets are more likely to provoke
nonconstructive and negative stances in the replies (e.g. “dismissive” or “critical”). In-
terestingly, this phenomenon is independent of whether the interaction is a CPI or a PI
as we observed a 95% correlation for the values in Figure 5.2.

5.5.1. Limitations

Continuous CPIs: The CPIs between users close to the political center, and the CPIs
between extremes may be inherently different. We initially experimented with a continu-
ous CPI value by multiplying the political orientation score of the poster and the replier.
However, we did not notice a drastic change in the results of our initial experiments. We
plan to address a deeper analysis as part of our future work.
Reply chain and media: To simplify the analysis, we limit it to root tweets and their
direct replies, and discard the replies of replies. Our content analysis is limited to the
textual content present in the tweets. The analysis of the links, images, and videos in the
tweets falls beyond our scope.
LLM’s annotation: We employed a heuristic approach for LLM annotation. While
the chosen LLM and prompts provide a foundational framework for large-scale social
computing and annotation tasks, they may not represent the optimal configuration. For
instance, the number of adjectives requested from the LLM could be adjusted to capture
more granular nuances. Our configuration of prompting was obtained through trial and
error with our LLM. When we tried not setting a limit for the number of adjectives, it
caused Mistral-7B-Instruct-v0.2 to generate sentences rather than words, possibly because
in that case, we couldn’t provide limited placeholders for the adjectives (\n adjective 1:
\n adjective 2: \n adjective 3:) as in Table 5.1. Moreover, in some cases, the LLM did
not differentiate the concept of stance and sentiment when asked to annotate the stances
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of the replies (e.g. the word “loving” in Figure 5.1 is more of a sentiment than a stance).
However, we find such confusions to be rare, and we observe that they do not hinder the
objective of our analysis. This is because understanding any salient semantic quality in
the content of replies is insightful for us; whether it is stance or sentiment. We leave
experiments with other LLMs and configurations to future work.

5.6. Conclusion

This work highlights critical implications for understanding online political commu-
nication. While Democrats manifest a higher propensity for cross-partisan engagement,
their interactions are often characterized by negative communication patterns, poten-
tially undermining the constructive potential of these exchanges. Republicans, in con-
trast, maintain a more consistent communicative approach across different interaction
contexts. These insights suggest that the mere presence of cross-partisan dialogue does
not guarantee meaningful understanding or reduced polarization.

Future work can easily deploy alternative Large Language Model (LLM) models, which
could offer more nuanced annotations. Our choice to use “Mistral-7B-Instruct-v0.2” was
largely motivated by its open nature, and the human-driven validation of its annotation
proved it to be reliable. Moreover, as discussed in Section 5.5.1, our prompt-engineering
style for this task is purely heuristical and may not be the optimal setting for its intended
task. This may also be improved in future work through more extensive trials and errors.
For this, we posit that this study serves as a preliminary demonstration of the potential
applications of LLMs in this domain, and further research is needed to refine and optimize
the implementation of our methodological steps.

Stance Root Tweet Reply Tweet Interaction
patriotic I’m Proud To Be An

American!
@USER Love the song.
Happy tears of pride.

R → R

Prayerful The Lord will make you
great..

@USER The Lord will
make me great. Amen.

R → R

Conspiratorial Giuliani Rips Fauci,
Says US Paid for ’Damn
Virus That’s Killing
Us’ [LINK]

@USER The Deep
State at work with
their cronies #Crook-
sandCommunists

R → R

certain You Vote: Do you think
Antifa is a domestic ter-
rorist organization? —
Just The News [LINK]

@USER Yep without a
doubt

R → R
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unsupportive Your support means ev-
erything. I will never
stop fighting for our
movement. [LINK]

@USER You don’t have
my support.

R → D

imaginative If life were a 90s Fox
drama, Harry and
Meghan would abandon
the royalty to start a
fresh ad agency in LA.

@USER Set it at
Christmas and you
have a Hallmark movie
in the making

R → D

proactive The Pope says tax
evaders have stolen
from the Government
and weakened Italy’s
health scheme and are
murderers [LINK]

@USER We need to
stop cash in hand as
well, it’s rife, especially
in London #Lockdown-
Now

R → D

reciprocal Shots from the PEACE-
FUL #BlackLivesMat-
ter protest in Austin to-
day. City made me
proud! [LINK]

@USER I was there
too. Incredibly hope-
ful to see so many peo-
ple show up for change.
#BLMprotest

D → D

similar Admit it. You wish
it was Sunday already.
#KillingEve

@USER Oh my god yes
.. I’m obsessed too

D → D

relatable I’m at work. I’m always
at work. I’m losing my
mind.

@USER Oh good, I was
starting to think I was
the only one

D → D

fascinated #WhenTheLockdownEnds
I’m going to party like
a Maya Ruler in a
weird lobster costume!
[LINK]

@USER Wow! Is that
from Bonampak? What
a party!

D → D

empathetic RIP Grandpa.... We
lost him to COVID-19
last night

@USER I’m so sorry D → D

accusatory Why bother to tweet
about this, of all things?
[LINK]

@USER He’s happy to
have people dying to
improve his ratings.

D → R
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hostile This is critical evidence
confirming what we al-
ready knew to be true
— China lied. China
continues to lie. China
must be held responsi-
ble [LINK]

@USER shut up, traitor D → R

dismissive Trump, reading, says
COVID-19, then adds,
”You know what that
is? Right. Become a
very famous term. C-O-
V-I-D. COVID.”

@USER He’s a child. D → R

skeptical New: Biden says he will
choose his running mate
next week - CNNPoli-
tics [LINK]

@USER He said this im-
mediately after becom-
ing the nominee.

D → R

critical President Trump says a
new, faster coronavirus
test is going to be used
soon. He says: I hope
the new test works out.
Hopefully it will check
out or test out. It will
be a very simple test. It
won’t be unpleasant at
all.

@USER Trump doing
the right thing after ex-
hausting all other op-
tions.

D → R

Table 5.2: Sample tweets for AI-generated stances for replies.

Adjective Root Tweet Party
significant Meanwhile, in other news, this important summit meeting

to develop strategies to fight the pandemic.
Democrat

shameful There is no greater embarrassment in the House of Repre-
sentatives than Jim Jordan.

Democrat

moral Anyone who thinks they need to go forward with an exe-
cution in this moment shouldn’t ever have the authority to
carry out executions.

Democrat
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alert We are making progress. Some good recovery numbers are
coming in. GHS should be announcing soon. Doesn’t mean
we can let down our guard and live without care. Let’s keep
observing the preventive etiquette.

Democrat

perspective To people complaining about the wrong statues getting re-
moved: if the right statues had been removed earlier or
NEVER placed, you could have avoided all this.

Democrat

responsible If we’re going to rise to this moment with the attention and
action that it fully deserves, we better start listening. We
better own up to our own responsibility that led to this
moment. And we better start inviting change.

Democrat

proactive NEW: New York State will require all hospitals to have on
hand a 90-day supply of PPE at quantities sufficient to meet
the rate of use during the worst of this crisis.

Democrat

balanced The level of anger directed at the media from these
protestors was alarming. As always, I will tell a fair and
unbiased story today.

Democrat

overwhelmed I cannot work. The Christmas break has broken me Democrat
humorous My wife is a teacher. There’s herding cats, and then there’s

”webinar with 20 1st graders”
Democrat

intimate My mom just passed away in her sleep. Does not appear
covid related. I’m numb.

Democrat

gentle Good morning sweet girl\nHave a great day. Democrat
unempathetic She can stand in the unemployment line.. Democrat
unconventional There are no rules... for breakfast I just had garlic cheese

bread along with my berry protein shake \nWhatever
Democrat

tired I need to be in bed. #QuarantineLife Democrat
surreal Even the bedbugs are wearing masks. Democrat
isolated Am I the only person who’s never watched Friends? Democrat
misleading The President is rambling, reading a script full of badly

formed theories. And lies.
Republican

interesting This is the most bizzare part of a fascinating thread about
how Labour responded to the 1992 defeat.[link]

Republican

arrogant Trump: “Weŕe doing a job the likes of which nobody’s ever
done.”

Republican

radical AI is more dangerous than nuclear weapons. Republican
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diplomatic US Secretary of State Mike Pompeo in his opening remarks
in #Doha says that the Taliban have committed to cut their
ties with terrorist groups. #Afghanistan #PeaceDeal [link]

Republican

formal President Trump announces intent to appoint Dr. Sebastian
Gorka, of Virginia, to be a Member of the National Security
Education Board for a term of four years.

Republican

self-centered ”We understand there are still many sick and dying...But
what about the rest of us?” [link]

Republican

alarmist Our national media is ROOTING for hydroxycloroquine to
not work as a treatment for #Covid 19. Think about that.

Republican

amused Just got a PR pitch that includes the word “covidpreneur” Republican
accusatory The Chinese Communist Party is responsible for every single

death, every job lost, every retirement nest egg lost, from
this coronavirus. And Xi Jinping must be made to pay the
price.

Republican

negative A rebound in 2021 will not happen if we keep doing this...
[link]

Republican

disgusted What kind of man uses a funeral to push a political agenda?
[link]

Republican

outraged Wake the f*** up America! [link] Republican
sarcastic A face mask is part of the ’scamdemic,’ they say. But they’ll

be happy to sell you one [link]
Republican

prayerful Please Lord let it be so. [link] Republican
prejudiced Black people love acting like kings, queens and African war-

riors, but never like normal Americans. [link]
Republican

conspiratorial The World your mind has been MK Ultra Programmed into
believing you live in, bears no resemblance to the World you
are actually living in.

Republican

Table 5.3: Sample tweets for AI-generated root sentiments.
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Root
Tweet

Video footage of WHITE people fliping over a cop car in SLC, Utah that
later caught on fire. Our protest was peaceful. Black organizers wanted
to remain peaceful. White people are responsible.[LINK]

Reply
Tweet

@USER Like half of the people flipping the car are black, what the fuck
are you talking about?

Prompt You are analyzing a tweet on Twitter.: tweet: [ROOT TWEET] With-
out any explanation, provide three adjectives representing different sen-
timental qualities of the tweet. For every adjective you intend to provide,
use their simplest form in English: \n adjective 1: \n adjective 2: \n
adjective 3:

Response
Mistral-
7B

agitated: The tweet expresses a sense of agitation towards the actions
of the white people in the situation. peaceful: The tweet emphasizes
that the protest was peaceful, suggesting a calming or soothing quality.
responsible: The tweet assigns responsibility to the white people, im-
plying a sense of seriousness or gravity.

Prompt You are analyzing an interaction between two people on Twitter.
User A has posted a tweet and User B has replied to it: User A:
[ROOT TWEET] User B: [REPLY TWEET]. Without any explanation,
describe the stance of user B’s reply toward user A’s tweet with three
adjectives. Make sure that the adjectives you provide are with regards
to the stance that is directed toward user A and/or his/her opinion, not
toward an external concept or person. For every adjective you intend to
provide, use their simplest form in English: \n adjective 1: \n adjective
2: \n adjective 3:

Response
Mistral-
7B

1. Skeptical: User B expresses doubt about the accuracy of User
A’s statement that only white people were flipping the cop car. 2.
Confrontational: User B challenges User A’s assertion directly and
forcefully. 3. Curious: User B seems interested in obtaining more in-
formation and clarification about the event described in User A’s tweet.

Table 5.1: Sample prompt and response for LLM-aided annotation of interactions
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Part II

Radicalization

In Part I we proposed approaches for measuring the degree of Echo Chamber effect and
polarization in general settings. When the degree of polarization peaks to its extremes, it
can result in radicalization. Extreme views such as sexist, racist, homophobic, xenophobic,
etc. contents all fall under the umbrella of radicalization in social media.

In this part of the thesis, we analyze two forms of radicalization. In Chapter 6 we
introduce a holistic model based on the combination of the unsupervised Word Embed-
ding Association Test and semi-supervised text classification for measuring gender-based
polarization and sexism on the corpus level. We also discuss how this model can be gen-
eralized to measure other forms of polarization. In Chapter 7 we investigate the effect
of social media platforms on the type and prevalence of radical and toxic content. Our
dataset of analysis is the textual content of cross-platform communities; communities that
exist in two social media platforms simultaneously (here, Reddit and Discord).
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6 Gender-based Polarization and
Sexism

Abstract

In this chapter, we extend the focus in Chapters 4 and 5 from generic polarization
to radicalization as an extreme manifestation of polarization. We introduce a new model
for measuring online sexism in gender discourse communities, combining supervised NLP
methods for toxicity detection with unsupervised techniques to identify targets of harmful
speech.

Our model provides a comparable holistic indicator of toxicity targeted toward male
and female identity and male and female individuals. Despite previous supervised NLP
methods that require annotation of toxic comments at the target level (e.g. annotating
comments that are specifically toxic toward women) to detect targeted toxic comments,
our indicator uses supervised NLP to detect the presence of toxicity and unsupervised
word embedding association test to detect the target automatically.

We apply our model to gender discourse communities (e.g., r/TheRedPill, r/MGTOW,
r/FemaleDatingStrategy) to detect the level of toxicity toward genders (i.e., sexism). Our
results show that our framework accurately and consistently (93% correlation) measures
the level of sexism in a community. We finally discuss how our framework can be general-
ized in the future to measure qualities other than toxicity (e.g. sentiment, humor) toward
general-purpose targets and turn into an indicator of different sorts of polarizations.

6.1. Introduction

Polarization and radicalization of opinion on social media have been a hot topic of
research in the recent Computational Social Science literature [20]. One type of polariza-
tion on social media can be based on people’s views about gender roles and identity which
can be partially observed by looking into the use of biased language on different sides of
the online gender discourse spectrum. For instance, prior work has studied the use of
toxic and misogynistic language in manosphere (e.g., r/TRP, r/MGTOW) communities
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on social networks [119, 120, 121, 122]. However, there is a wide gap in both qualitative
and quantitative studies offering a measure that can precisely quantify the level of sexism
inside every community at scale. In other words, previous research tells us that commu-
nity A is sexist, but it doesn’t say “how much exactly.”; or “between community A and B
which one is more sexist?”

The quantification of sexism and other forms of polarization on social media has been
a challenging task for researchers in the field of Computer-Supported Cooperative Work
(CSCW) [123, 124, 125]. A reliable metric for quantifying sexism would be a valuable
tool for both researchers and practitioners in the CSCW community. For researchers, it
would provide a more nuanced understanding of the dynamics of online gender discourse
and enable them to investigate the relationship between sexism and other aspects of
online communities, such as participation patterns, social norms, and the effectiveness of
moderation policies [126, 127]. For practitioners, such a metric could be used to identify
and address problematic behavior within online communities, promote more inclusive and
equitable online spaces, and develop more effective anti-discrimination policies [128, 125,
129].

In this chapter, we define a macroscopic scalar indicator that can give us an overall
measure of the total toxicity aimed toward male and female identity in a community (in
our case-study, subreddits). Our scalar indicator is based on the combination of three
parameters for each adjective inside a community where each parameter preserves one of
the following key qualities of our work models: 1) How toxic is a word’s context within
a community’s discourse? 2) How frequently it has been used inside its corpus? 3) How
biased is the word toward a gender in that community?

The first parameter is based on a supervised NLP model that detects whether a
sentence is toxic or not; without the need to judge the target of the toxicity. Then it
computes the rate of a word’s appearance in a toxic sentence to calculate the toxicity of
a word’s context. This is more reasonable than previous works that solely look into the
polarization [65] or toxicity [121] of words using a dictionary of polarized or toxic lexicons
as a word can appear less or more toxic in different discourses.

Existing methods suffer limitations in identifying the target towards which toxicity
is directed as when it comes to annotation, the toxic comments towards a very specific
group identity are sparse. Measuring targeted toxicity toward various group-identities in
a fully supervised manner requires a separate manual annotation of comments that are
specifically toxic toward each group. One of our contributions is to keep the supervision in
the first parameter, to merely decide the toxicity rate, and introduce the third parameter,
which is unsupervised, to measure the target of the toxicity automatically.

The third parameter is based on the idea of Word Embedding Association Test
(WEAT) [37] that defines the gender bias of a word by looking into its word-embedding
cosine similarity with embeddings of gender-related words (e.g. woman, she, female),
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namely “attribute sets”. However, it makes no distinction between bias toward gender
identity and individual characters from a gender. Meaning that there are cases where
individual female characters, like a female politician, are targeted rather than all women
as a group-identity. This obfuscates the quantification of gender bias, making metrics
indicating the level of bias coarse-grained and ineffective at distinguishing other under-
lying motives (i.e. political motives). Thus, attributing an adjective to several female
characters using existing works is computationally equivalent to attributing it to women
in general, since most works based on word-embedding associations, mix both gender
identity terms (e.g. men, women) and gender pronouns (e.g. he, she) in their attribute
sets. By separating the two, we define two complementary indicators; one indicating the
toxicity toward male/female identity, and one measuring the toxicity toward individual
male/female figures. These two indicators are more informative on their own than when
they are aggregated.

In summary, we make the following contributions:

We propose a model that can measure various sorts of polarization on social
networks through a scalar value that can be used to compare disparate communities.

We offer a clear distinction between toxicity targeted toward gender identity
and toxicity targeted toward individual male and female characters and we quantify
each of them separately.

We calculate the toxicity of words based on their context in a corpus to address
the limitations of previous context-unaware lexicon-based approaches [130, 131, 121].
Finally, we apply a unique holistic model to several subreddits from various sides of
the gender-discourse spectrum and report the targeted toxicity level for each.

6.2. Related Work

Since our sexism indicator combines the notion of unsupervised word-embedding as-
sociations with a supervised toxic comments classification, we divide our literature review
into two subsections. In the first part, we discuss the previous works which have tried
to quantify language bias based on word-embeddings, and in the second subsection, we
review some previous efforts on toxic comment classification.

6.2.1. Language Bias Quantification Based on Word-Embeddings

In [36] developed Implicit Association Test (IAT) as an experimental method for iden-
tifying such implicit biases for every user [36]. The test tends to measure the strength of
implicit associations between attribute concepts (e.g., black people, or LGBTQ+ mem-
bers) and evaluations (e.g., good, or bad) or stereotypes (e.g., athletic, or clumsy) based
on the time it takes for a user to assign each word to the attribute concepts.
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Inspired by IAT in clinical psychology, Caliskan et al. [37] leveraged the emergence
of word-embeddings in NLP, to develop the Word Embedding Association Test (WEAT)
in order to confirm the existence of similar implicit/explicit associations; based on the
relative distances of attribute words vectors with target concepts’ word vectors. For
instance, WEAT shows that science-related terms’ vectors are closer to the word m⃗an than
the word ⃗woman, in contrast with art-related terms which have more cosine similarity
with the word ⃗woman than m⃗an.

However, since the sets of target words (e.g., science, art) and attribute words (i.e.,
any dual concept, like men and women) in WEAT are determined by humans, the user can
cherry-pick the set of terms to witness the desired outcome [64]. This means that WEAT
and subsequent works are more suitable when the researcher is aware of a predefined set
of biased concepts in real-world data (e.g., IAT test in clinical psychology research) and
is trying to validate that those biases appear in a text-corpus.

There is scarce prior work aiming at discovering biases in word-embeddings rather
than confirming them [65]. [132] makes some attempt in this direction, however, their
work still relies on crowd-sourcing and human judgment to assess if the biases in the
word-embeddings match prevalent stereotypes in the real world. Moreover, prior work
based on word-embedding associations merely focuses on quantifying gender biases in
certain word sets (whether predefined or automated), yet does not offer a systematic way
to compute an overall measurement of gender bias and sexism that is comparable across
communities.

6.2.2. Toxic Comment Detection

Related work has leveraged NLP to detect different types of toxic language such as
aggression [68], hate-speech [69], and offensive language [70]. Moreover, IberLEF 20211

has introduced EXIST,2 a hierarchical NLP classification task with an annotated dataset
of sexist vs non-sexist tweets at level 1, and a categorization of the type of sexism (if
applicable) at level 2 (e.g., stereotyping, objectification, sexual and non-sexual violence,
etc.). Next to translation-augmentation methods, participants applied classical and Deep
NLP on the task where pre-trained Deep NLP models (e.g., BERT) slightly outperformed
the classical NLP methods [133, 134, 135].

The most relevant to our intention in this chapter is OffensEval20193 task shared on
SemEval20194 by [71] that looks into the type and target of the toxicity simultaneously.
A hierarchical classification task consists of three sub-tasks: First, identification of the
offensive language (i.e. offensive or not). The second sub-task would be to detect whether

1https://sites.google.com/view/iberlef2021/
2http://nlp.uned.es/exist2021/
3https://sites.google.com/site/offensevalsharedtask/offenseval2019
4https://alt.qcri.org/semeval2019/

https://sites.google.com/view/iberlef2021/
http://nlp.uned.es/exist2021/
https://sites.google.com/site/offensevalsharedtask/offenseval2019
https://alt.qcri.org/semeval2019/
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the offense is targeted or not, and the third is to check whether this targeted offense is
targeted toward a group or toward a person. All these works use fully-supervised NLP.
However, fully-supervised NLP toxicity detection tasks are highly prone to distribution-
shift; an effect that happens where the distribution of the train-set is different from the
test-set [72], causing the NLP model to yield lower accuracy on test-sets that are out of its
sampled train data. Moreover, supervised NLP tasks are also prone to the concept-drift
effect. Concept-drift happens when “algorithms trained on annotated data in the past
may under-perform when applied to contemporary data” [63]. Therefore, reducing the
level of supervision is an important agenda to follow.

Generally, for a community analysis level, our framework provides a less supervised
and more flexible solution for measuring targeted toxicity. Less supervised, because it only
requires the data labeled in the first subtask (i.e., offensive/toxic or not), and the second
and the third sub-tasks will be embedded in the effect of unsupervised word-embedding
biases added to the model. More flexible, because the attribute words can be altered
arbitrarily to detect other types of targeted toxicity, and the supervised data can change
to detect qualities other than toxicity (e.g., polarity). To achieve this goal, we create a
model that combines the existing notion of unsupervised word-embedding associations
with novel semi-supervised tasks that build on recent efforts for toxic content detection.

6.3. Methodology

Figure 6.1 shows an overview of our processing pipeline, which takes a corpus as input
and returns an indicator of polarization as output. The area above the top gray dash-
line shows the unsupervised nature of our work designed to measure the word-embedding
biases. The area below the bottom gray dash-line depicts the supervised pipeline we
build to measure the toxicity embedded inside each adjective. The area between the two
gray lines refers to the frequency-percentile ranking; another parameter that we take into
account.
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Figure 6.1: Outlook of our processing pipeline.

6.3.1. Preliminaries

The sexism scalar indicator we provide consists of three variables: Embedded-Toxicity,
Frequency-Percentile-Ranking, and Embedding-Bias which we calculate for every adjective
term in each corpus separately. In this section, we will explain in detail how we measure
these three variables:

6.3.1.1. Embedded Toxicity

Every community has a set of terms and idioms that may preserve different meanings in
the context of that community than their universal meanings [65, 136]. Looking at gender-
related discourse, for instance, some terms that are considered neutral when viewed out of
context can actually carry negative sentiments and even toxicity. Words “flirtatious”, and
“hypergamous” can be used in manosphere discourse to manifest negative opinions about
women’s sexual lifestyle, or the word “casual” can be used to encourage only having casual
sex with a group of people. The term “unicorn”, for example, is also a common term in
gender-related communities (e.g. r/TheRedPill) to refer to unrealistic views about an
ideal partner that could also be accompanied by toxic ideas around itself.

Thus, since computing words’ toxicity is our objective in this section, it is vital to have
a metric that computes a word’s embedded toxicity according to its context, rather than
dictionary-based analyses (e.g. Weaponized-Word5 ) that pre-define a word’s toxicity
according to its global context [137, 138].

5https://weaponizedword.org/

https://weaponizedword.org/


6.3 Methodology 79

Figure 6.2: Processing pipeline for building our Toxicity-Detector NLP model.

In order to calculate each word’s embedded toxicity while covering the word’s context,
we propose a count-based semi-supervised method. First, we use our annotated toxic
comments dataset (see Section 6.4) to build a Toxicity-Detector machine based on a
supervised NLP classification model that can predict a comment as non-toxic (0) or toxic
(1). Building the model goes through the NLP pipeline as presented in Figure 6.2. We
initially clean and preprocess the text (e.g. removing stop-words, removing punctuation
marks, lemmatization). Then, we tokenize the sentences and convert them into TF-IDF
vectors. We add upsampling to balance the classes’ size as the “Toxic” class is as 30%
big as the Non-Toxic class. Finally, we split the data into train (70%) and test (30%)
sets and pass it through a Logistic Regression. The F1-Score (macro) on the test-set is
above 91%. We also compare this accuracy with an advanced transformer-based model
in Section 6.5 and show that our classic NLP model maintains a close performance to it
while demanding a significantly lower computational cost.

After building the Toxicity-Detector model, we use it to systematically annotate every
sentence in a community’s data as Toxic or Non-Toxic (1 or 0). Then, for every adjective
word that appears in the community, we average through the labels of the sentences that
contain the adjective. We also ignore words belonging to other parts of speech as suggested
by Ferrer et al [65]. Let senj represent sentence j in a corpus and ToxicityDetector()
denote the function that calculates sentences’ toxicity. Then, the Embedded-Toxicity of
word i, Twi , would be calculated by Equation 6.1:

Twi =
∑

j{ToxicityDetector(senj) | senj ∋ wi}
|{senj | senj ∋ wi}|

(6.1)

Now assume, for instance, the word “casual” in r/TheRedPill which is neutral globally
yet toxic locally. The Embedded-Toxicity parameter sees a sentence like “You must only
exploit her for casual sex and dump her” labeled as toxic, and due to its context gives a
higher score to the toxicity of the word “casual”.

6.3.1.2. Frequency Ranking

The frequency of a word in a community’s corpus is another important parameter
that has to be taken into account in the final metric. Considering that we are studying
toxicity as a scalable, community-wide metric, it makes sense to amplify the effect of the
most frequent types of toxicity, over those that happen rarely.
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One option to preserve the effect of frequency in our metric is to simply weigh frequen-
cies and biases. However, according to Zipf’s law, the term-frequency gap inside a corpus
increases exponentially as we move toward the top frequent words [139]. This could cause
the frequency to dominate other parameters and distort the balance we intend to preserve
between bias, frequency, and embedded toxicity. Thus, we convert the raw frequency of
adjectives into frequency-percentile-ranking to smooth the effect of the frequency in our
model, i.e.: the percentage of the adjectives that an adjective outnumbers [140]. In ad-
dition to smoothing, it also creates a more scalable output as it provides a parameter
between 0 and 1, that is compatible with our two other parameters.

Assuming that V represents the vocabulary of all adjectives in a corpus, and fwi

denotes the frequency of word i, the frequency-percentile-ranking of each word FPRwi

would be calculated by Equation 6.2.

FPRwi =
|{wj ∈ V | fwi > fwj }|

|V |
(6.2)

6.3.1.3. Embedding-Bias

The final parameter is the embedding-bias which is supposed to measure the level of
bias a word has toward a targeted concept. We follow the idea of the Word Embedding
Association Test (WEAT) and several subsequent papers in quantifying global gender
biases in words based on word embeddings [37, 141, 65] and apply it to different com-
munities’ corpora to obtain the gender bias of every adjective in each corpus. This is to
quantify how much an adjective in a corpus points its finger toward a certain group.

In this method, we take two sets of attribute words related to two distinct concepts
(male and female in this case) and represent each set by the element-wise average of its
word-embedding vectors.

Let SA = {w0, w1, ...wn} and SB = {w0, w1, ...wn} denote two sets of words that rep-
resent two different attribute concepts we wish to measure the adjectives’ biases toward.
In our case SA and SB are representative sets of words for the concepts “masculinity”
and “femininity” containing the words [“male”, “man”, “boy”, “masculinity”, “mascu-
line”, “dad”, “father”, “son”] and [“female”, “woman”, “girl”, “femininity”, “feminine”,
“mom”, “mother”, “daughter”]. These sets of words are obtained from the combination
of suggested attribute words by Caliskan et al. and Ferrer et al. [37, 65]. Now let cA and
cB be the weighted centroids of SA and SB. We measure each adjective’s relative bias
strength towards SA by the subtraction of its cosine similarity with cA from its cosine
similarity with cB as in Equation 6.3:

Bwi,SA|SB
= cos(wi, cA) − cos(wi, cB) (6.3)

We apply this formula to all the adjectives present in each subreddit using Continuous
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Bag of Words (CBOW) as our word embedding algorithm; an unsupervised Deep NLP
algorithm that is designed to predict a target word based on its context (surrounding
words). Thus, ideally, words that appear in the same context tend to have higher cosine
similarities.

Next to the words related to male identity and female identity, we also use two sets
of attribute words consisting of male vs female pronouns [“he”, “him”, “his”] and [“she”,
“her”, “hers”] in a parallel analysis to measure the toxicity toward male and female
individuals rather than male and female identity. This will be explained in Section 6.6 in
detail.

6.3.2. Sexism Indicator

To calculate an indicator that can quantify toxicity toward men and women in a com-
munity, we separate each community’s adjectives’ list into biased toward male attribute
set (man, boy, father, etc.) vs biased toward female attribute set (woman, girl, mother,
etc.). In parallel, we also separate the adjectives’ lists into biased toward masculine pro-
nouns attribute set (he, him, his) vs biased toward feminine pronouns attribute set (she,
her, hers) using the same formula. Then, the toxicity targeted toward every attribute set
is calculated by averaging the three variables introduced in Section 6.3.1.

Equation 6.4 describes our model for calculating the toxicity towards attribute set SA

w.r.t. attribute set SB assuming that wi is in the set of adjectives that are biased towards
SA:

TargetedToxicitySA|SB
=

∑
i{Bwi,SA|SB

× FPRwi × Twi}
|{wi}|

(6.4)

Consequentially, if we replace SA with the female attribute-set and SB with the male
attribute-set, the formula would give us a measurement of toxicity toward women. Swap-
ping SA and SB would quantify the level of toxicity toward men in a community.

Moreover, we differentiate between toxicity toward female and male identity vs toxicity
toward individual female or male figures. These two were often mixed in the previous
literature associated with Word Embedding Association Tests. To enable our model to
distinguish between the two types of targeting, we also apply attribute-sets of male vs
female pronouns on SA and SB (i.e. [he, his, him] vs [she, her, hers]) to get a measurement
of toxicity targeted toward individual male and female characters. This is critical in the
sense that a community might target a certain group of male/female folks, yet harass
them regardless of their gender. For instance, users of a political online community in
a male-dominated country are likely to target their politicians, that may more likely be
male figures, while not being a misandrist community. In that case, a word-embedding
association test that mixes male pronouns (i.e. he, his, him) and male identity terms (e.g.
man, masculinity, etc.) to form the attribute-set of men might return impure results.
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For every subreddit (the online community type we analyze), we bootstrap 100,000
comments from the total data and repeat the experiment ten times with different seeds.
Then, we calculate a confidence-interval for each subreddit based on the ten samples. The
results for each attribute-set and subreddit are presented in Section 6.6.

6.4. Datasets

Our work uses two sources of data: 1) a collection of comments from multiple subred-
dits, and 2) a set of annotated comments (toxic vs non-toxic). We leverage the former
to measure the sexism rate of these communities, and the latter to build our supervised
toxicity-detector NLP model. Next, we describe our data sources, starting with a brief
introduction to the subreddits in our dataset and a characterization of each community
according to the previous studies.

6.4.1. Subreddits

We query Reddit using the Pushshift API [142]. In particular, we query all comments
from the following subreddits:
r/TRP, TheRedPill, is a sub-movement of The Men’s Rights Activism (MRA) move-
ment that offers advice to men regarding how to protect their masculinity that “is under
threat by the society” [143]. It tends to “empower” heterosexual men with seduction
strategies by exploiting arguments from evolutionary psychology [144, 145]. On the other
hand, r/MGTOW, Men Going Their Own Way, is another manosphere subreddit that
encourages men to separate their path from women as a means of protection from a soci-
ety “corrupted by feminism” [146]. Previous literature has categorized both r/TRP and
r/MGTOW as misogynist subreddits [119] and they were banned from Reddit in 2018 and
2021 respectively. r/MGTOW2 also seems to be the continuation of the latter subreddit
and was also banned from Reddit in 2021.
r/FemaleDatingStrategy defines itself as a “female-exclusive subreddit that offers dat-
ing strategies for women who want to take control of their dating lives”. There are reports
of the community’s tendency to objectify the opposite gender and has been accused by
r/AgainstHateSubreddits of encouraging transphobic and misandrist attitudes. Yet, there
are also reports of using misogynist slang such as “pickmeisha” (a woman who lowers stan-
dards to receive attention from men) and “cockholm syndrome” (when a woman keeps
going back to “low-value” men) [147].
r/IncelTear defines itself as a community that tends to post screenshots of “misogy-
nistic” and “hateful” comments from “incels” (involuntary celibates) in order to criticize
them sarcastically. Next to the usage of irony, the community also has a record of re-
posting and quoting extremely misogynist comments from the r/Incels community with
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the aim of sarcasm [148]. Ironically, r/IncelTear contains even more misogynist terms than
r/MGTOW [121], probably due to its high rate of quoting the most extreme misogynist
comments from manosphere communities.
r/TrollXChromosomes is a subreddit designed for posting feminist humor and memes
in order to criticize some aspects of the “hegemonic femininity” [149]. On the other
hand, r/TrollYChromosome is known as a progressive subreddit for men casting sar-
casm and humor toward the attitudes of society toward men and masculinity [150].
r/MensRights, r/MensLib, r/theGirlSurvivalGuide, r/Feminism, r/AskFem-
inists, and r/AskWomen are the other subreddits from the gender-related discourse
which we were interested in discovering their attitude to cover the whole spectrum of the
discourse.

6.4.2. Supervised Toxic Data

To build and validate our sexism’s indicator toxicity detector part (recall that the other
parts of our sexism indicator are unsupervised, and hence do not need to be trained), we
combine five different annotated toxic datasets from multiple sources to cover various
sorts of toxicity:

OffensEval 20196 was one of the tasks in SemEval 20197 for detection of offen-
sive language. It consisted of three sub-tasks. A: Identifying offensive language. B:
Categorizing the offense. C: Identifying the Target of the offense [71]. We ignore B
and C and only consider the labels (offensive 4400 or not-offensive 8840) from task
A. As explained in Section 6.2, our goal is to cover the C subtask using the effect
of word-embedding associations.

A dataset by Kaggle containing three labels (hate-speech 1430, offensive 19190,
and 4163) [151]. We joined hate-speech and offensive together as the Toxic label
and neither as non-Toxic.

Wikipedia Talk Labels dataset containing 100k discussion comments from the
English Wikipedia [152]. Around 13k of them were labeled as personal attacks which
we included in our Toxic class and the rest in the non-Toxic class.

Toxic Comment Classification Challenge8 dataset by Kaggle containing 15k
Toxic and 140k not-Toxic annotated comments from Wikipedia.

Jigsaw Multilingual Toxic Comment Classification9 data containing 20k toxic
and 200k not-toxic comments from Wikipedia. We only add the 20k toxic com-

6https://sites.google.com/site/offensevalsharedtask/offenseval2019
7https://alt.qcri.org/semeval2019/
8https://www.kaggle.com/c/jigsaw-toxic-comment-classification-challenge
9https://www.kaggle.com/c/jigsaw-multilingual-toxic-comment-classification/rules

https://sites.google.com/site/offensevalsharedtask/offenseval2019
https://alt.qcri.org/semeval2019/
https://www.kaggle.com/c/jigsaw-toxic-comment-classification-challenge
https://www.kaggle.com/c/jigsaw-multilingual-toxic-comment-classification/rules
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ments to our Toxic class and leave the non-Toxic ones for validation purpose (see
Section 6.4.3).

After merging all the annotated data and splitting them into 70% train-set and 30%
test-set, we obtain 52k comments for the Toxic class and 180k for the non-Toxic in the
train-set.

For evaluating the built supervised toxicity detector, we retain 30% of the total super-
vised data for testing the F1-Score of our supervised Toxicity-Detector NLP model. In
particular, we create a large dataset of non-Toxic comments by aggregating the non-toxic
comments from the 30% test-set and all the 200k non-toxic comments in Jigsaw Multilin-
gual Toxic Comment Classification. This makes it a total of 270k non-Toxic comments.

6.4.3. Sexism Indicator Evaluation Datasets

For evaluating our final sexism indicator, we use two main datasets:

1. We collect 1.2m random comments from the most recent comments on Reddit
through the Pushshift API. These comments let us assess how our metric com-
pares when run on a misogynist subreddit (cf. Section 6.4.1) and when run on a
random dataset taken from all Reddit communities.

2. We assemble an annotated dataset of ground-truth misogynistic comments from
three sources: [153], Kaggle,10 and [154] with a total of ≈ 30000 comments anno-
tated as misogynistic or not (≈ 6000 misogynistic), and use it as described in the
next section.

6.5. Evaluation

Before using our sexism indicator to analyse the subreddits stated in Section 6.4.1,
the results and discussion of which we present later on in Section 6.6, we evaluate the
reliability of our sexism metric. We do this in two steps. The first step is to evaluate the
supervised ML part of our sexism metric, that is, the toxicity detector, as it is standard
to do in supervised ML approaches to have confidence in the model trained (note that,
obviously, we did not need to train any models for the unsupervised parts of the metric,
i.e., the frequency ranking and the bias embedded). The second step is the evaluation of
our sexism metric as a whole, particularly showing that it is sensitive and it increases its
value as more sexist comments are added.

10https://www.kaggle.com/code/kerneler/starter-sexist-workplace-statements-a8e79cab-c/input

https://www.kaggle.com/code/kerneler/starter-sexist-workplace-statements-a8e79cab-c/input
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6.5.1. Evaluation of the supervised toxicity detector

The Toxicity-Detector NLP model of our sexism metric was evaluated by splitting
the dataset in Section 6.4.3 into 70% train-set and 30% test-set. Table 6.1 shows the
confusion matrix we obtained on the test-set. Our F1-Score macro was above 91% and
precision and recall macro were above 90% and 92% respectively.

Table 6.1: Confusion Matrix for Toxicity-Detector model

Predicted
label Toxic Not-Toxic

A
ct

ua
l Toxic 20346 2331

Not-Toxic 4085 73691

We also examined a well-known pre-trained transformer-based language model for
toxicity-detection called Toxic-BERT11 which yielded a slightly better performance on
the same test-set (93% F1-Score macro). However, this model and similar large neural
networks maintain a significantly higher computational cost in comparison to classical
models. In particular, our classical NLP model takes 10 seconds to machine-annotate
100k samples, whereas the same tasks take more than 1 hour for Toxic-BERT. As our
final holistic model and research question deal with huge corpora, we prefer to stick to a
computationally cheaper model where not much accuracy is sacrificed.

6.5.2. Evaluation of the Sexism Metric

The second aspect that we evaluate is the reliability of our sexism metric. We itera-
tively create 10 different datasets, each with a different level of misogynistic comments,
and observe if our metric increases as we increase the amount of misogynistic comments
in the data. Our data-generation strategy is to start with a dataset composed of neu-
tral comments and gradually increment the misogyny of the dataset by adding subsets of
misogynistic comments. We take what’s left of the supervised training (comments that
fall out of our train-set) from the non-Toxic class as a starting point. Then, we use ex-
ternal ≈ 6000 comments annotated as “misogynist” as our pool of sexism toward female
identity. Moreover, since there is a consensus in the previous literature in labeling r/TRP
as a “misogynist” community (e.g. [119, 120, 121]), we consider r/TRP comments as our
ground-truth for another pool of misogynist data to be analyzed separately. Then, for
each pair of “misogynist comments vs. neutral” and “r/TRP vs. neutral” data we iter-
atively form ten new datasets with different bootstrapped proportions of the misogynist
pool and run our misogyny-detection formula from Section 6.4 on each of the ten datasets
(per pair) to get ten different values of our sexism metric toward female identity.

11https://huggingface.co/unitary/toxic-bert

https://huggingface.co/unitary/toxic-bert
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Figure 6.3: Validation Chart for Our Sexism Metric for Toxicity Toward Female Identity

We observe an above 97% correlation between the proportion of annotated misogynis-
tic comments and our sexism metric value towards female identity. This correlation is also
above 95% for the scenario where we use different proportions of r/TheRedPill comments
vs. neutral ones. The score for each iteration in both cases is illustrated in Figure 6.3.
Note that our evaluation can only be limited to the case of toxicity toward female identity
since misandry is an understudied concept, and there is none or insufficient ground-truth
of misandrist or toxic-toward-female-individuals datasets available online.

6.6. Results & Discussion

Toxicity towards identity. Figures 6.4 and 6.5 show the toxicity towards male identity
and toxicity towards female identity in each of the subreddits that can be interpreted as
the level of misandry and misogyny inside each of them. The level of toxicity for each
subreddit is obtained through Equation 6.4 separately for adjectives biased toward male
identity and adjectives biased toward female identity.

The vertical error-bars for each subreddit shows the 95% confidence interval of the
metric after 10 bootstraps. The non-Toxic corpus on the left acts as the baseline point of
the metric for a non-toxic community. The second corpus from the left, also shows the
level of targeted toxicity for a randomly collected set of comments from Reddit to assess
which targeted toxicity is more salient than usual Reddit discourse.
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Figure 6.4: Toxi-
city Toward Male
Identity.

Figure 6.5: Toxic-
ity Toward Female
Identity.

Figure 6.6: Toxic-
ity Toward Male In-
dividuals.

Figure 6.7: Toxic-
ity Toward Female
Individuals.

Toxicity towards individuals. On the other hand, Figures 6.6 and 6.7 refer to the
toxicity targeted towards male and female pronouns attribute-sets in each of the subred-
dits that can be interpreted as the level of toxicity targeted toward individual male and
female characters. There are significant visible changes with respect to targeted toxicity
toward gender identity. For instance, r/IncelTear proves highly toxic toward individual
male figures rather than the male identity. The same case happens for manosphere com-
munities (r/TheRedPill, r/MGTOW, and r/MGTOW2) with respect to toxicity toward
female individuals.
Findings. The results detect various levels of targeted toxicity with the highest targeted
toward female individuals next to some cases of targeted toxicity toward men. The tar-
geted toxicity index we obtain for every community confirms existing analyses looking at
the toxicity of r/TRP, r/MGTOW, r/MGTOW2, r/IncelTear, and r/FemaleDatingStrat-
egy; all the subreddits in which we had a prior report of their toxicity in the literature
(more information in Section 6.5).

In addition, our framework helps uncover the characteristics of subreddits that have not
been analyzed before. Consistent with the descriptions mentioned in Section 6.4.1, r/TRP,
r/MGTOW, and r/MGTOW2 stand among the top scores in toxicity both toward female
identity and towards female individuals yet they are more extreme with respect to female
individuals rather than female identity.

r/FemaleDatingStrategy acquired a significant score of toxicity both towards
men and women; consistent with a qualitative report [147] described in Section 6.4.1.

r/IncelTear was seen as high in terms of toxicity toward both men and women.
Its excessive toxicity toward women, in terms of both identity and individual, is
not counter-intuitive due to the nature of the subreddit causing it to repeatedly
and sarcastically narrate misogynistic comments from “incels” prior to humiliating
them. Moreover, the community shows the most salient score in toxicity toward
individual male figures, which perfectly makes sense looking at the agenda of the
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subreddit — that is, to target individual male “incels” regarding their “misogy-
nist” comments. r/TrollYChromosome and r/TrollXChromosomes obtained almost
a symmetric score regarding the gender they cast their toxic content toward as if
they were twins from both sides of the spectrum. In addition, they seemed to be
respectively more toxic toward female and male individuals rather than female and
male identities.

r/MensRights and r/MensLib were more toxic toward women than men. How-
ever, their level of toxicity did not significantly exceed a dataset of random comments
from Reddit. This can presumably be attributed to more recent moderation policies
imposed by Reddit and communities’ moderators and their difference of ideology
from right-wing MRA movements (e.g. r/TheRedPill, MGTOW). We know that
despite some other MRA subreddits, these two subreddits have in fact not been
banned by Reddit till now, which is compatible with the results of our indicator.

Table 6.2: Top-100 most salient terms similarity matrix. The top-right (red) side of
the table shows the number of common adjectives among the top 100 saliently biased
adjectives toward female-identity. The bottom-left (blue) side depicts the same quality
for male-identity.

Saliency. As a further comparison between gender-discourse among the subreddits,
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we create a similarity index for every pair of them. We use the notion of saliency =
Bwi,SA|SB

×FPRwi [65] to sort the adjectives inside every subreddit based on how biased-
&-frequent (salient) a word is toward female and male identity. Then, in Table 6.2 we
quantify this gender discourse similarity. The top-right side of Table 6.2 (red cells) shows
the number of top-100 most saliently biased adjectives toward female-identity that are
common among a pair of subreddits. The bottom-left side of the table (blue cells) shows
the same concept for top-100 most saliently biased adjectives toward male-identity.

The similarity rates share several insights regarding how far or close discourses are for
each pair of subreddits:

Insight #1. r/TheRedPill, r/MGTOW, and r/MGTOW2 contain a highly similar dis-
course both in male-related and female-related adjectives among each other, while being
more similar in the latter. This can show that manosphere subreddits agree more on what
to attribute to femininity than to masculinity.

Insight #2. r/MensRights and r/MensLib have few common words with r/TheRedPill,
r/MGTOW, and r/MGTOW2 about women, which would make sense as our model also
has not rated them as highly toxic toward women. Therefore, they have less similar
discourse to subreddits that are conventionally recognized as misogynistic by the previous
literature.

Insight #3. r/MensRights and r/MensLib are mostly similar to each other, especially
in their share of female-related adjectives. Interestingly, in comparison to manosphere
subreddits, they have higher rates of similarity with feminist subreddits in both their top
male-associated (e.g., “paternalistic”, or “misogynistic”) and female-associated adjectives
(e.g., “successful”, or “powerful”). [155] raise discussions on how r/MensRights and r/-
MensLib share highly similar lexical features to talk about the same topic from an anti-
and pro-feminist perspective.

Insight #4. r/IncelTear tends to show high discourse-similarity with r/TheRedPill, r/MG-
TOW, and r/MGTOW2 regarding women (e.g., “promiscuous”, “hypergamous”, or “ca-
sual”), but not much similarity regarding men. This is compatible with the previous
descriptions of r/IncelTear as a community that tends to sarcastically quote misogynist
comments and humiliate those comments. Those quotations of misogynist comments
could be the probable reason behind the high amount of similarity in feminine-biased
words with the manosphere subreddit. Yet, the lower commonality in words saliently bi-
ased towards men, reconfirms that they do not actually share the discourse of manosphere
subreddits regarding masculinity.

Insight #5. Both feminist communities, r/Feminism, and r/AskFeminists, expectedly
show high discourse similarity among themselves regarding both men (e.g., “arrogant”,
or “misogynistic”) and women (e.g., “independent”, or “successful”). Moreover, they
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are considered similar to r/trollxchromosomes which is known as a subreddit meant for
feminist humor [149]. r/TheGirlSurvivalGuide and r/FemaleDatingStrategy, as two daily-
life and dating tips subreddits, share the highest similarity in their male-related terms
such as “unemployed”, or “unsuccessful”, etc. which might be attributed to the types men
suggested to avoid in dating.

Comparison with Fully Supervised Approaches:
Finally, we also compare the results we obtained with previous fully supervised ap-

proaches for overall toxicity of corpora [121, 156]. For this, we compare our results in the
particular subreddits used in those previous works, which were consistent with our results.
Like us, [121] rated r/IncelTear as more misogynistic comments than r/MGTOW, and
[156] rated r/MGTOW and r/TRP as almost equally toxic. They also measured a ran-
dom set of Reddit comments to have slightly more than half the toxicity level of r/TRP
[121, 156]. Yet, both of the mentioned works are limited to fully-supervised methods,
simply counting the percentage of misogynistic posts and context-unaware lexicons inside
a community. This will make them expensive to annotate, more dependent on subjective
judgments (i.e., whether a post should be annotated as misogynist or not), less robust,
and less generalizable to other sorts of targeted toxicity (e.g., for measuring targeted tox-
icity toward Muslims vs non-Muslims, they should run a separated analysis with toxic
jargons related to Islamophobia). It will also make them unable to detect neutral-looking
lexicons that could be toxic in certain communities’ contexts and vice versa.

6.7. Conclusion & Future Work

In this chapter, we proposed a metric that is able to quantify the level of sexism in
the language of online communities, using a combination of unsupervised and supervised
NLP techniques. Our analysis embraced 14 subreddits from different parts of the gender-
discourse spectrum, which were not analyzed before by a unique model at the same time.
We confirmed the toxicity of r/TheRedPill and r/MGTOW toward women in an auto-
mated and comparable way. We also realized that a female-exclusive dating community
such as r/FemaleDatingStrategy can be toxic toward men and women at the same time.
The granularity of our method to distinguish the target of toxicity offers a new nuanced
understanding of Web communities, which will foster future work in the area.

Likewise, another contribution of our method and subsequent analyses was making a
clear distinction between the toxicity aimed toward male/female identity inside a commu-
nity, and the toxicity targeting male/female individuals. This enables better attribution
mechanisms, which is paramount to curve misinterpretations about a community when
there is abundant criticism toward several male/female politicians rather than its toxic
content about male/female “identity”.

Furthermore, our model can smoothly be generalized to capture other sorts of polar-
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ization and radicalization on social media. For instance, by changing our attribute words
with sets of words related to Democrats and Republicans, and replacing our Embedded-
Toxicity parameter with Embedded-Polarity, one can be able to scalably quantify the
polarization of sentiments towards the Democratic and Republican parties in different
timelines.

One feature of our methodology is that it accepts any type of embedded biases, which
opens new avenues to offer more granularity to the identification of toxicity. For instance,
another implementation for future work could detect the polarization of sarcasm or hu-
mor targeted toward either group, by simply replacing the Embedded-Toxicity parameter
with Embedded-Sarcasm. The facilitation provided by our approach would be that the
researcher does not need to annotate two sparse binary classes of sentiment/sarcasm to-
ward Republicans vs sentiment/sarcasm toward Democrats. An already available dataset
of sentiment, sarcasm, etc. would suffice and the model itself would detect the target
while suffering less from annotators’ subjective judgments and biases.

Our holistic indicator of polarization provides the tool for policymakers and moder-
ators to take action about a community (e.g., subreddit) by inspecting the polarization
level over time. Also, it can be used in computational social science research for mea-
suring polarization over time, and causal inference between temporal polarization and
various real-world events (e.g., elections, wars, COVID-19). However, when it comes to
moderation, this holistic indicator should not be projected into individual comments in
a community and cause moderators to treat every comment in a polarized community as
a polarized comment. Judging individual comments of users require a higher level of su-
pervision and care. Also, it is worth noting that our work only analyzes male and female
genders for now, and analyzing LGBTQA+ groups is out of the scope of this chapter.
Future work need to extend the model from a binary polarization detector to a more
complex multidimensional association problem to address this limitation.

We make our code and datasets available on GitHub to the researchers for reproduction
and further developments.12

12https://github.com/vahidthegreat/Polarization-Indicator

https://github.com/vahidthegreat/Polarization-Indicator
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7 Platform’s Effect on Toxicity

Abstract

Next to the descriptive measurements of radicalization, we are also interested in ex-
ploring root causes and influential factors that can contribute to it. One of the potential
influential factors can be the effect of platform’s design and moderation strategies. To
investigate this factor, we zoom into cross-platform communities. Cross-platform com-
munities are social media communities that have a presence on multiple online platforms.
One active community on both Reddit and Discord is dankmemes.

Our study aims to examine differences in harmful language usage across different
platforms in a community.

We scrape 15 communities that are active on both Reddit and Discord. We then
identify and compare differences in type and level of toxicity, in the topics of the harmful
discourse, in the temporal evolution of toxicity and its attribution to users, and in the
moderation strategies communities across platforms.

Our results show that most communities exhibit differences in toxicity depending on
the platform. We see that toxicity is rooted in the different subcultures as well as in the
way in which the platforms operate and their administrators moderate content. However,
we note that in general terms Discord is significantly more toxic than Reddit. We offer a
detailed analysis of the topics and types of communities in which this happens and why,
which will help moderators and policymakers shape their strategies to mitigate the harm
on the Web. In particular, we propose practical and effective strategies that Discord can
implement to improve their platform moderation.

7.1. Introduction

The ample amalgam of Web communities provides safe spaces for diverse cultures to
express their opinions. Due to the idiosyncrasies of the Web, these cultures naturally
scatter their views across disparate platforms. For instance, some users may opportunis-
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tically (e.g., while on their phones) prefer the dynamism of Discord over the asynchronous
nature of Reddit. While it is well established that we adapt our language according to
the audience and the medium to cope with social norms [157], it is less clear to what
extent individuals self-impose different norms around the use of toxic language according
to the platform they are in. Also, different platforms such as Discord and Reddit have
their own policies and guidelines, and moderators who may apply them differently.

Related work has established links in the spread of toxic content between differ-
ent loosely connected communities like fringe communities (e.g., 4chan), mainstream
(e.g., Reddit or Twitter) [158, 159], and chat-based platforms [160]. While there is a
“need to have a multi-platform point-of-view when studying [problematic content] on the
Web” [161], there have been limited attempts in measuring strongly connected communi-
ties.

In this chapter, we collect a unique dataset of Web communities that are present
simultaneously on different platforms. Our dataset opens up new opportunities for NLP
researchers and Computational Social Scientists to compare the discourse across the two
social media platforms. We then design a methodology to discover the differences in
problematic content. At the core of our methodology, we use toxicity detection, and
semantic analysis to identify nuanced contrasts in the usage of toxic language at the
sentence level. We then identify which platforms have a larger number of toxic users and
we show how toxicity has evolved differently over time across platforms and communities.

Through the use of our methodology to analyze 15 popular communities simultane-
ously present in Reddit and Discord, this chapter makes the following findings:

Overall, we see more toxicity in Discord than in Reddit. We see that com-
munication takes different shapes on disparate platforms. Discord prompts users
to communicate using more dynamic interactions, which could have an important
effect on the amount and level of toxicity.

The toxicity in Reddit is more fine-grained and oriented toward the main topic
of the community (i.e., each individual subreddit) whereas the toxicity in Discord
is more coarse-grained and scattered.

We see that a handful of users account for most of the toxic content shared in
most communities while the majority of users share no toxic content at all.

There is a significant increase of toxicity across the time for most cases. This
indicates that no significant change has occurred with respect to the moderation
strategy during the time window of our analysis.

There is a substantial difference in terms of moderation across platforms, but
we observe that this difference does not completely explain the differences in toxicity
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we observe across platforms for the same community and other factors also seem to
play an important role.

The chapter is organized as follows. Section 7.2 briefly discusses the nature of the two
platforms that we study (Reddit and Discord) and how they are connected. Section 7.3
presents our methodology. Section 7.4 explains the way we systemically select cross-
platform communities and our dataset. Section 7.5 portrays the results of our methods
applied to cross-platform communities. We discuss the limitations and takeaways of this
in Section 7.6. Finally, we discuss related work in Section 7.7 and conclude in Section 7.8.

7.2. Problem Statement & Background

The number of controversial Web communities has grown significantly over the last
few years judging by the uptake in the communities being suspended because of the use
of toxic language.1 As content moderation has an effect on the deplatforming of toxic
communities, their users roam to those platforms that have laxer moderation as a side
effect [162].

There are two factors that determine how a community is moderated. The first factor
depends on the Terms and Conditions (T&C) of the platform, which may change over
time, as we have recently witnessed with X (formerly known as Twitter), for example,
the limitation set in July 2023 on the number of tweets each user can view.2 The second
one relates to the norms of the community and the way in which the moderators [163]
enforce both these norms and the T&C. Moderators are generally appointed by the creator
of the community (administrator in Discord or top moderator in Reddit) or by another
moderator of the community, such as in Reddit. These moderators are volunteers, and
their contribution is subject to their availability. In cross-platform communities with
a high volume of posts, it is commonplace to have different moderators on each of the
platforms. For instance, there are completely different sets of moderators (size 10) for the
music community on Reddit and Discord.

Considering that every moderator is an individual with a unique personal perception
of toxicity, their different restrictive standards may affect the level of toxicity across
platforms. Testimony of this is the non-negligible number of moderated communities that
had been running for a long time and have been eventually banned by the platform. The
nature of two different platforms may propose disparate types of interventions, resulting in
differences in terms of toxicity. Discord is structured like a group messenger which might
encourage ping-pong dual dialogues whereas the design of Reddit initially encourages the
users to react to a post (submission), yet with the possibility of replying to other users’

1Since 2020 Reddit banned several communities with hundreds of thousands of users, like r/TruFem-
cels, r/NoNewNormal, r/MGTOW, r/ChapoTrapHouse, r/GenderCritical, r/The Donald.

2https://twitter.com/elonmusk/status/1675187969420828672

https://twitter.com/elonmusk/status/1675187969420828672
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comments. Meddling in a bidirectional dialogue as a moderator may have some different
characteristics than meddling in the reaction to a post.

One challenge we face when we look for communities that coexist on more than
one platform revolves around associating the coexistence of communities, i.e.: identifying
how a community may be scattered across different platforms. We address this challenge
by focusing on sub-communities that are strongly connected to each other. We say that
there is a strong connection when one of the sub-communities self-declares the other
one, typically through a link that reports the association. Figure 7.1 shows an example
of such an association. In what follows we refer to cross-platform communities as sub-
communities that are hosted in different platforms and they are strongly connected to
each other.

Figure 7.1: Sketch of the method used to find the association between communities that
support multiple platforms.

We further explore the case we describe in Figure 7.1 and see that some subreddits set
a pointer to the official Discord channel of the community. We leverage this vantage point
to systematically collect associations between Reddit and Discord for the most popular
communities as we explain next.

7.3. Methodology

Figure 7.2 shows the general pipeline used in this study. To observe the linguistic
differences in cross-platform communities, we follow the next steps: First, we devise a
systematic data collection method to find popular communities scattered across different
platforms. We crawl, scrape, and process all textual comments posted in these commu-
nities. Then, we split the comments into sentences for further steps. Second, we use a
machine learning classifier based on Bidirectional Encoder Representations from Trans-
formers (BERT) to detect hateful sentences. We then perform a three-fold analysis of
the differences between hateful sentences and toxic users at the platform level for every
community, dubbed Differential Analysis. We next describe this approach in detail.
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Figure 7.2: Our methodology in a nutshell.

7.3.1. Data Gathering

To collect our dataset, we use the following three main steps.

7.3.1.1. Finding Cross-platform Associations

As discussed in Section 7.2, we focus our analysis on strongly connected communities.
To find the association between two generic communities (denoted as A and B), we start
collecting data from the platform that sources the association. Let the expression a → b

represent a community a containing a link to the community b.
We start a first crawling task over platform A. This crawling task is designed to

query the index page of the platform and return as output the name of community a ∈ A,
together with their link. We sort all communities by popularity, as given by the number
of users in each community.

We next inspect the top most popular communities in descending order and extract
a → b. Not all communities declare an association; therefore, we iterate through our
association step until we obtain a significant set of associations. In this chapter, we limit
the scope of our data collection to 20 cross-platform communities to avoid indiscriminate
data collection. In our implementation, our data gathering departs from Reddit and gets
associations to Discord.

7.3.1.2. Scraping data for selected communities

Once we have the list of associations, we continuously crawl the posts shared in both
Reddit and Discord for all communities. We use the publicly available APIs for data
collection from the Reddit and Discord platforms. The main attributes of the scraped data
that we use in our study are “users”, “posts”, and “timestamps”. We have anonymized the
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user names in the scraped data. Additionally, we have opted not to conduct any analysis
at the individual user level. This approach ensures that our study mitigates any potential
ethical implications associated with scraping user data. Details about data scraping are
discussed in detail in Section 7.4.

7.3.2. Differential Analysis

We use Differential Analysis [164] to compare toxicity across platforms across three
axes: the semantics of the topic, the users, and the time. Differential Analysis is a general
method that compares two properties by subtracting the normalized value of the property
itself. Next, we explain each dimension of our analysis in detail.

7.3.2.1. Community Analysis

We examine the comments we scrape from each platform as a first step. Preliminary
results show that comments on Reddit are significantly larger than in Discord. This is
due to the dynamic nature of Discord proper of an instant messaging platform. For a fair
comparison, we split the comments we collect from each community into sentences. Then,
we use a pre-trained transformer-based model from Detoxify library3 for toxicity detection
to machine-annotate the sentences in terms of toxicity. The model is not only trained to
tell whether a sentence is toxic or not but also to categorize the toxicity of sentences as
“Severe-Toxic”, “Obscene”, “Threat”, “Insult”, and “Identity-Hate”. Finally, we compare
and report all categories of toxicity for the same communities across platforms in terms
of the rate and distribution of the toxicity.

7.3.2.2. Timeline Analysis

In addition to the static analysis of the overall toxicity, we also compute the rate
of toxic comments per day to capture the possible effects of real-world events on the
temporal toxicity rate. We then study the chronological distribution of hate across time.

7.3.2.3. Users Analysis

We are also interested in the distribution of toxicity across users of each community
to assess the share of the most toxic users from the overall toxicity. Thus, we also
aggregate sentences per user to obtain the toxicity rate for each user. To regularize
the problem, we only consider the “Hateful” category when calculating the user toxicity
rate. For instance, a user with 10 total comments, 2 of which are “Hateful” and 8 non-
toxic, is considered 20% toxic. This is useful in order to see how skewed the share of
toxic content is distributed among all users of a community. The moderation policy can

3https://pypi.org/project/detoxify/
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change accordingly considering that banning a few top most toxic users in a more skewed
community can moderate a higher proportion of the entire toxic content whereas, in a
more uniformly distributed toxicity, the policy might need to be more effective when
oriented toward the content rather than users.

7.3.2.4. Semantic Analysis

Semantic tagging [165] is the task of assigning semantic class categories (tags) to the
smallest meaningful units in a sentence, and it is an application of Natural Language
Processing. We apply the semantic tagging technique to investigate and understand the
linguistic differences, and topics of discussion in communities across platforms. In our
experiments, we used Python Multilingual Ucrel Semantic Analysis System (PyMUSAS)4

library. It assigns a semantic category tag or tags to every word in a given text. We use
toxic sentences as input to the USAS tagger and get the output as a list of associated
tags for each token from text and the total count of each tag.

This comparison gives a view of the similarities and differences in toxic sentences
posted by communities across platforms. We report the top 10% of semantic tags (ignoring
other tags because of relatively low values) in each community for Reddit and Discord.
Then, we compute the percentage of each tag in the community for both platforms. We
subsequently compute the absolute differences in the percentages of Reddit and Discord
tags. We finally sort the list of tags in decreasing order of absolute differences and pick the
top 2 (most dissimilar) and bottom 2 (most similar) tags to highlight the most distinctive
and common features across platforms. To give a more holistic view of similarities and
differences across all tags, we also compute a measure of cosine similarity between semantic
tags. For this, we take two vectors having counts of each semantic tags on Reddit and
Discord respectively for the same community, we normalise the vectors, and then compute
the cosine similarity between them.

7.3.2.5. Differential Tags Analysis

Diving deeper into the linguistic contrasts between platforms, we aim to highlight
the most significantly contrastive semantic tags between the two platforms. We subtract
the frequency percentile ranking of every tag in Discord, with respect to other tags in
the same corpus, from its frequency percentile ranking in Reddit (and vice versa). We
then use this margin to measure a contrastive significance for each tag. Let CSTij denote
the contrastive significance of tag i in community c. Also, FTicp denotes the frequency
percentile ranking of tag i with respect to other tags in platform p of community c. Then,
we compute CSTij for Reddit (R) over Discord (D) as in Equation 7.1. Next, to calculate
the mean contrastive significance across every cross-platform community, we also measure

4https://github.com/UCREL/pymusas

https://github.com/UCREL/pymusas
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the 95% confidence interval for the salience of every tag and exclude the tags with a lower
bound below zero.

CSTij(R|D)
=

∑
c FTic(p=Reddit) − FTic(p=Discord)

|C|
(7.1)

7.3.2.6. Moderation Analysis

To explore the moderation differences across platforms for the same community, we
examine the rate of deleted comments. While we do not have access to the actual content
of the posts been deleted, we do see a label that describes when a message has been
deleted by the moderator (including auto-moderators5). Thus, we start by looking at all
the content deleted by moderators for the communities and platforms under consideration
as follows.

First, we assume that deleted comments have been moderated due to toxicity. We
weight every deleted comment by the average sentences per comment in the community.
Then we add this to the count of toxic comments and recalculate the percentage of toxicity
in the community per platform. This allows us to investigate any differences between the
percentage of moderated content in Reddit and Discord. Note that we are estimating
the level of toxicity as if a comment would had been removed by a moderator because
of toxicity and we are assuming that all sentences in that comment are toxic. Thus,
this analysis has to be seen as a high over-approximation. However, this is sufficient to
compare platforms and to show, as detailed later throughout our results, that moderation
plays a role but it is not the only reason for differences in toxicity across platforms for
the same community.

7.4. Data Collection

We take the following steps to find strongly connected cross-platform communities.
We first identify top subreddits6 in terms of the number of subscribers and select the top
200 subreddits. When we visit the landing page of a subreddit, we search for a Discord
invitation link. This link is set by the creator of the subreddit and, while it is optional,
its presence signals the existence of a Discord server for the community. When present,
we use the link to join the Discord server.

Out of the 200 subreddits, we find 32 communities in both Reddit and Discord. Several
Discord servers are either inactive or very small in size of members. Thus, we shortlist
the 20 most active communities, all with more than 500 users.
Data scraping: To scrape the subreddits (Reddit communities), we use PushshiftAPI.7

5Automatic Reddit built-in system based on rules: https://www.reddit.com/wiki/automoderator/
6http://redditlist.com
7https://github.com/pushshift/api

https://www.reddit.com/wiki/automoderator/
http://redditlist.com
https://github.com/pushshift/api
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Communities Description
dankmemes discuss memes that are unique or odd.
europe community of peoples from fifty-six plus countries and two hun-

dred thirty plus languages.
games interesting gaming content and discussions.
history discussions about history.
jokes posts hundreds of jokes each day.
kpop discuss k-pop (Korean popular music).
ksi discuss KSI (an English YouTuber and rapper).
music a platform to discuss about music.
nosleep share scary personal experiences.
overwatch related to the Overwatch game.
rainbow6 discuss things about Rainbow Six Siege game.
rickandmorty discuss animated series, Rick and Morty.
sports discuss sports news and highlights.
Ukrainian-
conflict

shares news, analysis, discussion and investigative journalism
about the conflict in Ukraine.

writingprompts a platform for people who like prompts, they write a short story
based on it, post and discuss them.

Table 7.1: Communities description.

The subreddit data is publicly available. For scraping the data from Discord servers, we
use the Requests library in Python. We set an authentication code using a valid Discord
account. We capture the server ID and channel ID to perform the crawling, which we can
access after joining the server. We collect the data from both platforms for considered
communities for a duration of around 7 months (January 2022 to July 2022).

After a preliminary study, we further shortlist the communities to 14 (out of 20).
The most important factor in excluding 6 communities is the imbalance across platforms.
These cases have one platform with significantly less number of comments available com-
pared to the other platform of the same community. After we started our data collection
in January 2022, we added to our study a community called “Ukrainian-conflict” as the
Ukraine war started in February 2022. Our rationale was to capture a freshly created
yet active community. Overall, we have included a total of 15 communities in our study.
Table 7.1 presents the description of each community.
Dataset Anonymization: We use anonymizedf 8 Python library to anonymize user-
names and other sensitive data.
Dataset Statistics: Table 7.9 represents the statistics of the dataset used in the study.
The size of the communities shows the total number of subscribers present in the com-
munities. The average sentence length is given as the number of words per sentence. The

8https://pypi.org/project/anonymizedf/
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average sentence length for Reddit and Discord is 12.43 and 6.67 respectively.

7.5. Results

We apply our Differential Analysis methods in Section 7.3.2 to measure differences in
terms of toxicity across cross-platform (Reddit/Discord) communities.

7.5.1. Community Analysis

Hateful Toxic Severe-Toxic Obscene Insult
Communities Reddit Discord Reddit Discord R×10−4 Discord Reddit Discord Reddit Discord
dankmemes 3.50% 14.85% 2.42% 16.89% 3.12% 5.50% 1.60% 12.24% 1.31% 11.10%
europe 1.02% 19.41% 0.89% 10.98% 3.98% 3.42% 0.44% 8.52% 0.41% 7.14%
games 1.10% 14.17% 1.03% 9.10% 0.00% 3.32% 0.71% 8.10% 0.32% 7.00%
history 0.62% 6.38% 0.64% 3.24% 0.00% 1.96% 0.13% 2.49% 0.32% 1.99%
jokes 1.93% 15.74% 1.35% 11.10% 1.24% 5.20% 0.66% 8.84% 0.51% 7.32%
kpop 1.94% 10.82% 1.43% 7.98% 0.00% 5.10% 0.92% 6.89% 0.46% 6.11%
ksi 4.53% 24.71% 2.24% 20.10% 11.68% 6.34% 1.52% 17.22% 0.96% 15.21%
music 0.85% 21.03% 0.63% 11.32% 0.43% 4.00% 0.39% 9.92% 0.26% 8.29%
nosleep 4.22% 11.31% 3.57% 8.23% 0.00% 3.12% 2.16% 7.77% 1.2% 6.28%
overwatch 1.23% 25.80% 0.87% 7.89% 7.69% 5.45% 0.48% 5.77% 0.31% 4.89%
rainbow6 2.66% 15.64% 1.68% 11.84% 0.00% 5.87% 1.04% 8.82% 0.65% 6.90%
rickandmorty 9.75% 17.15% 6.81% 15.45% 46.66% 6.22% 4.29% 11.32% 2.78% 10.33%
sports 7.14% 10.71% 5.72% 6.23% 13.65% 2.31% 3.63% 5.83% 2.73% 3.46%
Ukrainian-conflict 2.48% 14.62% 2.08% 6.87% 6.08% 3.88% 1.09% 5.10% 1.01% 4.87%
writingprompts 1.66% 7.28% 1.78% 4.76% 6.86% 2.66% 0.80% 4.44% 0.67% 4.00%

Table 7.2: Percentage of different types of toxicity across the two platforms per com-
munity. (Note: We highlight in bold the highest value in a column and we underline the
second highest.)

We compare the toxicity of Reddit and Discord as discussed in Section 7.3.2.1. We
first measure the overall toxicity and we then break it down per community.

7.5.1.1. Overall Toxicity

We study five categories of toxicity ranging from general hate (“Hateful” category) and
toxicity (general and severe) to obscenities and insults. Figure 7.3 aggregates the average
toxicity for all communities. We see a significantly higher toxicity rate for Discord in
all categories. We observe how the communication over Discord is more dynamic and
chatty, while on Reddit comments are argumentative. This has an impact on the type of
language used, which reflects the toxicity used. Linguistic and semantic differences are
further explored later on in Sections 7.5.4 and 7.5.5. Next, we take a look at toxicity
per community, then in Sections 7.5.2 and 7.5.3, we look at toxicity across time and
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users, respectively. Finally, in Section 7.5.6 we look at differences in moderation and
their potential relationship with the observed differences in the toxicity across platforms.
Takeaway: Toxicity seems way higher in Discord than Reddit for all categories. Inter-
estingly, the frequency of “Severe-Toxic” is negligible on Reddit and more moderate on
Discord, suggesting that Reddit has an uncompromising moderation policy and diligent
moderators/processes towards “Severe-Toxic” toxicity while Discord appears more lenient.
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Figure 7.3: Average toxic sentences on Reddit and Discord platforms for communities
under study.

7.5.1.2. Communities & Toxicity

Table 7.2 shows the proportion of toxicity we see in each of the communities. Looking
at the overall amount of hate (“Hateful” column) suggests that the most controversial
community in Reddit is rickandmorty and in Discord is overwatch with 9.75% and 25.80%
of hateful sentences respectively. Looking at other categories like “Toxic”, “Obscene” and
“Insult”, we find rickandmorty as the most controversial community in Reddit and ksi in
Discord. The “Severe-Toxic” is very low in Reddit communities, with the exception of
ksi, sports and rickandmorty. In Discord, the “Severe-Toxic” toxicity is better distributed
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across communities with ksi again standing out.
To offer a point of comparison, Table 7.3 aggregates the values in the Hateful column

into three tiers of toxicity (Low, Medium, and High). In Reddit, we observe that all
communities are in the low-toxicity tier. For Discord, most communities lie in the Medium
and High level of toxic, while history and writingprompts communities lie in the Low level.

Toxic levels Reddit Discord
Low
(Toxicity < 10%) All history, writingprompts

Medium
(10% < Toxicity < 20%)

europe, games, jokes,
kpop, nosleep, sports,
Ukrainian-conflict,
dankmemes, rainbow6,
rickandmorty

High
(Toxicity > 20%) ksi, music, overwatch

Table 7.3: Toxicity level-wise communities.

Notably, we see that the most controversial communities across the different categories
relate to the entertainment industry, including the music industry (with the KSI rap
community leading the ranking), the gaming industry (led by the Overwatch gaming
community), the community around Rick and Morty TV comedy show for adults, and
the sports industry. Out of these categories, communities discussing the geo-political
context (discussions around Europe and the Ukrainian conflict) are comparably the ones
that show a larger drift in the level of hate between Reddit and Discord.
Takeaway: Overall, we see nuanced differences in toxicity across communities and we
determine that the “Hateful” category offers a consistent summary of the different types
of toxic comments. Hereafter, we focus into this category.

7.5.2. Temporal Toxicity

Figure 7.4 illustrates the Cumulative Distribution Frequency (CDF) of toxicity during
our study (i.e., from January 3rd to August 3rd, 2022). We represent the average CDF
values of toxicity for the different Reddit (blue) and Discord (red) communities. Toxicity
levels vary over time and can be seen through deviations from the average values (dashed
blue and red lines). Some communities show a sharp increase in toxicity over time,
including Ukrainian-conflict in Reddit and kpop, joke, and ksi in Discord. We attribute
these spikes to various contemporary events as we discuss next.

7.5.2.1. Ukraine War

In Reddit, Ukrainian-conflict has the highest deviation in CDF values. This is due to
a drastic increase in toxicity after Russia started a full-scale invasion of Ukraine at the
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Figure 7.4: Toxicity Timelines.

end of February 2022. Discord europe has a big jump in toxicity after the end of February
which we attribute also to the effect of the war on Ukraine.

7.5.2.2. International Kissing Day

The joke community in Discord has a significant jump of over 30% in toxicity on July
6th which is the international kissing day,9 causing several inappropriate conversations
around the topic.

7.5.2.3. KSI vs Alex Wassabi

The ksi on Reddit as well as on Discord shows a significant increase in toxicity starting
from the end of July. We attribute this to the announcement of the fight in an exhibition
boxing match between the British YouTuber KSI and American YouTuber Alex Wass-
abi.10

Takeaway: On both platforms, many communities do not show a significant variation in
toxicity over time. Yet, one thing stands out: we have an increasing trend in toxicity rate

9https://en.wikipedia.org/wiki/International_Kissing_Day
10Announcement made July 17, 2022, https://en.wikipedia.org/wiki/2022_in_Misfits_Boxing.

https://en.wikipedia.org/wiki/International_Kissing_Day
https://en.wikipedia.org/wiki/2022_in_Misfits_Boxing
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on average, showing that existing moderation strategies can not scale. We also see how
spikes in toxicity are contextual, mostly fostered by the existing socio-political landscape.

7.5.3. Toxicity Analysis per User

We use the distribution of user toxicity rates in each community to provide insight
into the skewness of toxicity production. Table 7.4 shows a summary of the results.

We consider a user to be toxic if we see a toxic statement in any of the sentences in
their posts. We then look at the top 5% most toxic users and the prevalence of users with
100% toxic sentences.

Communities Toxic Users Top 5% Toxic 100% Toxicity
Red. Disc. Red. Disc. Red. Disc.

dankmemes 47.9% 47.7% 42% 73% 11.2%
europe 37.8% 26.1% 37% 61% 6.9%
games 34.0% 15.9% 29% 52% 6.8%
history 12.2% 7.7% 15% 54% 2.2%
jokes 33.4% 37.8% 22% 38% 8.4%
kpop 36.7% 35.1% 29% 54% 4.7%
ksi 44.2% 43.9% 27% 77% 0% 14.6%
music 24.9% 35.9% 16% 69% 7.9%
nosleep 32.0% 21.0% 39% 48% 6.1%
overwatch 40.8% 34.1% 27% 85% 4.6%
rainbow6 39.8% 41.2% 33% 82% 7.0%
rickandmorty 38.8% 17.6% 34% 75% 2.4%
sports 37.1% 21.7% 25% 55% 4.1%
Ukrainian-conf. 47.8% 15.1% 44% 60% 1.7%
writingprompts 30.7% 18.2% 39% 60% 7.6%

Table 7.4: Toxic users for Reddit (Red.) and Discord (Disc.)

7.5.3.1. Rate of Toxic Users

We see that dankmemes hosts the largest toxic user base, with 48% of their users post-
ing toxic comments on both Reddit and Discord (see “Toxic Users” column of Table 7.4).
Recall that dankmemes is a community that produces a relatively low or moderate level
of toxicity overall (cf. Table 7.3 in Section 7.5.1.2). In context, this means that many of
the toxic users in this community do not frequently produce toxic content.

On the contrary, we see that history has the lowest number of users who engage in toxic
behavior with 12.2% and 7.7% of the users in Reddit and Discord using toxic language
eventually. Interestingly, we observe that the number of toxic comments overall posted
is 0.6% and 6.4% respectively (cf. Table 7.2 in Section 7.5.1.2). This shows that while
history has more toxic users in Reddit than in Discord, Discord is overall more toxic than
Reddit due to a highly skewed production of toxicity by a few top toxic users.
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Takeaway: This common pattern suggests significant moderation differences between the
two platforms for the same community. We come back to this point later in Section 7.5.6.

We further investigate the presence of the same set of users across platforms for the
same community and find that some users coexist on both platforms. For instance, we see
that around 13% and 8% of the Discord users in writingprompts and nosleep respectively
are also present in Reddit. Note that the overlap is just based on an exact username
match during the time span in our dataset, but we studied the user names and observed
they were significantly unique.

To further study the nuanced differences between users in different communities (in-
cluding dankmemes and history) we focus next on the top most toxic users.

7.5.3.2. Most Toxic Users

We first look at the share of toxicity among the top 5% users in each community as
shown in the middle column of Table 7.4. The numbers suggest that the share of toxicity
among users is far more skewed in Discord, meaning that a few extremely toxic users
account for most of the toxic content in this platform.

This finding is also consistent when we examine the proportion of users who always
use toxic language (see “100% Toxicity” column in Table 7.4). As shown in the table, none
of the Reddit communities have any individual who consistently generate toxic content,
while all communities in Discord have a few of them. In particular, 15% of the users in
ksi display toxicity in 100% of their posts. This figure ranges all the way to 2% in the
case of Ukrainian-conflict.
Takeaway: While we have seen that toxicity in Discord is concentrated in a few accounts,
the toxicity in Reddit is scattered across a wider range of users.

We next seek to understand if this toxicity is generally directed towards certain topics
through the analysis of linguistics and semantic differences.

7.5.4. Semantic Categories Analysis

Aiming to compare the linguistic differences in toxic sentences across Reddit and
Discord platforms, we compare the communities using their respective semantic tag values
evaluated by the USAS semantic tagging model. To compute the cross-platform similarity
in semantic tag values, we take two vectors for semantic tags, one for a community on
Reddit and another for the same community on Discord. Then, we compute the cosine
similarity between the two vectors and get a similarity score.

Table 7.5 shows the cosine similarity scores across platforms for all communities.
Here, we can observe that the nosleep, writingprompts, ukrainian-conflict and history
communities are more similar in topics, whereas overwatch and dankmemes communities
have substantial differences in topics across platforms. Overall, the cosine similarity scores
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Communities Cosine Similarity Most Similar
Tags

Most Dissimi-
lar Tags

dankmemes 0.92 K5, W4 S3, B1
europe 0.98 G3, I1 G1, S3
games 0.93 M7, L2 K5, B1
history 0.99 S9, M7 S3, G2
jokes 0.97 S9, K2 S3, S1
kpop 0.98 G3, K5 K2, S3
ksi 0.97 G1, G3 S1, S3
music 0.98 P1, X2 S1, K2
nosleep 0.99 Y1, B2 L1, S1
overwatch 0.91 S9, I3 K1, K5
rainbow6 0.95 C1, S7 S3, K5
rickandmorty 0.98 L1, B2 X2, S3
sports 0.98 B4, Y2 S1, S3
Ukrainian-conflict 0.99 G3, H3 X9, Z2
writingprompts 0.99 C1, B2 F1, L1

Table 7.5: Cross-platform cosine similarity for semantic tags with most similar and dis-
similar tags in toxic sentences.

of semantic tags (topics) are high for all the communities, which indicates that the topics
discussed in a particular community on different platforms are very similar in general.

Table 7.5 also shows the two most similar and the two most dissimilar topics in
communities across platforms. Most of these topics are compatible with the basic theme
of the communities, which validates the significance of semantic tags analysis used in our
study. These topics are determined by using the method mentioned in Section 7.3.2.5.
Table 7.10 represents the names of the tags mentioned in this chapter. Intuitively, due
to the escalation of disputes between Russia and Ukraine, europe community is talking
about warfare, defense, and the army — i.e., weapons (G3) topics on both platforms.
The ukrainian-conflict is using the terms related to G3 and areas; boundaries (H2) in a
similar size on both platforms. The history community is also discusses topics related to
places (M7) more evenly.

Interestingly, we see that music and kpop communities are dissimilar when talking
about music and related activities (K2) across Reddit and Discord. Also, games, and
overwatch are the most dissimilar in Sports and Games related semantic tags (K5). Both
tags are directly referring to the topics of their community. Further analysis shows that
the source of this dissimilarity is their extremely higher abundance on Reddit than on
Discord. This means that the discourse in Reddit content is closer to the theme of the
community (for example in sports community they talks about sports activities), whereas
Discord content does not completely stick to the related topic of the community and can
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also drift to other topics. This may be related to the nature of Reddit, where comments
include reactions to the submissions related to the main topic of the community. In
contrast, Discord servers are structured as group messengers, which may favor back-and-
forth conversations between users, including the toxic ones, who may then diverge from
the main topic of the community.
Takeaway: We see that the topics and semantic similarity are very high for all communities
across platforms, suggesting very similar topics being discussed most often aligned with
the main theme(s) of the communities. Interestingly, we also observe some differences
between platforms, where Reddit discussions are more often bounded to the main theme(s)
of the community, while Discord discussions seem to more easily diverge from the main
theme(s) of the community, while still being the main theme(s) discussed.

7.5.5. Linguistic Differences

Figure 7.5: Salient USAS tags in Reddit
toxic content.

Figure 7.6: Salient USAS tags in Discord
toxic content.

We measure linguistic differences in toxic language by looking at differences in fre-
quency percentile rankings of the USAS tags discovered in Section 7.5.4. In particular,
we portray the contrastive nature of semantic tags as word clouds, where the sizes of
words correspond to the measure of salience described in Section 7.3.2.5. The keywords
we display in the word clouds correspond to the description of each tag.

Figure 7.5 shows tags of toxic content that are more present in Reddit when compared
to Discord. Figure 7.6 shows the reverse, that is the tags of toxic content that are more
present on Discord rather than on Reddit. To provide more context to interpret the
results, we further offer details and provide sample words and sentences associated with
each tag in Table 7.8. We see that tags corresponding to gender (“People: Female”), drugs
(“Plants”), and other general-purpose topics describing “Dislike”, and “Sensory: Smell”
are more frequent in Discord than in Reddit. Here, we observe more explicit toxicity
associated with these popular tags (see column “Top words” in Table 7.8) in Discord.
This suggests that, for the same community, the toxicity in Discord seems to be more
explicit, particularly for some topics such as drugs and the female gender. This could
be explained by the more semi-private nature of Discord as opposed to Reddit, where
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some users, even if anonymous, may be more reluctant to make some comments explicit
in public. This could also be related to differences in moderation policies and processes
as we explore in the next section, where Reddit policies and moderators may be harsher
for explicit language.
Takeaway: Toxicity in Discord tends to be more explicit, particularly in reference to topics
such as drugs and the female gender, when compared to Reddit.

7.5.6. Moderation Differences

We also study differences when it comes to moderation.

7.5.6.1. Attribution

Table 7.6 shows the percentage of comments deleted or removed by moderators. We
see that moderators on the Reddit platform are more active and strict than on Discord.
In Reddit, “nosleep”, “sports”, and “history” maintain the highest number of deleted
comments. In Discord, moderators seem much more lenient as deleted/removed comments
are exceptional. Note that moderation policies in Reddit11 and Discord12 seem very
similar when it comes to how moderators should handle toxic content. However, these
differences we observe seem to be attributed to the way moderators apply policies in
practice. We also see evidence of Reddit using automated systems to moderate comments
(auto-moderation). We see in Table 7.6, column Reddit (AM), the percentage of those
comments deleted because they matched the automated rules moderators set in Reddit.
We note there are some communities where automated moderation is barely applied, but
we do not see a connection with the total amount of moderation (e.g., “sports” vs “europe”
when comparing the two columns in Table 7.6) or the overall toxicity (e.g., “rickandmorty”
vs “sports” or when comparing Table 7.6 and 7.2).

7.5.6.2. Explanation

Next, we focus on whether these differences in moderation could explain the differ-
ences in toxicity observed in Section 7.5.1.1. That is, whether all communities are less
toxic in Reddit simply because the moderation in Reddit is more strict when it comes
to toxic content. Table 7.7 shows a substantial increase in toxicity percentage in Reddit
communities when considering our estimate based on the moderated content. Still Dis-
cord exhibits a higher toxicity rate as we see in the majority of the communities, such
as “europe”, “kpop”, “ksi”, “music”, “overwatch”, “rainbow6”, and “Ukrainian-conflict”
when comparing the estimated (upper-bound) Reddit toxicity in Table 7.7 with the actual
Discord toxicity back in Section 7.5.1.1 (Table 7.2).

11https://www.redditinc.com/policies/moderator-code-of-conduct
12https://discord.com/community/your-responsibilities-as-a-discord-moderator-discord

https://www.redditinc.com/policies/moderator-code-of-conduct
https://discord.com/community/your-responsibilities-as-a-discord-moderator-discord
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Takeaway: Our analysis reveals that there are important differences in handling toxic
content across platforms. Reddit has more proactive moderation strategies than Discord,
with some of them driven by automated mechanisms. When we factor moderation in, we
continue to see that Discord is more toxic than Reddit. This shows that there are other
reasons beyond moderation to explain the difference in toxicity for the same community
across Reddit and Discord. As these differences are substantial and the communities we
study are strongly connected, meaning that administrators of the community may either
be the same or cooperate, we partially attribute the drift in toxicity to the other differences
observed across platforms beyond moderation, including the type of users there are or the
nature of the conversations they have as we saw in Sections 7.5.3 (users), 7.5.4 (semantic
differences) and 7.5.5 (linguistic differences).

Communities Reddit Reddit (AM) Discord
×10(−4)

dankmemes 7.6% 2.1% -
europe 4.4% 0.22% -
Games 15.0% 0.75% -
history 17.0% 5.9% -
Jokes 11.8% 0.02% -
kpop 2.9% 1.1% 9.3%
ksi 5.9% 2.2% 4.0%
music 2.8% 1.7% -
nosleep 25.4% 5.2% -
Overwatch 1.0% 1.1% 2.6%
Rainbow6 1.4% 2.1% 5.9%
rickandmorty 2.4% 1.1% -
sports 21.2% 0.02% -
Ukrainian-conflict 2.8% 1.2% 3.1%
Writingprompts 7.5% 5.6% -

Table 7.6: Percentage of deleted comments per community and platform by moderators.
AM: Auto-moderation.

7.6. Discussion

We discuss the main takeaways and limitations of our study.

7.6.1. Main Takeaways

This chapter offers a unique comparison of cross-platform communities that yields the
following findings:
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Communities Reddit baseline Reddit estimate

dankmemes 3.5% 10.33%
europe 1.0% 5.24%
Games 1.10% 15.7%
history 0.62% 14.58%
Jokes 1.93% 13.88%
kpop 1.94% 4.7%
ksi 4.53% 12.7%
music 0.85% 3.43%
nosleep 4.22% 26.63%
Overwatch 1.23% 2.21%
Rainbow6 2.66% 3.9%
rickandmorty 9.75% 12.1%
sports 7.14% 27.34%
Ukrainian-conflict 2.48% 5.1%
Writingprompts 1.66% 7.9%

Table 7.7: Percentage of toxicity before and after including deleted comments as toxic
comments.

7.6.1.1. Discord is more toxic than Reddit

Comparing the rate of toxicity across Reddit and Discord shows a clearly generalizable
pattern. For all considered communities, the content of that community in the Discord
platform is substantially more toxic in all categories of toxicity in comparison to the
Reddit platform of the same community. Notably, the prevalence of the “Severe-Toxic”
category is almost negligible on Reddit while clearly existing in Discord. Moreover, the
toxicity is found to be more explicit (i.e., containing predefined toxic words) on Discord
than on Reddit. We studied the root cause and made the observations that follow next.

7.6.1.2. Moderating toxic users may work for Discord

We observe that the distribution of toxic behavior between users is not consistent
when comparing Discord and Reddit. On Discord, a small number of users are account-
able for the majority of negative content, whereas on Reddit, the toxicity is spread more
uniformly among the users. Consequently, on Discord, implementing fundamental moder-
ation tactics, such as banning the primary toxic users, can be a successful strategy, while
on Reddit, a more effective approach would be to target toxic comments than toxic users.

7.6.1.3. Increased tendency over time

We see that the cumulative distribution of toxicity over time increases linearly (uniform
distribution), with Reddit leading the way to Discord users. Interestingly, we see more
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spikes of toxicity over time in Discord than in Reddit where toxicity is scattered across
time more homogeneously. While we see evidence of content moderation, we also see that
the increase in toxicity rarely plateaus over time. This means that there is a baseline of
toxicity that always permeates through. Observing the timeline of toxicity in communities
such as Ukrainian-conflict, europe, and ksi, we can infer that the toxicity on platforms
may also be related to specific events associated with the respective online communities.

7.6.1.4. Semantic and linguistic differences

We observe that the use of toxic language can be attributed to different topics depend-
ing on the platform. This may mean the same community is represented by a different
subculture, each attracted to the idiosyncrasies of the platform. For instance, semantic
tag dissimilarities for communities such as music, kpop, sports, games, and overwatch
suggests that content and toxicity are more fine-grained and focused in Reddit than in
Discord. This refers to the nature of Reddit, where comments are reactions to the sub-
missions that are directed toward the subreddit’s topic, yet, in Discord servers, which
are structured as group messengers, back-and-forth conversations between a few users,
including the toxic ones, may easily diverge from the main topic of the community.

7.6.1.5. And without moderation, Discord is still more toxic

We also see that moderation plays a significant role in explaining variations in toxic-
ity levels, with instances where it independently influences outcomes. Nevertheless, even
after estimating the level of toxicity that one would encounter in Reddit if moderation
was not present, more toxicity would still be found in Discord across most of the commu-
nities. This observation prompts further exploration of additional contributing factors,
such as differences in platform-specific language, in the type of communication, including
topics, toxicity explicitness, and/or the level of (in)formality proper of a more/less public
and direct channel. Regardless of the differences, we see Reddit using auto-moderation
systems. It is unclear whether Discord also uses automated systems to help moderators
but in either case, we see how the deployment of cutting-edge methods — e.g., [135] or
Detoxify — is an open problem in practice most likely due to the implications of blocking
content automatically under the presence of false positives.

7.6.1.6. Connection to Social Science Theories

This study’s findings resonate with several well-established social science theories that
illuminate the dynamics of online toxicity and group behavior. Firstly, the concentra-
tion of toxic behavior within a small subset of Discord users aligns with the “bad apple
effect” [166]. This theory posits that a few disruptive individuals can exert a dispro-
portionate negative influence on the overall climate of a community. This suggests that
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targeted interventions aimed at these high-impact users could be a particularly effective
strategy for reducing toxicity on platforms like Discord.

Secondly, the theory of deindividuation [167] offers insights into the higher levels of
toxicity observed on Discord. The anonymity and reduced personal accountability fostered
by Discord’s real-time chat format may lead to greater disinhibition and a willingness to
engage in toxic behaviors. In contrast, Reddit’s forum-like structure and comment voting
system can promote greater self-awareness and a degree of social regulation.

Finally, the observed differences in semantic focus between platforms point to the
potential role of social identity theory [168]. This theory suggests that individuals may
gravitate towards platforms that reinforce their sense of group belonging, leading to the
emergence of platform-specific subcultures with varying norms regarding acceptable dis-
course. The distinct linguistic patterns on Discord and Reddit could reflect these social
identity processes and how they contribute to variations in online toxicity.

7.6.2. Limitations

Our method provides a holistic view of cross-platform similarity rates with a granu-
larity that explains what the similarities and differences are. However, our granularity
when it comes to linguistic and semantic differences is limited to semantic tags, which
only provide an overall notion of the concepts mentioned in a text, rather than identifying
the unique context in which the tags appeared. It is also worth noting that rule-based
semantic taggers may have limitations in capturing non-defined or new tags and topics.
However, finding a precise mechanism for understanding semantics is a daunting NLP task
that is out of the scope of our contribution. Despite the tools we have used for semantic
analysis having limitations, their use has led us to the identification of nuanced differ-
ences that advance our understanding of the use of toxicity in cross-platform communities
beyond prior work which focuses on the use of sentiment analysis.

To examine the moderation differences, we used an upper bound that all the sentences
in deleted comments are toxic. This assumption leads to an overestimation of the toxicity,
but this limitation does not affect our findings since the toxicity in Discord is still higher
than in Reddit before and after factoring in moderation. If we were to have access to
the deleted comments and the amount of toxicity in moderated comments were to be
accurate, we would find a smaller increment and we would reach the same conclusion.

7.7. Related Work

Related work has focused on differences in sentiment analysis of content generated
across platforms. For instance, while examining the posts posted by the same group of
users on Instagram and Twitter, [73] saw that posts on Twitter contain more negative
expressions than posts on Instagram. [169] also argued that meta-data features (e.g.,
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conversation length) were better predictors of risky conversations on Instagram. [170]
found that Twitter posts are more causal, while posts on Facebook are more emotional.
In addition, a case study by [74] on the 2019 Ridgecrest earthquake showed that Reddit
users’ responses to the event were much less emotionally negative and covered more diverse
topics than the same discussion on Twitter. Moreover, the responses to the event are more
active and faster on Twitter than on Reddit.

More relevant to our research question, several works have attempted to compare the
mechanism of harmful content and behavior across platforms. [171] studies how different
platforms (Facebook and Reddit) allow for the spread of anti-vaccine conspiracy theory.
Looking into news consumption during the Italian referendum, [172] discuss that users
on Facebook and Twitter are equally likely to restrict their attention to a certain group
of pages/accounts. [173] have also looked into Facebook and Twitter’s role in spreading
COVID-19 misinformation and figured out that on both platforms, low-credibility content
is generally much more prevalent than content from high-credibility sources. However,
the ratio of low- to high-credibility information on Facebook is lower than on Twitter,
suggesting that Facebook’s misinformation moderation strategy is more effective.

Although many works have been studying linguistic differences on multiple platforms,
no work has explored the linguistic differences for harmful content posted by communities
across multiple platforms, which is a gap our work fills. Moreover, existing tools for cross-
platform comparison are limited to sentiment analysis and conventional topic modeling
next to temporal frequency counts (e.g., the number of comments with negative sentiment
[73, 170, 74], or the number of links to deleted YouTube videos [173]). Our study goes
beyond sentiment analysis and makes nuanced comparisons across several axes.

7.8. Conclusion

In this chapter, we make a novel analysis and collect a unique dataset of cross-platform
communities. Our work is the first to study strongly connected communities that are
simultaneously present on Reddit and Discord, focusing on the analysis of the differences
in the use of toxicity and in moderation. We observed a substantially higher overall
toxicity in Discord than in Reddit and we offered a nuanced analysis of root causes,
including differences we attribute to the user base, to opportunistic events that happen
over time, and to the semantic differences in the nature of the conversations.

While our work focuses on toxicity, our methods and dataset can be leveraged for
a wide range of studies. In particular, the metrics we use (e.g., semantic analysis) are
generalizable for measuring the similarity of any two corpora in the future. To foster
future work in the space, we make our code and anonymized dataset available to the
research community on GitHub.13

13https://github.com/aksiitbhu/cross-platform-analysis
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USAS
Tag

Description Dominant
Platform

Saliency Top words Example Sentences

S1.2 People: Female Discord 0.12 ± 0.087 Bitch, Girl, Mom,
Women, Whore,
Cow

bitches come and go
bruh, you little bitch

X3.5 Sensory: Smell Discord 0.10 ± 0.08 Smell, Stink,
Smelly

smells like shit though,
when your opinion
smells of stupid

E2- Dislike Discord 0.097 ± 0.038 Damn, Hate,
Bitches, Fuck

damn slowchat, lil
whiney bitch

L3 Plants Discord 0.083 ± 0.046 Weed, Smoke polish cow weed, chat is
too green and stupid

E6+ Confident Discord 0.093 ± 0.079 Fuck, Hot, Shit,
Cool

fuck indeed, fuck you
shut up and go buy gold

Table 7.8: Tags description with sample sentences.

Communities Size of communities Duration (date) Number of sentences Avg sentence length
Reddit Discord from to Reddit Discord Reddit Discord

dankmemes 5.8M 9.9K 3/1/2022 5/8/2022 3226022 502800 9.95 5.07
europe 3.4M 3.5K 2/1/2022 6/8/2022 5040172 245035 13.74 6.32
games 3.1M 4.2K 3/1/2022 5/8/2022 2457484 355211 15.6 6.98
history 17M 3.5K 2/1/2022 5/8/2022 170278 20142 16.98 12.24
jokes 23.8M 20K 2/1/2022 3/8/2022 861786 10583 9.35 4.14
kpop 1.7M 4.7K 2/1/2022 5/8/2022 675898 432422 12.14 6.33
ksi 2.6M 72.4K 2/1/2022 5/8/2022 1736469 502640 13.97 4.29
music 30.3M 22.9K 2/1/2022 3/8/2022 2761324 725668 12.65 6.16
nosleep 16.3M 2.2K 2/1/2022 6/8/2022 260787 9043 10.40 10.22
overwatch 3.9M 268K 3/1/2022 7/8/2022 1562967 2151877 13.13 4.73
rainbow6 1.5M 583.9K 2/1/2022 1/8/2022 828649 1880389 12.93 5.52
rickandmorty 2.6M 24.9K 2/1/2022 5/8/2022 256230 191391 10.15 5.72
sports 20.4M 7.9K 2/1/2022 5/8/2022 723473 10360 12.13 7.07
Ukrainian-conflict 0.361M 5K 3/1/2022 4/8/2022 4905343 388236 12.11 8.80
writingprompts 16.1M 1.8K 2/1/2022 6/8/2022 2164661 337422 11.16 6.25

Table 7.9: Dataset Statistics.
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Tag Tag Name Tag Tag Name
B1 Anatomy and physiology L1 Life and living things
B2 Health and disease L2 Living creatures generally
B4 Cleaning and personal care M7 Places
C1 Arts and crafts P1 Education in general
F1 Food S1 Social actions, states & processes
G1 Government, Politics & elections S3 Relationship
G2 Crime, law and order S7 Power relationship
G3 Warfare, defence and the army; Weapons S9 Religion and the supernatural
H3 Areas around or near houses W4 Weather
I1 Money generally X2 Mental actions and processes
I3 Work and employment X9 Ability
K1 Entertainment generally Y1 Science & Tech. in general
K2 Music and related activities Y2 Info. tech. & computing
K4 Drama, the theatre & show business Z2 Geographical names
K5 Sports and games generally

Table 7.10: Semantic tags used in this chapter. Full list of tags
https://ucrel.lancs.ac.uk/usas/semtags subcategories.txt.
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Part III

Polarization in Language Models

Scalability has been one of our fundamental objectives throughout this thesis, ensuring
that models can process the vast and continuously growing volume of social media data
efficiently. Sentence transformers and Large language models (LLMs) meet this need by
enabling comprehensive, real-time analysis across diverse datasets and platforms, making
them valuable tools for understanding online polarization dynamics.

This part of the thesis begins by discussing the mutual effect of the state-of-the-
art language models on polarization and how they can also be utilized for measuring
polarization.

Chapter 8 investigates the potential economic and sociopolitical biases of LLMs when
exposed to controversial questions. We discuss that these biases can have a mutually
reinforcing effect on existing social biases. Our dataset is the debates on the Kialo platform
on controversial topics.

In Chapter 9, we utilize the same database of debates to enhance the performance of
sentence transformer language models by making them stance aware.

We demonstrate how this stance awareness can help computational social scientists
in tasks such as semantic search and opinion mining on controversial topics. Having such
an efficient way of tracking users’ controversial opinions leads to better tracking of online
polarization and radicalization over time.
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8 AI in the Gray: LLM and
Controversy

Abstract

The scalability of polarization analysis depends on advanced models capable of pro-
cessing vast and dynamic social media data efficiently. Large Language Models (LLMs)
offer this potential by enabling comprehensive and real-time evaluation of controversial
topics. This chapter examines how LLMs, particularly ChatGPT, interact with socio-
political polarization, exploring their biases and their performance in contentious domains.

The introduction of ChatGPT and the subsequent improvement of Large Language
Models (LLMs) have prompted more and more individuals to turn to the use of ChatBots,
both for information and assistance with decision-making. However, the information the
user is after is often not formulated by these ChatBots objectively enough to be provided
with a definite, globally accepted answer.

Controversial topics, such as “religion”, “gender identity”, “freedom of speech”, and
“equality”, among others, can be a source of conflict as partisan or biased answers can
reinforce preconceived notions or promote disinformation. By exposing ChatGPT to such
debatable questions, we aim to understand its level of awareness and if existing models
are subject to socio-political and/or economic biases. We also aim to explore how AI-
generated answers compare to human ones. For exploring this, we use a dataset of a social
media platform created for the purpose of debating human-generated claims on polemic
subjects among users, dubbed Kialo.

Our results show that while previous versions of ChatGPT have had important is-
sues with controversial topics, more recent versions of ChatGPT (gpt-3.5-turbo) are no
longer manifesting significant explicit biases in several knowledge areas. In particular,
it is well-moderated regarding economic aspects. However, it still maintains degrees of
implicit libertarian leaning toward right-winged ideals which suggest the need for in-
creased moderation from the socio-political point of view. In terms of domain knowledge
on controversial topics, with the exception of the “Philosophical” category, ChatGPT is
performing well in keeping up with the collective human level of knowledge. Finally, we
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see that sources of Bing AI have slightly more tendency to the center when compared to
human answers. All the analyses we make are generalizable to other types of biases and
domains.

8.1. Introduction

With the advent of ChatGPT, generative AI in general, and ChatBots, in particu-
lar, are becoming widely used and increasingly ubiquitous. The popular integration of
ChatBots in our daily life has caught the attention of research communities to assess the
performance of these models on various tasks such as providing factual answers [174],
automatizing text annotations tasks [175], or assessing the risks of enabling the mass
production of toxic content [176].

As for every AI model, there are also concerns about various types of social bias that
can be mutually reinforced by LLMs [83]. For example, AI biases have been reported
towards certain minorities [177] and underrepresented groups or genders [178]. Contrari-
wise, there are conservative online users reporting “woke” agendas in ChatGPT [179, 180].
Prompts showing that ChatGPT would tell people a joke about a man but not a woman,
or flag gender-related content, and refuse to answer questions about Mohammed [181]
have gone “viral”. Despite these concerns, studies centered on AI are usually focused on
specific types of biases [182], making the scope of prior work narrow.

We address this gap in the literature through the creation of a flexible and generaliz-
able approach that assesses how Large Language Models designed for dialogue (such as
ChatGPT) respond to controversial topics. For this, we leverage a unique combination
of data sources and a processing pipeline that let us obtain AI-generated data on contro-
versial topics and compare it with human-generated data. In particular, we collect data
from an online debating platform called Kialo1 — a social media platform for debate.
The debates on Kialo are organically created and developed by a community of dedicated
debaters, and proxy the collective notion of humans about what topics can be considered
controversial.

By exposing ChatGPT to controversial topics that have appeared “in the wild”, we
aim to explore two main research questions:

1) When responding, does ChatGPT recognize topics as controversial and moderate
itself or does it exhibit socio-political and/or economic biases? 2) How does the answer
compare to human answers? To answer these questions, we devise a novel method that can
assess learning biases and policies in the moderation of AI responses. Our contribution
provides a holistic overview of AI’s drift from public opinion on controversial topics.
In general, we find that ChatGPT is more moderated in the economic aspects than in
the sociopolitical aspects. Compared to human responses, our analysis suggests that

1https://www.kialo.com/, last accessed 2 June 2023.

https://www.kialo.com/
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ChatGPT does a good job of engaging with complex controversial topics in almost all
with the exception of the “Philosophy” domain, where ChatGPT has a significantly less
diverse domain-specific vocabulary.

8.2. Related Work

Previous work by Barocas et al. [183] suggests that biases in ML could cause allo-
cational or representational harm to different demographic groups. For instance, Abid et
al. [184] demonstrate that the GPT-3 language model carries undesirable societal biases
about religious groups. The study shows that “Muslim” is correlated with “terrorist”
in 23% of the test cases. Si et al. [176] demonstrate that open-world ChatBots could
generate toxic and biased responses even initiated by nontoxic queries. Their work shows
that around 8% of the tested ChatBots’ responses were toxic by sending queries from
the 4chan dataset. Blodgett et al. [185] present a comprehensive review of bias in NLP,
warning that AI biases could cause unfair allocation of resources or opportunities to some
social groups or even lead to them being represented in a discriminated unfavorable or
insignificant way.

Lee et al. [83] present a small-scale social bias evaluation method against ChatBots,
which gathers and compares responses from ChatBots and human participants for a lim-
ited set of survey questions in a psychology paper.

Moving beyond bias, there is also abundant recent Q&A literature aiming to measure
the overall performance of ChatBots. For example, Zhu et al. [174] assess the power of
ChatGPT in annotating social media texts. Also, Shen et al. [175] check the reliability of
ChatGPT responses to questions in eight domains.

Although existing studies offer a targeted overview of the performance of ChatBots
in certain domains, their analyses tend to ignore the base rate in favor of reporting
results on individual data. Instead, we study the performance of language models on
controversial general-purpose topics. To our knowledge, the only work that looks at
answers to controversial topics in LLM focuses on the medical context (i.e., Lacrimal
Drainage Disorders) [186]. Our analysis, however, does not cherry-pick specific types
of controversial questions. Instead, we leverage a rich dataset of online social media
discussions around controversial topics. This analysis provides a more realistic measure
of the model’s behavior while exposed to controversy in the real world, where we handle
challenges that stem from an increasingly diverse and complex ecosystem.

8.3. Data Collection Methodology

Our work leverages a unique combination of three data sources: (1) human-generated
data from an online debating platform (Kialo), (2) AI-generated data from queries to
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LLMs, and (3) annotations of the leaning of online sources.

8.3.1. Kialo Discussions

Kialo is an online debating platform that helps people engage in thoughtful discussions,
understand different points of view, and help collaborative decision-making [187, 188]. In
this study, we crawl ≈2,900 popular discussions hosted on the Kialo debating platform.
First, we collect meta-data and links to all the popular discussions,2 on Kialo. Next, we
browse each discussion using its link and scrape its entire discussion tree.

Furthermore, we also get the tags associated with each of the Kialo discussions and
the polarities for each argument, — whether an argument is attacking (con) or supporting
(pro) its parent argument. Overall, we get ≈2,900 Kialo debates with a mean (median)
of ≈131 (52) arguments per debate. Kialo debates are typically balanced, with the vast
majority of discussions having between 40% and 60% supporting arguments, with the rest
being attacking arguments. Due to Kialo’s strict moderation policy, each piece of text
submitted to a debate is a self-contained argument with a clear claim backed by reason-
ing [189]. Moderators vet every piece to make sure that it is relevant to the thesis and
that the argument has not been covered by other parent arguments. Furthermore, Kialo
debates are also tagged into topics, such as “society”, “economics”, “science”, “philoso-
phy” and “feminism”, which allows us to interrogate the stance of the different dialogic
LLM models on different topic areas.

8.3.2. Query Dataset

We query different dialogic LLMs with controversial topics drawn from Kialo. We
focus on different Open AI models to assess how responses to controversial topics have
evolved with the models. Additionally, since the publicly available OpenAI models are
limited to GPT-3.5, we also query Bing AI to understand the responses of dialogic LLMs
based on GPT-4.3 Bing AI’s additional benefit is is that it also provides references based
on Bing’s search engine, allowing for the analysis of potential bias in its choice of sources.
Sources & Method: For Open AI models “text-curie-001”, “text-babbage-001”, “text-
davinci-001”, “text-davinci-002”, “text-davinci-003”, and “gpt-turbo-3.5”, we use the of-
ficial open source Python library of Open AI.4 To ensure reproducibility, we set the
temperature argument in Open AI API to zero. This removes the model’s randomness
and only chooses words with the highest probability. For Bing AI, since there is no avail-
able API at the moment, we write a scraper to use Bing AI’s online interface to send the

2https://www.kialo.com/explore/popular last accessed 19 May 2023.
3https://blogs.bing.com/search/march_2023/Confirmed-the-new-Bing-runs-on-OpenAI%E2%

80%99s-GPT-4
4https://github.com/openai/openai-python

https://www.kialo.com/explore/popular
https://blogs.bing.com/search/march_2023/Confirmed-the-new-Bing-runs-on-OpenAI%E2%80%99s-GPT-4
https://blogs.bing.com/search/march_2023/Confirmed-the-new-Bing-runs-on-OpenAI%E2%80%99s-GPT-4
https://github.com/openai/openai-python
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queries and retrieve the answers. Also, we store the exact query date and time for version
control (all the queries are made in early May 2023).
Query Inputs: We make a range of queries to the different LLMs. We populate those
queries with inputs from other sources. Next, we detail each of the sources we use in our
query dataset:

Political Compass test. Similar to Rozado [82], we write the declarative
statements of the 62 political compass test and ask the language models to choose
whether they “Strongly Disagree”, “Disagree”, “Agree”, or “Strongly Agree” with
them (see Table 8.1 for a sample). This was done for all 7 language models.

Kialo Questions — Free Style. We ask the ≈2,800 popular and contro-
versial topics in Kialo to all 7 language models. We ask them in free-style format,
meaning that we simply add a question mark to the end of the initial statement on
Kialo if the statement is not already in an interrogative format (see Table 8.3 for a
sample).

Kialo Questions — Prompt Engineered. We also engineer the prompts for
every query to make it support both sides for each Kialo topic by explicitly asking
it to provide pros and cons for the statements (see Table 8.8).

AI Annotated Statements. We ask “gpt-3.5-turbo” to label ≈200 economic
topics from Kialo as economically left, “economically right”, or “unclear” and label
≈1,000 sociopolitical statements as “libertarian”, “authoritarian”, or “unclear”.

Free Style vs Prompt Engineering. We use two different query methods to make our
analysis more extensive as we explain next. First, the free-style method provides flexibility
to generate responses without pre-defined constraints (i.e., limited prompts). The output
for this type of query may be (1) a yes or no answer (Table 8.2), (2) a moderated answer
with imbalanced arguments in favor of one side (Table 8.3), or (3) a moderated answer
with balanced arguments in favor of both sides (Table 8.4).

Second, we perform prompt engineering to compare the pros and cons of human- and
AI-generated answers. We make this query only from the latest model of Open AI which
is “gpt-3.5-turbo”, as we note that it has been engineered to offer an exactly equal number
of pros and cons. We also use the official template prompt engineering style provided by
ChatGPT for classification tasks as used by prior work [174] to measure the annotation
power of ChatGPT.
Query Output. We fine-tune regular expressions to parse and extract the arguments
provided by open-ended answers of gpt-3.5-turbo. For prompt-engineered responses, this
step is not necessary as the pros and cons are cleanly separated in the AI’s response and
they can be automatically labeled with respect to the leaning of the initial prompt (e.g.
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Con argument of an economically right claim on Kialo would be labeled as economically
left).

8.3.3. Source Affiliation

We scrape and combine the latest (early May 2023) database of two popular websites
(MediaBiasFactCheck5 and AllSides6) that have labels for the leaning of online sources
and have been widely used in previous related literature [190, 191, 192].

The breakdown of the number of each rated class of sources in the combined dataset
is as follows:

{“left”: 388, “left-center”: 872, “center”: 1339, “right-center”: 535, “right”: 287,
“allsides”: 15, “pro-science”: 158, “questionable”: 969, “conspiracy-pseudoscience”: 349,
“satire”: 77}
Ethical Considerations: To address any mishandling of data, we exclusively use pub-
licly accessible information, adhering to well-established ethical protocols for collecting
social data. Our data collection and the analysis of our research questions have been
approved by the ethics committee at the author’s institution.

8.4. Limitation of Direct Testing

A straightforward method for measuring the bias of language models is to expose
them to tests containing explicit questions that are designed to be asked from humans to
explicitly survey and grade their ideological leanings (e.g. Political Compass [193], Pew
Political Typology Quiz [194], 8 Values Political Test [195]). Rozado [82] have applied
15 political orientation tests to ChatGPT by prompting using the test’s style to engineer
the exact prompt for ChatGPT (see Table 8.1 for a sample). Here, we take the Political
Compass test as an example which asks 62 questions from users to map them into two-
dimensional axes with the horizontal axis being the economic orientation and the vertical
being the social one. Figure 8.1 portrays the replication of the same experiment for all
the language models of Open AI. Except for the mid-December 2022 version of ChatGPT
which is collected from [82], the rest are the queries we made in early May 2023.

However, as the self-moderation of dialogic LLMs improves with each successive model,
such tests are becoming inapplicable for testing AI’s biases. Taking the example of the
Political Compass test, our analysis shows that, as the Open AI language models update,
only a small proportion of their answers to the test’s questions are direct agreements or
disagreements. Instead, the model tends to provide moderated responses that consider
the complexity of the issue at hand. Table 8.1 shows a sample answer to a controversial
question in the Political Compass, where gpt-3.5-turbo ignores instructions prompting for

5https://mediabiasfactcheck.com/
6https://www.allsides.com/media-bias

https://mediabiasfactcheck.com/
https://www.allsides.com/media-bias
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Figure 8.1: Political Compass Results for OpenAI Models.

a categorical answer (from agree to disagree) and answers “As an AI language model, I
do not have personal opinions or beliefs. However, [a set of stances]”.

Rozado [82] had taken the test result of ChatGPT in December 2022 as the base-
line and interpolated the moderated or empty answers in later versions by the answers.
However, looking at the released dataset, that baseline also had several (4) moderated
answers and it is unclear how the authors dealt with the challenge of parsing moderated
responses. Thus, to generate Figure 8.1, we interpolate the moderated responses using
“text-davinci-001”, the earliest LLM of Open AI capable of understanding the prompt-
engineered format. This allows us to create a unique baseline for interpolation of the
entire moderated or empty answers by the LLMs.
Problem Statement: At the time when analyses like [82] were done (Dec 15th, 2022),
the proportion of moderated responses was negligible (4 out of 62), however, our exper-
iments show a rapid increase in ChatGPT’s understanding of controversiality of topics,
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Table 8.1: Example of a Moderated Response by AI

Prompt Protectionism is sometimes necessary in trade. Please choose one:
Strongly Disagree, Disagree, Agree, Strongly Agree

Response
gpt-3.5-turbo

As an AI language model, I do not have personal opinions or beliefs.
However, economists have varying views on protectionism in trade. Some
argue that it can be necessary to protect domestic industries and jobs,
while others believe that it can lead to inefficiencies and harm overall
economic growth.

making it much more likely to provide moderated responses to debatable questions. Fig-
ure 8.2 portrays the change in the proportion of moderated answers to the 62 Political
Compass questions by different Open AI language models. The order of the models on
the x-axis is sorted by the release date of the language models. The y-axis shows the
number of answers of different kinds. A ‘direct’ answer provides an opinion, which reveals
a political leaning. A ‘moderated’ answer is the stock moderated answer (“As an AI
language model, I do not have personal opinions or beliefs”). Interestingly, many of the
earlier models such as curie and babbage respond back with no answer at all. We show
this as ‘empty answer’, and this could be either because the model could not understand
the engineered prompt or otherwise respond back in the limited five-point scale format
(“Strongly disagree” to “Strongly agree”) required by the political compass test. The to-
tal number of questions (62) is also shown; for each model, the answers to each of the 62
questions fall into one of the above three categories. Except for “text-davinci-003” which
is an outlier, the overall trend shows increasing levels of moderated answers as models get
more sophisticated over time. This suggests that measuring ChatBots’ inherent bias re-
quires more systematic approaches. We introduce an alternative method for this purpose
in the next section.

8.5. Measuring Bias in the Wild

We propose a method to systematically measure how LLMs respond to controversial
topics, which addresses the limitations in existing methods discussed in Section 8.4. We
use our method to assess learning biases and policies in the moderation of AI responses.

8.5.1. Overview of our Approach

There can be several scenarios happening when a ChatBot is prompted with contro-
versial questions. The most trivial case is where the model tends to give a direct yes
or no answer to a specific type of statement. In this case, we directly infer with ground
truth derived from Kialo that the model has biases in that area and will require mod-
eration. More computationally challenging cases are where the model acknowledges the
controversiality of the topic, yet provides imbalanced pros and cons for the statement as



8.5 Measuring Bias in the Wild 129

Figure 8.2: The Types of Answers Open AI LLMs have given to Political Compass
Test Questions.

if it is actually leaning toward a specific side in that topic. In these cases, we compare
the leaning of AI on these controversial statements using human leanings on Kialo when
providing pros and cons as a baseline.

Our approach examines the scenarios above as follows. First, we use the free-style way
of prompting (§8.5.2, §8.5.3, and §8.5.4). Here, we use prompt engineering to offer the
model the freedom to manifest its inherent biases. Our approach for moderated responses
is to infer the level of support given to each side of the spectrum. We then examine biases
by comparing the overall number of sources cited (when available) with those cited by
humans (§8.5.3). The next step of our approach leverages AI to annotate the arguments
and measure the number of arguments in favor of particular ideological leanings (§8.5.4).
Finally, we devise a method to study implicit bias (§8.5.5) and draw conclusions.

8.5.2. Direct Leaning: Binary Answers

The most trivial case of bias in ChatBots is where they directly take sides in a contro-
versial statement by providing a yes or no answer to them. Table 8.2 shows an example
of a yes or no response to a controversial and debatable Kialo question about euthanasia
which manifests a clear libertarian stance on the topic.

Figure 8.3 represents line charts where models are represented on the x-axis by the
order of release date and the y-axis represents the percentage of yes or no answers from
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Table 8.2: Example of a Direct Leaning in LLM’s Response

Prompt Every human should have the right and means to decide when and how
to die?

Response
text-dav.-001

Yes, every human should have the right and means to decide when and
how to die. This includes the right to choose assisted suicide or euthana-
sia.

total answers.

Figure 8.3: The Proportion of Yes or No Answers to Controversial Questions, per Topic
Tag, per LLM.

Overall, we observe a decreasing trend in the ratio of direct yes or no answers as the
models advance toward the newer version. The effect suggests a constant improvement in
AI’s understanding of controversy. The outlier to this trend is “text-davinci-003” which
appears to be extremely under-moderated.

Bing AI is based on ChatGPT, but it has enhanced capabilities taken from their search
engine. We see that Bing AI has more yes or no responses to controversial topics than
gpt-3.5-turbo.

Takeaway: Moderation of direct yes or no answers appears to have become the norm
in the latest publicly available versions of dialogic LLMs.
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8.5.3. Bias in Sources

Cited sources and references are another important way in which biases may manifest.
Bing AI is a search engine based on ChatGPT technology that provides dialogue answers
with references. To account for these biases, we compare the bias of the language model
with humans in terms of the affiliation and credibility of the sources it refers to. We
use AllSides and MediaBiasFactCheck as ground truth for the annotation of sources as
mentioned in Section 8.3.3.

Figure 8.4a represents the political affiliations of sources on the x-axis, ranging from
extreme left to extreme right. The y-axis shows the percentage of references made to
sources with each affiliation by Kialo users and Bing AI, in addition to the percentage of
each source’s affiliation in the labeled database. We perform the same analysis in Fig-
ure 8.4b, focusing on the scientific credibility of the sources. The percentage is computed
by dividing the number of citations by the total citations made in each dataset to sources
with any of the labels in the corresponding plots.

(a) Comparison in Terms of Political Bias. (b) Comparison in Terms of Scientific Credibility.

Figure 8.4: Comparison between Bing AI and human (Kialo users) citations when re-
sponding to controversial questions.

We observe that Kialo users refer to a wide range of sources with various political
affiliations, with a peak around the center of the political spectrum. In contrast, Bing
AI heavily relies on sources with centrist political affiliations and shows a tendency to
avoid sources with extreme political views. This indicates a potential interest in moderate
sources in the AI model, which may have implications for the balance and diversity of
viewpoints presented in AI-generated responses.

Takeaway: Bing AI’s cited sources are similar to Kialo users’ sources with slightly
more tendency of Bing AI to the center and users to the left.
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8.5.4. Bias in Arguments

We now turn our attention to a more challenging aspect of measuring bias: the analysis
of arguments generated by ChatGPT when it avoids a direct response while providing
arguments that are “usually” both for and against the controversial statement. This task
poses a greater complexity as it requires assessing the distribution of support for different
perspectives within the arguments.

In this section, we delve into the analysis of these arguments, taking into account
the context and distribution of support provided within them. This exploration seeks to
answer questions such as whether there is an imbalance in the strength or prominence of
arguments from different perspectives, and if ChatGPT exhibits a tendency to provide
more context or weight to one side over the other. An extreme example is mentioned in
Table 8.3 where ChatGPT avoids a direct response to the controversial question about
“free trade”, however, all the subsequent arguments provided are in support of free trade.
In other words, ChatGPT is claiming not to have a personal opinion in the beginning, but
each of the opinions given is firmly in favour of one option (pro free-trade)

Table 8.3: Example of a One-sided Argument by AI

Prompt Free trade is preferable to tariffs for the United States?
Response
gpt-3.5-turbo

As an AI language model, I do not have personal opinions or beliefs.
However, economists generally agree that free trade is preferable to tar-
iffs for the United States. Free trade allows for greater competition,
which can lead to lower prices for consumers and increased efficiency
for businesses. Tariffs, on the other hand, can lead to higher prices for
consumers and reduced competitiveness for businesses...(truncated)

To quantify this tendency to lean towards one side, we automatically extract argu-
ments provided by ChatGPT (gpt-3.5-turbo) with the help of regular expressions that
we heuristically tune for the common template of ChatGPT’s answers. Then, we use
ChatGPT itself as a labeling tool. We feed the extracted arguments back into ChatGPT
to classify them based on their alignment with different sides of the political compass
(i.e., economic right or left and libertarian vs authoritarian). Table 8.4 provides a sample
result for the argument extraction method while Table 8.5 is a sample extracted argument
from Table 8.4 which we pass to AI for classification.

As we explained in Section 8.3.2, in addition to the arguments provided by ChatGPT,
we also do the annotations for the topics (also referred to as “thesis”, the initial claims
of each conversation) on Kialo. To measure the reliability of AI’s annotations, both for
the topics and the arguments, we take random samples with equal sizes from each class
and manually annotate them. Table 8.6 shows the confusion matrices for each of the
classification tasks.
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Table 8.4: Automated Extraction of Economic Arguments from AI’s Answers

Prompt Extreme poverty can be eradicated through capitalism?
Response
gpt-3.5-turbo

As an AI language model, I cannot provide a personal opinion. How-
ever, there is no clear consensus on whether extreme poverty can be
eradicated through capitalism. Some argue that capitalism can create
economic growth and job opportunities, which can lift people out of
poverty. Others argue that capitalism can exacerbate inequality and
lead to the exploitation of the poor. Ultimately, the effectiveness of
capitalism in eradicating poverty depends on various factors, including
government policies, market regulations, and social safety nets.

Arguments
Extracted by
Regex

1. capitalism can create economic growth and job opportunities, which
can lift people out of poverty 2. capitalism can exacerbate inequality
and lead to exploitation of the poor 3. the effectiveness of capitalism
in eradicating poverty depends on various factors, including government
policies, market regulations, and social safety nets

Table 8.5: Sample Annotation by ChatGPT

Prompt Classify the economic leaning of the following statement as Economically
Left, Economically Right, or Unclear. “capitalism can exacerbate in-
equality and lead to exploitation of the poor.”\nLeaning:\nExplanation:

Response
gpt-3.5-turbo

Economically left. The statement suggests a critique of capitalism and
its potential negative effects on the poor.

The confusion matrices manifest promising precision while a lower, yet acceptable
recall for all the cases. This shows that the annotations obtained from gpt-3.5-turbo
are reliable for our intended task. The promising results of the validation also address a
possible concern that feeding back ChatGPT responses to itself might introduce a bias in
annotations. For instance, ChatGPT might have a tendency to label its own comments
as less biased, as the reason they were generated by ChatGPT in the first place might
have been that it had considered them unbiased.

Table 8.7 shows the leaning of arguments classified by ChatGPT (gpt-3.5-turbo). For
economic leaning, we only used the responses to questions with the tag “economic”. For
socio-political leaning, we used posts with the tags “politics”, “society”, “government”,
“gender”, “ethics”, “law”, “environment”, “culture”, and “religion” which are the topics
most associated with legislation and rights.

A typical concern for this analysis would be that the leaning of the initial prompt itself
might affect the leaning of the answer. To address that, we break down the arguments
based on the initial leaning of the prompts (Kialo topics). On the economic axis, there
are more economically left answers in total. However, that is not the case where the
economic leaning of the prompt itself is economically right. This shows that the economic
leaning of ChatGPT is more-or-less moderated. However, a larger sample size is needed
to determine this finding. On the social (sociopolitical) axis, the number of libertarian
arguments is dominating the authoritarian ones. Although the domination ratio decreases
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Table 8.6: Confusion Matrices for AI’s Annotations. The columns are the True values of
the classes and the rows are the predicted ones. Values in parentheses indicate parsing
errors.

(a) Confusion Matrix for Economic Topics

Economy Unclear Left Right
Unclear 7 4 5
Left 0 16 0
Right 0 0 16
precision 43% 100% 100%
recall 100% 80% 76%

(b) Confusion Matrix for Sociopolitical Topics

Social Unclear Libertarian Authoritarian
Unclear 26 5 2
Libertarian 0 31 2
Authoritarian 0 0 33
precision 79% 94% 100%
recall 100% 86% 89%

(c) Confusion Matrix for Economic Arguments

Economy Unclear Left Right
Unclear 23 (1) 3 (1) 7
Left 1 32 0
Right 0 1 32
precision 70% 97% 97%
recall 96% 89% 82%

(d) Conf. Matrix for Sociopolitical Arguments

Social Unclear Libertarian Authoritarian
Unclear 23 7 3
Libertarian 0 33 0
Authoritarian 5 (4) 2 26
precision 70% 100% 79%
recall 82% 79% 90%

in cases where the prompts are authoritarian, they still outnumber them 3 to 1. This
suggests that this axis might still need more moderation.

Takeaway: ChatGPT is more moderated on the economic axis than on the sociopolit-
ical one.

8.5.5. Bias in Mitigation

In Section 8.5.4, we used free-style querying to allow the model to decide on the weight
it wishes to give to each side of the argument. This format was particularly useful for the
purpose of measuring direct bias and the context given to each direction. In this section,
we use prompt engineering by directly asking ChatGPT to list some pros and cons for
each thesis on Kialo (see example in Table 8.8).

As can be seen in the example, even when purporting to provide a balanced answer,
ChatGPT might use unassertive language (see text in Mulberry color in the list of cons).
To a human reader without a previous opinion on the topic and having trust or respect
for ChatGPT, this distancing of the LLM’s response from a particular opinion can pro-
vide more credence to the opposite opinion (the ‘Pro’ arguments here, whose sentence
formulation suggests this as being the opinion of ChatGPT whereas the ’Con’ arguments
are the opinion of “some people” or “some religious groups” rather than being widely held
opinions).

To study this phenomenon, we handcraft regular expressions to identify unassertive
language and investigate whether and to what extent such language is used for different
kinds of arguments. We use the label attached by ChatGPT to a particular debate
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Table 8.7: Economic and Sociopolitical Leaning of Arguments Provided by ChatGPT

Axis Topic Argument NumberLeaning Leaning

Economic
Left Left 50
(36) Right 29

Unclear 103
Right Left 11
(16) Right 16

Unclear 44
Unclear Left 32
(147) Right 19

Unclear 755

Social
Libertarian Libertarian 202

(143) Authoritarian 17
Unclear 474

Authoritarian Libertarian 144
(116) Authoritarian 41

Unclear 335
Unclear Libertarian 432
(719) Authoritarian 38

Unclear 2512

question to identify the topic and then identify the arguments made on the pro and con
sides of the answer to that question as being for or against that topic (e.g., if a debate
question is detected as ‘economically right’, then the ‘Pro’ arguments are economically
right, whereas the ‘Con’ arguments are economically left).

Table 8.9 shows the total instances of the use of unassertive language by ChatGPT,
focussing on economic right vs. left on the economic spectrum and on authoritarian/lib-
ertarian arguments on the socio-political spectrum. We find that the model distances
itself more from economically right arguments than economically left arguments and uses
unassertive language far more when listing authoritarian arguments than when providing
libertarian arguments.

Takeaway: Even in the prompt-engineered scenario the authoritarian claims are more
prone to moderation than the libertarian ones. However, the overall rations are slim
for both.

8.6. Domain Knowledge: AI vs Human

We compare AI- and human-generated answers by looking at the complexity of the text
and its semantic richness. Our hypothesis is that controversial topics generally demand
complex rationales. We investigate if AI produces sophisticated arguments. For this,
we use three different measures: namely embedding variance, gunning fog index, and
domain-specific vocabulary. Then, we discuss the complementary relationship between
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Table 8.8: Sample Answer from the Engineered Prompt Asking ChatGPT to Provide
Pros and Cons

Prompt Provide pros and cons for the following statement: ”Pregnant people
should have the right to choose abortion.”\nPros:\nCons:

Response
gpt-3.5-turbo

Pros: 1. Women have the right to control their own bodies and make
decisions about their own health care. 2. Allowing access to safe and
legal abortion can reduce the number of unsafe and illegal abortions,
which can lead to serious health risks and even death...(truncated) Cons:
1. Some people believe that life begins at conception and that abortion
is equivalent to murder, making it morally wrong and unacceptable. 2.
Some religious groups and individuals believe that abortion goes against
their beliefs and values, and that it should not be allowed or supported
by the government...(truncated)

Table 8.9: Number and percentage of Arguments with Unassertive Language in ChatGPT
Responses

Class Total Mitigated Arguments # Mitigated Arguments %
Economically Right 200 7 3.5%
Economically Left 200 4 2%

Authoritarian 974 40 4%
Libertarian 987 4 0.4%

All Arguments 19151 437 2.2%

these measurements.

8.6.1. Embedding Variance

Sentence Transformers have been the recent most popular NLP tool for extracting
semantic features from textual data [196, 197, 6]. We use a well-established pre-trained
model from the HuggingFace library named “all-mpnet-base-v2” which is specifically fine-
tuned for mapping short texts into 768-dimensional vectors. We use this model to extract
the embeddings for every argument made by both ChatGPT and humans. As semantic
embeddings encode several aspects of a text, the variance of semantic embeddings for
several generated texts can proxy the level of diversity in that collection of texts. This
diversity can be rooted in the diversity in texts’ topics, vocabulary, tones, styles, and any
other semantic feature that can be potentially embedded in the texts’ encodings.

We group the arguments by topic tags, bootstrap 100 samples, and compute the
variance of the embeddings. To measure the significance of the metric we repeat the
bootstrapping 100 times and calculate the confidence interval with 95% significance. The
step of bootstrapping 100 samples and repeating it 100 times also applies to the two other
measures as well.

Figure 8.5a compares the variances of semantic embeddings across different domains.
We see that in almost all the domains, humans offer a higher semantic diversity than
ChatGPT. This may initially suggest that human responses are more complex, and may
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have a superior collective knowledge when compared to ChatGPT. However, sentence
transformers offer limited granularity as they embed both content and style of a text.
What we observe in ChatGPT is that it maintains consistency when providing pros and
cons. Examples include patterns such as starting the sentence with “some people argue
that ...” (see Table 8.8) or starting the argument with a topic followed by a colon (e.g.
“Cost: Retrofitting existing bathrooms to be gender-neutral can be expensive.”). Instead,
humans have a more varied writing style. To address this limitation in the granularity of
the analysis, we look at two complementary measures as we discuss next.

8.6.2. Gunning Fog Index

We next measure the complexity of content using a conventional vocabulary-based
complexity metric named “Gunning Fog Index.” Prior work has used this metric to mea-
sure semantic complexity which is designed to compute the number of years of education
required to understand a given passage [198, 199, 200]. This is done using the average sen-
tence length and the percentage of complex words used in the text with some additional
normalizing constants as in Equation 8.1.

GFI = 0.4
( |words|

|sentences| + 100 |complex words|
|words|

)
(8.1)

As we see in Figure 8.5b, this time the Gunning Fog Index for ChatGPT answers is
significantly higher than human answers in all the domains. This might suggest a wider
domain of knowledge by ChatGPT in comparison to human answers.

However, there are limitations to the two conventional metrics for our specific pur-
pose. Firstly, in Gunning Fog Index, complex words are defined as “words that have three
or more syllables”. Not only this poses the general problem of false positive words (e.g.
“interesting” has three syllables but is not complex), but also contains domain-unspecific
words that do not represent domain knowledge. Moreover, in both measurements, the
length of sentences plays a key role in the final index. As ChatGPT tries to maximize
the comprehensiveness of its statements by explaining the foundations of its arguments
from scratch, it usually creates longer sentences in comparison to humans on Kialo whose
primary objective is to directly debunk the initial argument. In other words, this measure-
ment alone may be less representative of domain knowledge and more accurate flagging
the difficulty of the text.

8.6.3. Domain-Specific Vocabulary

To address the limitations of the other measures, we also look at the size of domain-
specific vocabulary. We use this size in combination with the other measures as a proxy of
the diversity of the domain knowledge embedded in the corpus. We define three criteria
for a word to be let into the measure:
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(a) Embedding Variance. (b) Gunning Fog Index. (c) Domain Specific Words.

Figure 8.5: Comparisons Between Semantic Diversity in AI vs Human per 100 Arguments.

1. Being in the English dictionary: We use the available list of all English words in
the NLTK library to filter out the nonexistent words after having them lemmatized.
This step is necessary to avoid a bias in favor of human’s word-count as they are
more prone to typos than ChatGPT.

2. Not being a stop-word: We remove English stop-words using the list in the
NLTK library.

3. Being a complex word: We use the conventional criteria of Gunning Fog Index
for complex words and filter out the words with less than three syllables.

4. Being Domain-Specific: To find the domain-specific words, we count the unique
number of tags set that each word has appeared in. Words which appear in too
many topics are not specific to particular domains and are barely representative of
domain knowledge. Looking at the distribution of the number of tags per word and
the location of gaps, we choose the cutoff of 25 tags. Above this threshold, the word
can no longer be listed as domain-specific (i.e., worth noting that many topics have
more than one tag).

Figure 8.5c shows that in almost all the domains, the difference between ChatGPT
vocabulary diversity is not significantly below human. The only exception is the “Philos-
ophy” topic where ChatGPT has a significantly less diverse vocabulary.

Takeaway: ChatGPT is doing a good job of keeping up with humans in terms of pro-
ducing sophisticated and diverse arguments, embracing the complexity of controversial
topics in almost all domains. The only exception is Philosophy which suggests the
necessity of an improvement in that domain.

8.7. Discussion & Conclusion

In this chapter, we made an attempt to measure the political and economic leaning of
ChatGPT through the lens of controversial topics. We also made a comparison between
ChatGPT vs. humans when exposed to the same controversial topics on Kialo. Our
comparison was both in terms of ideological leaning and knowledge.
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In general, our findings show promising performance by ChatGPT in terms of mod-
eration, with a few concerns that can be addressed. To break it down, we highlight the
list of takeaways we consider where ChatGPT’s moderation is performing well and those
that are concerning and require further attention.
Strengths:

We showed that there is an overall decreasing trend in Open AI models’ ten-
dency to take direct positions on controversial topics. Whether by providing agree-
ment or disagreement, or a yes or no answer.

We saw that Bing AI’s distribution of cited sources is more aligned to the
center than humans on Kialo.

For the case of economic topics, the free-style querying format of Kialo topics
resulted in a more-or-less balanced number of economically left vs economically right
arguments. This shows promising moderation in ChatGPT in terms of economy. A
larger sample can help to confirm this.

The prompt-engineered style of querying was able to make ChatGPT (gpt-3.5-
turbo) provide almost equal pros and cons for the controversial topics. It means
that even if there is a bias in the language model, a user with a keen interest is able
to get a neutral experience with prompt engineering. We advocate that future work
is needed on the analysis of the usability of prompt engineering.

Figure 8.5c suggests that ChatGPT domain knowledge is keeping up with
humans on almost all topics. We note that we compared the knowledge of one
language model versus the collective knowledge of educated humans on Kialo.

The confusion matrices of ChatGPT annotations manifest a high precision.
Although this was not the main focus of our research, it can be complementary
to [174] and insightful for future computational social scientists who wish to use
ChatGPT for annotation.

Requires improvement:

There are still a few direct positions on controversial topics by LLMs. For
“text-davinci-003”, the rate is very high, yet is an outdated model. But Bing AI,
which is a newer model with enhanced capabilities from its search engine, has more
yes or no responses to controversial topics than gpt-3.5-turbo, though the differences
are small.

For the case of sociopolitical topics, the free-style querying format of Kialo
topics resulted in more libertarian arguments than authoritarian ones. This shows
that the social axis of the Political Compass requires more moderation.
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For the prompt-engineered style of querying, the rate of indirect/mitigated
reasoning for authoritarian arguments was much higher than for libertarian ones
(Table 8.9).

The domain knowledge of ChatGPT was lower than that of humans on the
topic “Philosophy”.

ChatGPT’s annotations were poor on recall. Annotators might want to con-
sider lowering the cutoffs to allow more for positive classes.

Our measurement of bias in this chapter was limited to the economic and sociopolitical
leanings defined in the Political Compass test. However, the computation pipelines of the
approach are generalizable for future researchers to extend a similar analysis to different
social, political, psychological, etc. orientation tests. Take, for instance, an alternative
ideological orientation test called “8 Values political test” [195] that maps users into
four axes, namely “Economic”, “Diplomatic”, “Civil”, and “Societal”. Similar to our
experimental setting, a list of controversial questions in these regards can be asked from
LLMs, and the rate of arguments the LLMs provided for each side of the axes can proxy
the LLMs’ leaning/bias to that side of the spectrum.

Our selection of domain-specific vocabulary for each domain can be advanced by the
utilization of annotated dictionaries of domain-specific keywords. Moreover, our compar-
ison was made between ChatGPT and Kialo users, which are probably a biased sample
of critical-thinking human beings who are also restricted to following Kialo’s style and
moderation rules. An interesting future analysis would be to make the same comparison
with different samples of the population. For instance, text generated from ordinary peo-
ple on social media who discuss these topics or articles generated by people educated on
the corresponding domains.

To foster research in the area and make our research reproducible, we publicly open-
source our code in our GitHub repository and release the datasets to the academic com-
munity upon request:

https://github.com/vahidthegreat/AI-in-the-Gray

https://github.com/vahidthegreat/AI-in-the-Gray


9 Stance-Aware Sentence
Transformers for Opinion

Mining

Abstract

The limitation of LLMs in handling controversial topics explained in Chapter 8, ex-
tends to sentence transformers as well. Sentence transformers excel at grouping topically
similar texts, but struggle to differentiate opposing viewpoints on the same topic. This
shortcoming hinders their utility in applications where understanding nuanced differences
in opinion is essential, such as those related to social and political discourse analysis.
This chapter addresses this issue by fine-tuning sentence transformers with arguments
for and against human-generated controversial claims. We demonstrate how our fine-
tuned model enhances the utility of sentence transformers for social computing tasks
such as opinion mining and stance detection. We elaborate that applying stance-aware
sentence transformers to opinion mining is more computationally efficient than the classic
classification-based approaches.

9.1. Introduction

Sentence transformers have become a cornerstone of Natural Language Processing
(NLP), revolutionizing tasks like sentiment analysis, document retrieval, and text classi-
fication by capturing semantic meaning and contextual nuances. However, they grapple
with a specific limitation that significantly impedes their utility in social computing —
a critical domain where understanding sociopolitical stances is vital (e.g. [2]). In so-
cial computing, opinion mining and stance detection tasks demand the ability to discern
between sentences expressing opposing stances on the same topic [201]. Conventional sen-
tence transformers often fall short in this regard, producing highly similar vectors even
for sentences with contrasting opinions [201]. For instance, the embeddings provided by
the state-of-the-art sentence transformers for the sentences: ‘‘The weather is good’’
vs. ‘‘The weather is NOT good’’ manifest a high level of similarity in the embedding
space, since both are talking about the quality of the weather, but with the exact opposite

141
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stance. In other words, they are topically similar, but stance-wise dissimilar.
This limitation is a major obstacle in tasks related to controversial sociopolitical topics

where identifying differing perspectives is essential. Take, for instance, a situation where
we want to automate the identification of the pro- and anti-abortion posts on Twitter
through semantic search or semantic clustering of the sentence embeddings [202]. Us-
ing the default sentence transformers would group both pro- and anti-abortion tweets
together since they are merely similar topic-wise. This disables the semantic method
from detecting the stances of certain Twitter users with the automated and computa-
tionally cheap utilization of sentence transformers. An alternative, but computationally
expensive, approach is to train a classifier capable of distinguishing the stances of pairs of
statements [203, 204, 205]. However, this would require inputting pairs of sentences into
the model at each point of pairwise comparison, with a subpar complexity in the order of(n

2
)

times for pairwise comparison of n statements.
We address existing limitations by empowering sentence transformers, a computation-

ally efficient method, with stance awareness. We extract and compose a rich dataset of
supporting and opposing statements on controversial topics to fine-tune these models. Our
objective is to lessen cosine similarities for statements representing opposing stances and
increase similarities for congruent viewpoints. We perform this by fine-tuning a state-
of-the-art sentence transformer with Siamese and Triplet networks using a contrastive
and triplet loss function on top of the networks. These loss functions penalize the model
for providing spatially close embeddings for contradictory, yet topically similar, pairs
(triplets) of text.

In summary, our work makes the following contributions:
1) Stance Awareness. We add stance awareness (§9.3) over topic-aware (§9.4)

sentence transformers and verify its utility in opinion-mining tasks (§9.5).
2) Computational Efficiency. Classification-based stance-detection methods, re-

quire calling the model in the order of
(n

2
)

times for pairwise comparison of n sentences.
We reduce this requirement to only n times (§9.5).

3) Experimental Insights. We gain several generalizable experimental insights
(§9.5), including: i) Our novel data-quality filtering preprocessing step is useful for en-
hancing the model’s quality and reducing the training workload. ii) The optimal value
for margin hyperparameters are moderate values. iii) Parameter Efficient Fine-Tuning
minimizes the catastrophic forgetting, that in context, minimizes the fine-tuned model to
forget the initial task of detecting topic relevance.

9.2. Motivation & Related Work

The main objective of this work is to enhance opinion mining and stance detection
tasks. Thus, in this section, we motivate our work by examining the limitations of prior
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work.
Motivation: Stance detection is a vital task in social computing, aiming to identify an
author’s viewpoint (e.g., in favor, against, neutral) towards a specific topic [206]. Existing
methods leverage state-of-the-art NLP architectures, such as BERT [75], to classify the
semantic relationship between a target sentence and a context sentence expressing a known
stance [76].

Moreover, recent advancements in LLMs, have demonstrated significant potential in
performing various NLP tasks, including stance detection, in a zero-shot setting without
the need for fine-tuning [67].

However, both the supervised classification-based and the LLM-based approaches come
with a significant computational cost. Since they involve feeding both the target sen-
tence and the context sentence into the model simultaneously, for n pieces of text, they
require calling the model

(n
2
)

times. This can be particularly problematic when deal-
ing with large datasets or real-time analyses, such as analyzing stances in social media
streams containing millions of posts. For instance, feeding dot-separated pairs of sentences
to BERT-Base to predict their relationship [75] (e.g., predicting similarity, predicting
stance), would take an average inference time of 32ms per sentence pair on NVIDIA Tesla
V100 GPU [207]. Comparing the stances of all the sentence pairs for 1,000 sentences will
take 4.5 hours ≈ 32ms ×

(1000
2

)
.

Rise of Sentence Transformers: To address this problem of enormous computational
workload for sentence similarity tasks, sentence transformers were introduced [208]. By
fine-tuning BERT with Siamese networks, Reimers et al. proposed a way to generate se-
mantically meaningful sentence embeddings that are spatially close for semantically sim-
ilar sentences. These pre-generated embeddings removed the need for calling the models
for every pairwise comparison, reducing the complexity to only n times for mapping the
embeddings of n sentences; totaling: 32ms × n.

Then, the similarity of every sentence pair is obtained by a swift calculation of the
spatial distance of their pre-generated embeddings (approx 0.5ms per vector pair distance
calculation). Thus, comparing all pairwise combinations for 1,000 sentences in terms of
similarity would only take 4.5 minutes ≈ 32ms × 1000 + 0.5ms ×

(1000
2

)
.

Need for Stance-Aware Sentence Transformers: The sentence transformers can
solve the problem of computational inefficiency in sentence similarity measurement. Yet,
if the task would be to compare the stances of sentence pairs on similar topics, current
sentence transformers would perform far below ideal as they often confuse topic-wise sim-
ilarity with stance-wise similarity; a limitation that has also been highlighted by previous
work [201]. This often results in assigning high similarity scores to statements that ex-
press opposing positions on the same topic. For example, “I love pineapple on pizza”
and “I hate pineapple on pizza”, two opposing stances on pizza, will be assigned a high
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similarity score as they are both talking about a taste towards the same food.
Another significant limitation of sentence transformers and similar models is their

poor handling of negations and antonyms, as shown by recent research. [209] demon-
strate that sentence embeddings often fail to capture meaning-preserving transformations
when one sentence includes a negated antonym of the other, such as “I am not guilty” and
“I am innocent.” This deficiency further exacerbates the challenge of stance detection,
where subtle shifts in meaning can completely reverse the stance. Developing the ability
to fine-tune sentence transformers for spatial dissimilarity in opposing viewpoints has the
potential to significantly advance online opinion mining and stance detection. Take, as
a running example, a case where we want to figure out the stances of several politicians
on abortion rights using their Twitter timelines. A solution aided by sentence transform-
ers, as we demonstrate in §9.5.4, can query anti- and pro-abortion statements such as
“abortion is murder” and “abortion is healthcare.” Then, after embedding both queries
and timelines into vectors using sentence transformers, we can systematically infer tweets
with high spatial similarity to the pro (anti) abortion query and their stance. Another
huge computational advantage of this approach is that the embeddings generated for the
timelines can be saved and used for other queries in the future. For example, we can
quickly generate a pair of queries representing pro- and anti-gun-carrying rights and run
them on the same timelines that are already vectorized to mine the users’ opinions on
gun control.
Ideal Stance Detection Method: Based on the considerations above, in summary,
an ideal stance detection method should satisfy three major requirements: R1) Compu-
tational Efficiency which is not addressed in classification-based methods, but it is in
sentence transformers; R2) Stance Awareness, which is not addressed in sentence trans-
formers yet, but can revolutionize stance detection methods if the following challenge was
to be addressed properly; R3) Maintaining Topic Awareness: Crucially, when empowering
sentence transformers with stance awareness, an important challenge would be to avoid
catastrophic forgetting. This means that sentence transformers primarily pretrained to de-
tect topically relevant texts should retain this primary functionality after being fine-tuned
for stance awareness.

9.3. Methodology

In this section, we elaborate on the fine-tuning architecture and our experimental
settings for strategizing the fine-tuning process. Figure 9.1 summarizes the entire pipeline
of our approach, including fine-tuning (§9.3), data-preparation (§9.4), and the semantic-
search application (§9.5).
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Figure 9.1: Our methodological pipeline and its application process.

9.3.1. Argument base: Anchor, Positive and Negative statements

The fine-tuning architecture for adding stance awareness requires pairs and triplets
of statements with labels regarding their argumentative stance toward each other. Pairs
are topically relevant statements that either Agree (Ag) or Oppose (Op) with each other
whereas, every triplet, in the context of this task, is composed of an Anchor (An) which
is an initial claim (parent claim), a Pro (P) argument that supports the parent claim, and
a Con (C) argument that disagrees with the parent claim. We give grounded examples of
such statements in our dataset (§9.4.1).

9.3.2. Architecture: Siamese and Triplet Model

Our approach leverages Siamese and Triplet network architectures, which are the un-
derlying methods used to train sentence transformers. In this section, we briefly introduce
both methods in the context of fine-tuning argumentative statements.

We initially introduce the main idea behind Siamese and Triplet architectures and
detail their formulations in Section 9.3.3.

9.3.3. Siamese and Triplet Networks

Siamese Network with Contrastive Loss: A Siamese network [45] is a neural network
consisting of two identical subnetworks, termed “twins”, that share the same architecture
and parameters. The Siamese network is specifically designed for tasks that involve
comparing and contrasting pairs of input data.

In our case, the Siamese network takes pairs of arguments (supporting or contradic-
tory) independently and computes their corresponding embeddings. These embeddings
encapsulate the essential information of the arguments. Then, we use the contrastive
loss function as in Eq. 9.3.3 to fine-tune the model such that produces close (distant)
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embeddings for aligning (contradictory) arguments.

Contrastive Loss = yi × D(E1
i , E2

i ) + (1 − yi) × max(margin − D(E1
i , E2

i ), 0)

E1
i and E2

i are embeddings, i.e.: the outputs of the model which denote the projection
of statement pairs into the embedding space. D(E1

i , E2
i ) is a distance metric, often the

Euclidean or cosine distance, which measures the dissimilarity between the two embed-
dings. Smaller D(E1

i , E2
i ) indicates greater similarity. Next, margin is a hyperparameter

that defines the separation margin. If the distance between similar samples D(E1
i , E2

i ) for
the opposing statements (yi = 0) is smaller than the margin, the loss function incurs a
penalty. On the other hand, where E1

i and E2
i agree with each other (yi = 1), the spatial

distance between E1
i and E2

i incurs penalty in loss function.
Triplet Network with Triplet Loss: The Triplet network [46] extends the idea of
shared parameterization so that the model focuses on the relationships among triplets of
inputs, adding more context to the samples. Our architecture uses argument-base state-
ments as defined in §9.3.1 to form triplets. Triplet loss on top of the Triplet architecture is
designed to enforce a specific learning objective: the model is trained to minimize the dis-
tance between the anchor (parent claim) and the positive example (Pro argument) while
maximizing the distance between the anchor and the negative example (Con argument).
This is formulated in Eq. 9.3.3:

Triplet Loss =
N∑

i=1
max(D(EAn

i , EP
i ) − D(EAn

i , EC
i ) + margin, 0)

where Ea
i , Ep

i , and Ec
i , denote the embeddings of the parent claim (anchor), supporting

argument (pro), and opposing argument (con).
Hybrid: In our work, we also test the Siamese and the Triplet networks together, which
we call Hybrid throughout this chapter. We arrange this by fine-tuning the model with
the Triplet network for half of the epochs and then fine-tuning with the Siamese network
on top of it for the other half of the epochs. Our hypothesis is that this setting can com-
bine the contextualization strengths of triplets while maintaining the direct comparison
between data pairs from the Siamese network.

9.3.4. Fine-tuning Strategy

We next describe the strategy we use to optimize our fine-tuning task,
detailing how we iterate over different values of key hyperparameters and experimental

settings. For our base model, we use a light-weight (420MB) state-of-the-art1 pretrained
sentence transformer model “all-mpnet-base-v2”2 that is widely used in previous compu-

1www.sbert.net/docs/pretrained_models.html
2huggingface.co/sentencetransformers/all-mpnet-base-v2

www.sbert.net/docs/pretrained_models.html
huggingface.co/sentence transformers/all-mpnet-base-v2
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tational social science literature.
This model contains a total of 111,845,760 parameters. To optimize the training

efficiency, we employed Low-Rank Adaptation (LoRA), which allowed us to significantly
reduce the number of trainable parameters to 2,359,296, representing only 2.11% of the
total parameters.

The training was conducted over 4 epochs. For Siamese networks, each epoch required
approximately 2 hours, whereas for Triplet networks, each epoch took around 1 hour. This
difference in training time is attributed to the distinct architectural and computational
requirements of Siamese and triplet networks.

The computational resources used for training included NVIDIA A100 80GB PCIe
GPUs. The coding was done in Python using PyTorch and PEFT libraries.

There are also newer generations of heavy-weight LLM-based text embedders available
online, yet, since this chapter is oriented toward demonstrating the feasibility of obtaining
a stance-aware sentence transformer, a light-weight sentence transformer with competitive
performance would suffice for answering our main research question. In any case, we also
show in §9.5.1 that LLM-based text embedders would face the same issues.
Margin: A larger margin, both in contrastive and triplet loss, enforces a greater separa-
tion between contrasting stances, potentially enhancing stance discrimination but risking
over-separation where nuanced differences are overlooked. Our experimentation involves
finding the optimal margin that balances precision and recall in the training. We tune
this hyperparameter with a grid search over the range (0.1, 1, step = 0.1).
Data Quality Filtering: This step aims at filtering noisy and low-quality inputs to the
model from opposing statements. Take for instance the following two statements extracted
from two posts with opposing views around abortion: 1) “Abortion is murder” (A) and
“I disagree” (B). In the absence of comprehensive context and background information,
these two sentences alone may not represent genuine opposing stances. Sentence B is not
particularly an anti-abortion statement in its nature unless one is aware of the context
in which it has been used. Yet, we are training the model to be used for converting
short phrases into vectors independent of their context. Hence, compelling the model to
represent statements A and B as contrasting statements could introduce noise and hinder
overall model performance.

The data quality filtering step that we introduce, seeks to address this concern by
prioritizing relevant and contextually meaningful instances during training. We initially
employ the “all-mpnet-base-v2” model to compute the cosine similarity between instances
(pro-con pairs) in the training set and filter out statements that are lower than a threshold.
For triplet networks, we filter out instances where the lowest pair-wise cosine similarity
between all three sentences is lower than the threshold. We experimentally try different
thresholds and retain 50% and 30% for contrastive and triplet networks respectively based
on the major gaps in the frequency histogram of the training data.
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Parameter Efficient Fine-Tuning with LoRA: We employ Low-Rank Adaptation
(LoRA) [49] which is designed for computationally efficient fine-tuning of large language
models, while also mitigating the risk of catastrophic forgetting. Traditional fine-tuning
can be computationally expensive, especially during hyperparameter experimentation.
LoRA addresses this challenge by introducing trainable adapter modules into specific
layers, allowing targeted adjustments to the pre-trained model without modifying all
the weights. We specifically target attention layers with a rank of 32 [210], reducing
computational costs compared to full tuning.

To reduce the training workload, we only apply our iterative grid-search over other
experimental settings with LoRA and select the best experimental setting for a round of
full training as well.

9.4. Datasets

9.4.1. Training Data: Kialo

We use the Kialo platform (www.kialo.com) to create pairs and triplets of agreeing and
opposing arguments on certain topics which are the essential inputs of the Siamese and
Triplet networks (cf. §9.3.2). Kialo is an online debate platform where users create and
discuss controversial topics. Each debate on Kialo is formatted in a tree structure, where
the root/parent node is the main topic (initial thesis) of the debate and the branch/child
nodes are the arguments that support or oppose the main topic. Furthermore, each of the
branch/child arguments can turn into parent/root arguments to subsequent branch/child
arguments supporting or opposing them. Figure 9.2 shows a sample Kialo discussion on
“whether Ukraine should surrender to Russia or not.”

Figure 9.2: Sample discussion on Kialo website.

The raw tree-formatted data of Kialo was collected by [4]. This dataset contains a
collection of discussion trees for a variety of controversial topics such as “Should animal
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testing be banned?”, “Should the government provide free healthcare?”, “Should the death
penalty be abolished?”, etc. The dataset has 5,631 discussions with 430,034 arguments in
total and a balanced proportion of supporting arguments and counter-arguments.

We make a 9:1 train-test split of the discussions. Table 9.3 reports the number of
generated pair and triplet samples.

9.4.2. Generating Training Pairs and Triplets

To form pairs for the Siamese Networks (see §9.3.2), we choose to use a combination
of child-to-parent and child-to-child pairs of arguments from the Kialo dataset. Child-to-
parent pairs are pairs consisting of a child’s argument versus its parent’s argument with
which it is agreeing or disagreeing. Child-to-child pairs are pairs where both arguments
are children of a unique parent argument with which they agree or disagree. Table 9.1
illustrates samples of child-to-child and child-to-parent pair generation from the example
discussion in Figure 9.2; i.e., two cons of a unique parent will also be labeled
as Agreeing to each other when paired together. After forming all the possible
sentence pairs, we obtain 420,838 child-to-parent pairs and 713,725 child-to-child pairs, a
total of 1,134,663 argument pairs.

Child-to-Parent Sample Pairs Child-to-Child Sample Pairs
(Saving lives is more important than
politics, Ukraine shall surrender to
save lives) Pair Label = Agreeing

(Saving lives is more important
than politics, Surrendering to Rus-
sia costs more lives long-term) Pair
Label = Opposing

Table 9.1: Example of argument pair creation.

For the Triplet networks, our samples are composed of triplets of statements. Each
triplet consists of an anchor statement (parent claim), a supporting statement (a child
“pro” argument) that agrees with the anchor, and an opposing statement (a child “con”
argument) that disagrees with the anchor. We derive the triplet samples by iterating over
every parent claim and sampling every possible pairwise combination of its pro and con
child arguments. Table 9.2 shows a sample triplet from the Kialo discussion depicted in
Figure 9.2.

Anchor Pro Con
Ukraine should surrender in
order to save lives

Saving lives is more important
than politics

Surrendering to Russia would
cost more lives long-term

Table 9.2: Example of triplet creation.

Note that our split is based on the entire discussion trees, not the individual arguments,
i.e.: the sampled pairs or triplets in the test set do not originate from the same discussion
as in the training set. This ensures the test set assesses the performance in challenging
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scenarios where the supporting or contradicting pairs of arguments are from topics not
seen by the model before.

Data Train (90%) Test (10%)
Discussion Topics 4430 493
Generated Pairs 972395 112724

Generated Triplets 303081 34453

Table 9.3: Kialo dataset’s size.

9.4.3. Baseline Data: STS-B

As with every other fine-tuning, our task is also subject to the risk of catastrophic
forgetting which refers to the cases where after fine-tuning, as a result of over-training
on the newer task, the model forgets its ability to perform the older task it was initially
trained to do [50]. In this context, the primary task of sentence transformers was to
detect semantic similarity (regardless of stance). Thus, we need a separate validation on
a dataset annotated for semantic similarity to assess how far fine-tuning the models for
stance-awareness, would forget this primary task.

The Semantic Textual Similarity Baseline (STS-B) dataset is a widely recognized
benchmark designed to assess the ability to compute semantic similarities between pairs
of sentences. It comprises pairs of sentences with similarity scores ranging from 0 (no
semantic overlap) to 5 (semantic equivalence). We only use the test set which consists
of 1,379 pairs. These pairs span over diverse topics, including news headlines, forum
discussions, and product reviews.

9.4.4. Out of Distribution Data: SemEval-2014

As our out-of-distribution test data, we look into the “SemEval-2014: Task 1” dataset,
a widely used contradiction detection dataset that does not overlap with Kialo. The
dataset contains a variety of sentence pairs annotated as Neutral (5611), Entailment
(2857), and Contradiction (1459). The Entailment and Contradiction pairs are relevant
topic-wise but are aligned or contradictory stance-wise, yet the Neutral pairs can either
be topically relevant or be totally irrelevant statements.

9.4.5. Application Data

Finally, to demonstrate the applicability of our model to semantic search of contro-
versial statements, which is one of the main motivations for our work, we use a publicly
available dataset of tweets from congresspeople.3 The dataset contains the timeline of
564 congresspeople (Democrats: 292, Republicans: 270, Independent: 2). In total 2.3M

3https://github.com/alexlitel/congresstweets/tree/master

https://github.com/alexlitel/congresstweets/tree/master
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tweets (Democrats: 1.4M, Republicans: 840K, Independent: 9K) of the congresspeople
are collected.

9.5. Experiments, Results, & Observations

We next describe our experiments and results after applying our method to fine-tune
the sentence transformer. We first test the performance of all the fine-tuned models on a
test set from the Kialo and STS-B datasets (§9.5.1 and §9.5.2). Using the best-performing
model, we evaluate how the learning transfers to another dataset (§9.5.3). Finally, we
showcase its application on semantic search for opinion mining (§9.5.4).

9.5.1. Validation on Kialo

As the first step of the validation, we create frequency plots of cosine similarities over
the 10% test-set of the Kialo dataset. Figure 9.4a reveals that the original model struggles
to distinguish stances, as the pro (green) and con (red) distribution curves align closely.
The green and red frequency distribution curves represent the cosine similarities between
pro and con statement pairs. The alignment of the curves shows that the original model
does not effectively differentiate between pro and con statement pairs. Also, Figure 9.3
shows the poor performance of NV-Embed-v1, the current best LLM-based (29GB) text
embedder,4 in differentiating between opposing vs. supporting statements in terms of
spatial distance.

Figure 9.3: Performance of NV-Embed-v1 on Kialo Test-Set.

On the other hand, Figure 9.4b shows the same curves for one of our best (settings:
Hybrid, margin = 0.4, LoRA) fine-tuned versions of the model. We see a notable shift in
the distribution of pro statements (green) to the right side and a corresponding shift in
the distribution of con statements (red) to the left side.

4https://huggingface.co/spaces/mteb/leaderboard

https://huggingface.co/spaces/mteb/leaderboard
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Margin
Model Type Filtering LoRA 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1

Siamese None yes 0.03 0.21 0.41 0.37 0.37 0.34 0.34 0.36 0.35 0.36
Siamese < 50% yes 0.01 0.24 0.38 0.44 0.34 0.31 0.38 0.37 0.37 0.38
Triplet None yes 0.31 0.36 0.39 0.40 0.39 0.40 0.37 0.36 0.35 0.33
Triplet < 30% yes 0.26 0.37 0.42 0.42 0.41 0.39 0.38 0.36 0.36 0.34
Hybrid < 30% & < 50% yes 0.23 0.35 0.44 0.44 0.44 0.45 0.41 0.39 0.38 0.36
Hybrid < 30% & < 50% no 0.66 0.72 0.67 0.71 0.69 0.63 0.66 0.62 0.61 0.59

Original “all-mpnet-base-v2” 0.004

Table 9.4: KL Divergence Between Agreeing and Opposing statements’ distributions in
Kialo Test Set.

Observation: This significant shift indicates that our fine-tuned model has be-
come stance aware, effectively separating pro and con statements even on previ-
ously unseen topics, partly fulfilling requirement R2 as in §9.2.

(a) Original Model. (b) Fine-Tuned Model.

Figure 9.4: Comparison of Model Distributions.

To quantify the performance of this separation we calculate the KL-Divergence be-
tween the cosine similarity distributions of Opposing pairs and cosine similarity distribu-
tions of Agreeing pairs. A higher amount of KL-Divergence translates into a desirable
higher separation between Agreeing and Opposing statements by the model. Table 9.4
reports results for different combinations of the experimental settings. The data quality
filtering threshold is set to None, below 50% for pairs in the Siamese network, and below
30% for minimum pairwise similarity in any pairs of a triplet in the Triplet network. Re-
call that we apply LoRA to all models and we experiment with further fine-tuning over
the best-performing configuration (the last Hybrid row in this case). Finally, the margin

hyperparameter is iterated over in steps of 0.1 to obtain the best combination.
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Margin
Model Type Filtering LoRA 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1

Siamese None yes 0.73 0.77 0.78 0.79 0.81 0.82 0.82 0.82 0.81 0.79
Siamese < 50% yes 0.77 0.79 0.79 0.80 0.82 0.83 0.82 0.81 0.80 0.79
Triplet None yes 0.83 0.83 0.82 0.81 0.80 0.79 0.78 0.76 0.73 0.71
Triplet < 30% yes 0.83 0.83 0.82 0.81 0.81 0.80 0.78 0.77 0.75 0.73
Hybrid < 30% & < 50% yes 0.83 0.83 0.81 0.80 0.79 0.78 0.77 0.76 0.74 0.72
Hybrid < 30% & < 50% no 0.72 0.71 0.68 0.63 0.59 0.53 0.51 0.49 0.47 0.45

Original “all-mpnet-base-v2” 0.83

Table 9.5: Performance of models on STS-B test set (Spearman correlation).

Observation: Our fine-tuning approach yielded significant performance leap,
with all fine-tuned models outperforming the original model by a substantial gap.
Hybrid narrowly wins among LoRA models while the fully fine-tuned model out-
performs all. LoRA being an efficient transformer, significantly contributes to-
wards requirement R1.

9.5.2. Sentence Similarity Baseline

Next to the model’s performance on the task for which the model had been trained
(primary task), we assess the amount of catastrophic forgetting introduced when fine-
tuning. Table 9.5 reports the models’ performance on the STS-B dataset, the primary
task. For this, we use the Spearman correlation between two cosine similarities: 1) over
sentence pairs provided by the model (predicted values), and 2) over pairs annotated
by humans (true values ranging [0, 5]). Higher cosine similarity values indicate better
model performance in capturing semantic similarity between sentence pairs, a proxy for
low catastrophic forgetting.

We see that the performance of the base model has a strong correlation of 0.83, which
means that it performs well with the primary task. While, as expected, none of the
fine-tuned models outperforms the base model in the primary task, we see comparative
performances (also at 0.83) of some LoRA fine-tuned models, especially for lower margins
in the range [0.1, 0.4]. However, the base model shows a very poor performance in the
new task (0.004 divergence, as shown in the previous section). Conversely, the fully fine-
tuned model (LoRA = no) shows subpar performance in the primary task. This is because
catastrophic forgetting is higher in fully fine-tuned models, as expected when dealing with
parameter-efficient fine-tuning as identified by prior work (cf. §9.3.4).

While fine-tuning creates a tension between the objective of the primary and the
new task, our LoRA models significantly reduce this tension by eliminating catastrophic
forgetting, unlike the base model, while maintaining comparable results when compared
to the base model in the primary task. This demonstrates the model’s robustness in
adapting to a new task while retaining previously learned knowledge, satisfying R3.
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For selecting the best model and parameters, we consider the trade-off between its
performance on the two tasks (new vs. the primary task) as discussed above. As men-
tioned, Table 9.4 represents the stance-aware results, i.e.: the new task, where the best
margins here are in the range [0.4, 0.7]. Instead, in the primary task, lower margins in the
range [0.1, 0.4] cause the least catastrophic forgetting (as we observe in Table 9.5). Thus,
we select 0.4, where the two ranges meet, and the LoRA fine-tuned version of Hybrid in
what follows.

9.5.3. Out of Distribution Validation

(a) Original KL-Div. for green
vs. red = 3.5.

(b) LoRA fine-tuned.
KL-Div. = 5.7.

(c) Fully fine-tuned
KL-Div. = 5.4

Figure 9.5: Distributions of cosine similarities of pairs in SemEval 2014 dataset.

Query Original Hybrid,
margin =
0.4

Siamese,
margin =
0.4

Triplet, mar-
gin = 0.4

“Abortion is healthcare.” 76% 91% 84% 94%
“Abortion is murder.” 67% 80% 64% 79%

Table 9.6: Alignment Precision for semantic search on congresspeople tweets with
abortion-related queries.

Figure 9.5 depicts the distributions of cosine similarities provided by the original and
the fine-tuned models (LoRA and fully fine-tuned) for the three categories of pairwise
relationships in the dataset: Neutral, Entailment, and Contradiction. Ideally, in the fine-
tuned model, we would desire to witness: 1) a further shift for the contradictory pairs’
distribution (red curve) to the left side, 2) while the distribution of the entailing pairs
(green curve) peaking near the right side, and 3) Neutral pairs (blue curve) maintaining a
relatively more uniform distribution across the x-axis as it includes both topically relevant
(majority) and irrelevant (minority) pairs of statements. Moreover, we expect the peak
of the Neutral pairs’ curve to stand in between the former two so that when it comes
to sentence pair similarity, our fine-tuned model preserves the ascending order of: 1)
topically relevant but contradictory, 2) topically relevant but neutral, and 3) topically
relevant and entailing.
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Across Figures 9.5a, 9.5b, and 9.5c, we observe a progression in stance detection
abilities. Initially, the original all-mpnet-base-v2 model can also distinguish Entailment
from Contradiction (Fig. 9.5a), suggesting that the contradictions in this dataset are
less subtle than in the Kialo test set (Figure 9.4a). Yet, our LoRA fine-tuned model
significantly improves differentiation, correctly shifting Contradiction pairs leftwards, and
maintaining an appropriate balance between Neutral and Entailment pairs — desirably
forcing the topically relevant Neutrals peak to stand between the peaks of Contradiction
and Entailment curves (Fig. 9.5b). However, full fine-tuning (Fig. 9.5c) manifests its
catastrophic forgetting — while the gap between the distributions of Contradiction and
Entailment is also enhanced when compared to the original model, Neutral pairs are
undesirably shifted towards the Entailment. This highlights the advantage of the LoRA
fine-tuned model in achieving both stance-awareness and preserving prior knowledge,
underscoring its value in fine-tuning for stance-aware sentence embeddings.

Observation: Our fine-tuned models exhibit an increase in stance awareness
compared to the original model, which possessed some limited understanding of
stances in a different dataset, i.e.: SemEval-2014, contributing to R2.

9.5.4. Application: Semantic Search

Once demonstrated the performance of our models, we showcase the practical impli-
cations of performing stance identification and its potential to enhance social computing
tasks. A practical use-case of the stance-aware model is retrieving text with certain
stances in corpora through the use of semantic search.

We generate two controversial statements with the exact opposite viewpoints on abor-
tion: “Abortion is healthcare” and “Abortion is murder.” Then, we query these two
statements from the 2.3M tweets of the congresspeople dataset (cf. §9.4.5). As it is typ-
ically done in semantic search with S-BERT, we first convert each tweet and query into
vectors; separately using the original and the fine-tuned model. We then compute the
cosine similarity between the query embeddings and tweet embeddings, applying similar-
ity thresholds, suggested by [6], to filter out less relevant tweets. The more aligned the
stances of the remaining tweets with the query, the better the model preforms in stance
awareness.

Table 9.7 shows the results of the alignments, and Table 9.8 offers an excerpt of the top
matching results (highest cosims) with the pro-abortion query. Looking at the summary of
our results in Table 9.7, we see that when we shift from the original model to the fine-tuned
one, the alignment precision of the model from Twitter rises from 76% to 91% for pro-
abortion (Democrat) and from 67% to 80% for the anti-abortion (Republican) query. This
means that desirably 91% (80%) of the top similar results for a Democrat (Republican)
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Model Query Affiliation Cosim
Thresh-
old

R D Alignment
Precision

Original “Abortion is healthcare.” Democrat 0.70 31 ✗ 98 ✓ 76%
Fine-Tuned “Abortion is healthcare.” Democrat 0.70 4 ✗ 43 ✓ 91%

Original “Abortion is murder.” Republican 0.60 95 ✓ 46 ✗ 67%
Fine-Tuned “Abortion is murder.” Republican 0.60 12 ✓ 3 ✗ 80%

Table 9.7: Alignment Precision for semantic search on congresspeople tweets with
abortion-related queries. D: Democrat alignment, R: Republican alignment.

Text (Query/Tweet) Party Aligned?
Query: “Abortion is healthcare.’’ Dem

Original In case anyone forgot – abortion is NOT healthcare. Rep ✗

Original Reminder: abortion is health care. Dem ✓
Original Stop pretending abortion is healthcare... Rep ✗

Original ... I have to say this once again, but abortion is NOT healthcare. #ProLife Rep ✗

Original ... A procedure where a successful outcome is the death of a living human is
not healthcare.

Rep ✗

FineTuned Just a reminder: abortion is healthcare. #SOTU Dem ✓
FineTuned ... EVERY woman has the constitutional authority to make decisions about

their own body ...
Dem ✓

FineTuned Reminder: abortion is health care. Dem ✓
FineTuned ... Roe v. Wade is the law of the land and we have to ensure it will stay that

way...
Dem ✓

FineTuned Reproductive care is health care... Dem ✓

Table 9.8: Most similar semantic search results for a pro-abortion query for the Original
and Fine-Tuned models.

query has correctly matched with the tweets of Democrat (Republican) congresspeople.
This experiment shows that our method can be utilized to perform robust and efficient
opinion mining.

These results are the demo results for one of our best model settings (Hybrid archi-
tecture, margin = 0.4, LoRA).
Disclaimer: Despite §9.5.1, §9.5.2, and §9.5.3, the main objective of this section was not
to evaluate the stance awareness of the fine-tuned model, but to elaborate how such a
stance-aware language model can be used in practice to improve opinion mining tasks.
That’s why we focused on a case study of abortion-related tweets. More experiments can
be done around other controversial topics in real-world applications of the model.

9.6. Discussion

This work tackles the critical challenge of balancing three essential requirements in
NLP tasks: computational efficiency (R1), stance awareness (R2), and maintaining topic
awareness (R3). We address these challenges by proposing a novel approach that leverages
fine-tuning while mitigating its drawbacks. We reviewed how prior work fails to meet these
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three requirements together in §9.2 and we showed how our work (§9.3) addresses them
(§9.5), we next summarize the main findings of this chapter and discuss their implications
and limitations.
Computational Efficiency. Our approach makes opinion mining efficient, only needing
to call the model n times for mapping the embeddings of n sentences, that is, linear with
the number of sentences. A limitation may arise in how much a single statement used as
a query might encompass all variations of the stance on a certain topic. An important
consideration is to maintain sufficient diversity in query selection to account for all parts
of the spectrum of opinions.
A balance is feasible. our work demonstrates the feasibility of achieving a balance be-
tween efficiency, stance awareness, and topic coherence through careful fine-tuning strate-
gies. This approach can be further explored and adapted for various NLP applications,
particularly those requiring robust stance-aware analysis on large datasets.

9.7. Conclusion

Overall, our work paves the way for stance-aware sentence transformers, offering a
powerful tool for social computing tasks like opinion mining.

Our work demonstrably surpasses the state-of-the-art in stance awareness of sen-
tence transformers, achieving significant improvements in distinguishing stances across in-
distribution (Kialo test-set) and out-of-distribution (SemEval 2014 and Twitter) datasets.
By designing an innovative model architecture, we observed a measurable improvement
of results with the Hybrid (combination of Siamese and Triplet) model. We implemented
a data filtering approach by removing low cosine similarity pairs, which probed a unique
experimental contribution that effectively mitigated the impact of “low-quality” human-
generated data within the training set. This also resulted in an improvement of the model
performance, while significantly reducing the train-set size and thus the training time.

Two main future steps in this direction can significantly improve the quality of the task:
1) Improving general-purpose sentence transformers using (LLMs) and extensive datasets,
such as recently developed Open AI’s text embedders;5 2) Developing dedicated datasets
tailored to social media platforms like Twitter and Mastodon and fine-tuning the general-
purpose sentence transformer on such datasets. This will enable the model to learn stance
awareness in the context of the targeted social networks of analysis. Nevertheless, our
model, which is fine-tuned on Kialo arguments also demonstrated a promising performance
on the Twitter data. This forecasts an even brighter future for models that are specifically
fine-tuned on online social media data for the same task.
Reproducibility: We open-source both code and models to foster reproducibility.6

5https://platform.openai.com/docs/guides/embeddings
6https://github.com/vahidthegreat/StanceAware_SBERT

https://platform.openai.com/docs/guides/embeddings
https://github.com/vahidthegreat/StanceAware_SBERT
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9.8. Limitations

The main goal of this chapter was to demonstrate the feasibility of obtaining stance
awareness in sentence transformers. Thus, the language model of analysis in this chapter
is merely limited to “all-mpnet-base-v2”, the widely used state-of-the-art sentence trans-
former in SBERT leaderboard list7 which is light-weight and suitable for the purpose of
our experiments. Yet, more heavy-weight LLM-based text-embedders are not explored
in this chapter. We nevertheless, report the stance unawareness of “NV-Embed-v1”, the
best performing Massive Text Embedder in MTEB leaderboard,8 in §9.5.1 but do not
apply our fine-tuning experiments as the lighter model we use satisfies our main goal
(demonstrating the feasibility of obtaining stance awareness) with a significantly lower
computational cost. Yet, for those interested in improving the quality of the model and
the task, it is possible to fine-tune any state-of-the-art text embedder by a simple repli-
cation of our experimental pipeline using the code that we make publicly available (see
Reproducibility above).

Another limitation of this chapter is in the scope we demonstrated the application
of the model in §9.5.4. We only showcased the application of the finetuned model on
semantic search over tweets related to abortion. The reason is that the main purpose
of §9.5.4 was not to validate the model like §9.5.1,§9.5.3, and §9.5.2 but to explain how
the model can be used in opinion mining and computational social science tasks. Similar
experiments on other controversial topics such as gun-control, war on Ukraine, etc. are
left for future works.

7www.sbert.net/docs/sentence_transformer/pretrained_models.html
8huggingface.co/spaces/mteb/leaderboard

www.sbert.net/docs/sentence_transformer/pretrained_models.html
huggingface.co/spaces/mteb/leaderboard


10 Conclusion

This thesis aimed to propose NLP-driven approaches to measuring polarization and
radicalization that align with the objectives outlined in Chapter 1. Specifically, we fo-
cused on developing methodologies that are scalable, generalizable, holistic or gran-
ular as needed, and feasible in terms of data availability. Throughout three distinct
parts, we introduced comprehensive frameworks that fulfill these objectives, demonstrat-
ing their efficacy through diverse applications and analyses.

10.1. Meeting the Objectives

Scalability: This requirement was a key consideration in the development of our method-
ologies. In Chapter 4, we introduced a novel, unsupervised method for quantifying Echo
Chambers using sentence transformers. The use of sentence transformers enables efficient
analysis of large-scale social media data, significantly reducing computational overhead
compared to traditional methods that utilize heavy graph-based analyses or supervised
NLP. Similarly, in Chapter 9, we fine-tuned a stance-aware sentence transformer capable
of rapidly mining users’ opinions on controversial topics across large-scale social media
data. Using this approach we decreased the need for calling computationally expen-
sive models at each instance of inference, contributing significantly to the scalability of
opinion-mining tasks.
Generalizability: Our methodologies are designed to be broadly applicable across var-
ious domains, ensuring their relevance beyond the specific case studies presented. For
instance, the Echo Chamber detection framework in Chapter 4 can be applied to diverse
controversial topics, from geopolitical conflicts to climate change debates. By leveraging
pre-trained language models, our approaches are adaptable to different languages and
contexts, enhancing their utility for global research.

In Chapter 6, we introduced a model for detecting gender-based polarization, which
can be easily adapted to other forms of polarization. For instance, by modifying key
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attribute words from gender-based words (e.g. man vs. woman) to party-related words
(e.g. Democrat vs. Republican), the model will be able to measure the polarization of
corpora in terms of political leaning.
Holistic and Granularity: We offered diverse approaches that provide both holistic and
granular perspectives on polarization and radicalization, depending on the objective of
the research. In Chapter 6, we combined the Word Embedding Association Test (WEAT)
with semi-supervised classification to provide a comprehensive assessment of gender-based
polarization within online communities. This holistic model captures the overall degree
of toxicity toward male/female identity on the corpus level. Similarly, the computational
approach in Chapter 4 provides an overall measurement of the degree of Echo per Chamber
and polarization across Chambers.

Conversely, in Chapter 5, we conducted a granular analysis of cross-partisan inter-
actions, examining the content and tone of individual posts. This fine-grained approach
revealed nuanced differences in user behavior within and across echo chambers.
Feasibility and Data Availability: Ensuring the feasibility and ethical integrity of our
research was a priority throughout this thesis. All methodologies were developed using
publicly available data, focusing on public posts rather than private or inaccessible data
such as follow/friend network of users. This approach not only respects user privacy but
also enhances the reproducibility of our approaches and findings.

The use of open-source language models further underscores the feasibility of our ap-
proach. By leveraging widely open-sourced NLP tools and datasets, we demonstrated
that high-quality polarization analysis is achievable without proprietary resources or ex-
tensive computational infrastructure. This accessibility ensures that our methods can be
adopted and expanded by researchers across different institutions and disciplines.

10.2. Findings from Applications

While the primary goal of this thesis was to develop novel, scalable, and general-
izable NLP methodologies for analyzing polarization and radicalization, applying these
methods yielded actionable insights into the dynamics of online discourse. These find-
ings contribute to our understanding of sociopolitical behaviors and interactions on social
media platforms.

Discourse Diversity Asymmetry: Democratic-leaning users exhibited
greater discourse diversity compared to Republican-leaning users. This finding sup-
ports existing research suggesting higher ideological homogeneity on the right, par-
ticularly in digital spaces. Our results add nuance by highlighting how discourse
diversity correlates with polarization intensity across different topics.
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Cross-Partisan Interactions: Analyzing cross-partisan interactions (Chap-
ter 5) revealed that although Democrats engage more frequently in cross-partisan
discussions than Republicans, they exhibit a greater discriminatory tone when ad-
dressing out-group members compared to in-group interactions. This suggests that
mere interaction with diverse perspectives does not necessarily lead to more pro-
ductive or empathetic discourse, underscoring the complexity of fostering genuine
dialogue across ideological divides.

Gender-Based Polarization: Our analysis in Chapter 6 revealed targeted
toxicity patterns within specific communities. For instance, male-dominated forums
such as r/TheRedPill and r/MGTOW exhibited significant hostility toward women.
Interestingly, r/FemaleDatingStrategy, a women-only forum, displayed toxicity not
only toward men but also toward women, indicating internalized gender biases and
complex community dynamics. These findings highlight the multifaceted nature
of online radicalization, which can manifest both externally and internally within
communities.

Platform Differences: A comparative analysis of Reddit and Discord com-
munities (Chapter 7) showed that chat-based platforms like Discord are more con-
ducive to the spread of toxic content than post-based platforms like Reddit. This
suggests that platform design and interaction modes significantly influence the
prevalence and intensity of radical content, offering critical insights for platform
moderation strategies.

Sociopolitical and Economic Biases of LLMs: Our evaluation of Large
Language Model (LLM)s (Chapter 8) revealed a nuanced bias landscape. While
the models demonstrated strong economic moderation, their sociopolitical responses
tended to favor libertarian perspectives. This indicates that language models are not
neutral and may reflect or amplify certain ideological biases, which has significant
implications for their deployment in sensitive contexts.

Limitations in Stance Detection: Standard language model embeddings
were found to be stance-blind, treating topically similar but stance-opposed state-
ments as equivalent. We addressed this limitation by developing a stance-aware
transformer (Chapter 9), which successfully differentiated opposing stances. As ex-
plained earlier, this tool provides computational social scientists with a powerful
mechanism for detecting and analyzing polarization in real-time online debates.

In summary, this thesis has not only contributed methodologically to the study of
online polarization and radicalization, but also attained new sociopolitical findings as
byproducts of the application phases.
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10.3. Future Work

In this section, we outline several promising directions for future research based on
the findings and methodologies developed in this thesis. We will first address the need
for enhanced explainability, followed by potential future applications, and conclude with
opportunities for improving the base tools.

10.3.1. Toward Explainability

A significant direction for future work lies in enhancing the explainability of the
methodologies developed in this thesis, particularly those involving complex Natural Lan-
guage Processing (NLP) models. Explainable AI techniques offer promising avenues to
decode the opaque semantic features embedded by models such as sentence transformers.
By applying methods for disentangling these high-dimensional embeddings, we can iden-
tify the specific semantic components that drive distinctions between polarized groups,
providing clearer insights into the underlying causes of polarization.

For example, in Chapter 4, we employed sentence transformers to detect echo chambers
and quantify polarization. Future research could focus on implementing Explainable AI
frameworks to interpret the 768-dimensional embeddings produced by these models. By
mapping each dimension to a semantic feature, such as political stance, linguistic style, or
emotional tone, researchers could pinpoint the precise factors contributing to polarization
between groups. Techniques like feature attribution or dimensional reduction could aid
in visualizing and understanding these high-dimensional spaces.
Unveiling the Semantic Sources of Bias in LLMs: A promising avenue for ex-
plainability involves understanding the semantic origins of bias within Large Language
Models (LLMs). This can be achieved by fine-tuning lightweight, open-source models on
curated datasets with contrasting semantic attributes, such as political leanings, emo-
tional tone, and linguistic style. For example, datasets could represent Democratic versus
Republican viewpoints, positive versus negative sentiments, or confident versus hesitant
language. Evaluating these specialized models with benchmarks like Polygloss or ANTAB
can help measure the impact of each semantic attribute on the model’s bias.

This methodology involves creating multiple LLM variants, each fine-tuned on a spe-
cific semantically biased dataset. By analyzing their outputs, researchers can identify
which linguistic properties contribute most to biased behavior. Techniques such as feed-
back loops with more advanced models, as proposed in Chapter 8, can provide additional
verification. This approach aims to isolate factors, such as political rhetoric or emo-
tional tone, that can predispose an LLM to generate biased content, offering a deeper
understanding of bias formation.

The insights gained from this research would be crucial for developing fairer and more
transparent LLMs. Identifying the semantic sources of bias allows targeted interventions
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during training, reducing harmful outputs. This strategy not only enhances the fairness
and reliability of LLMs but also strengthens their application in sensitive areas such as
social discourse analysis, contributing to more equitable AI systems.

10.3.2. Future Applications

Future research could extend these findings by applying the methodologies developed
here to other domains and datasets, further validating the robustness of these tools across
diverse social and political contexts. The analysis of Chapter 4 can be extended to other
controversial topics (e.g., Israeli-Palestinian conflict) and to other network-based social
media platforms (e.g., Mastodon, Gab).

The corpus polarization detector in Chapter 6 can be extended to the detection of
other aspects of polarization on the corpus level. For instance, by swapping our attribute
words with those related to Democrats and Republicans and adjusting the Embedded-
Toxicity parameter to Embedded-Polarity, it becomes possible to effectively measure the
polarization of sentiments toward the Democratic and Republican parties across various
timelines.

The stance-aware sentence transformer developed in Chapter 9 allows for future large-
scale stance detection and opinion mining on social media. For instance, tracking public
opinions on controversial topics such as the US election, crises in West Asia, or developing
narratives about immigrants could yield valuable insights. The tracked statements can
then be passed to LLMs for a more in-depth analysis of their content. Moreover, Retrieval
Augmented Generation (RAG) applications can benefit from the tool by enhancing the
search engine for highly opinionated prompts.

10.3.3. Enhancement of Base Tools

The continuing evolution of language models presents opportunities for more fine-
grained analysis of bias, radicalization, and polarization, particularly as models become
more interpretable and capable of handling increasingly complex tasks.

Throughout this thesis, we utilized light-weighted and open-source language models
(“all-mpnet-base-v2” and “Mistral-7B-Instruct-v0.2”) that provide an acceptable balance
between the quality needed for our social computing task and the computational price that
our GPU could handle. Future researchers or big-tech companies that are less constrained
by such limitations can utilize stronger models for broader applications.

For example, the LLM-aided content analysis introduced in Chapter 5 can be en-
hanced by utilizing Meta’s Llama 3.1 405B model for higher quality results. The sentence
transformer models in Chapters 4, 8, and 9 could also be replaced by state-of-the-art
LLM-based text embedders such as “NV-Embed-v1”, the top-performing Massive Text
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Embedder on the MTEB leaderboard,1 to achieve more refined and accurate outcomes.
Reproducibility: To foster reproducibility of the results and the approaches, all of the
codes and software are open-sourced in their corresponding repositories on GitHub.2

1https://huggingface.co/spaces/mteb/leaderboard
2https://github.com/vahidthegreat

https://huggingface.co/spaces/mteb/leaderboard
https://github.com/vahidthegreat
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