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Polarization poses global concerns for social cohesion and stability, making its understanding crucial for effec-

tive mitigation measures. In this paper, we introduce an unsupervised, domain-agnostic framework for com-

putationally modeling, extracting, and measuring polarization in digital media. By leveraging Natural Lan-

guage Processing and Graph Analysis techniques, the proposed framework creates a Polarization Data Model

(PDM) that encompasses key elements of Polarization Knowledge (PK), such as entities, fellowships, dipoles,

and discussion topics. To evaluate the effectiveness of the framework, we propose a multi-level PK evaluation

methodology that assesses its ability to: (i) capture entities’ attitudes toward various topics, (ii) align polit-

ically cohesive fellowships with their respective party manifestos, and (iii) identify domain-specific topics

along with their degree of polarization. We applied this evaluation methodology to the use cases of Abortion,

Immigration, and Gun Control. The results demonstrate our framework’s robust performance across these

case studies, yielding promising outcomes compared to state-of-the-art and baseline methods.

CCS Concepts: • Computing methodologies → Information extraction; Semantic networks; • Net-

works→ Social media networks; • Information systems→ Sentiment analysis; Clustering and classification;

Additional Key Words and Phrases: Polarization, Multi-level Polarization, Polarization Modeling, Polarization

Extraction, Polarization Computational Evaluation

ACM Reference Format:

Demetris Paschalides, George Pallis, and Marios Dikaiakos. 2025. A Framework for the Unsupervised Mod-

eling and Extraction of Polarization Knowledge from News Media. ACM Trans. Soc. Comput. 8, 1-2, Article 5

(January 2025), 38 pages. https://doi.org/10.1145/3703594

1 Introduction

Polarization is a growing concern globally, with potentially severe implications for social cohe-
sion and stability [7]. It can be observed in the way recent events and public debates unfold and
take shape, for example during the 2016 US presidential elections [72], the refugee crisis in Ger-
many [78], the Brexit referendum [73], the storming of the US Capitol in 2021 [15], and the COVID-
19 pandemic [70]. The increasing prevalence of polarization is evident in how individuals and

This research is funded in part by the EU Commission via the ATHENA 101132686 project (HORIZON-CL2-2023-

DEMOCRACY-01).
Authors’ Contact Information: Demetris Paschalides, Computer Science, University of Cyprus, Nicosia, Nicosia, Cyprus;

e-mail: paschalides.demetris@ucy.ac.cy; George Pallis, Computer Science, University of Cyprus, Nicosia, Nicosia, Cyprus; e-

mail: pallis@ucy.ac.cy; Marios Dikaiakos, Computer Science, University of Cyprus, Nicosia, Nicosia, Cyprus; e-mail: mdd@

ucy.ac.cy.

This work is licensed under a Creative Commons Attribution-NonCommercial-NoDerivatives International
4.0 License.

© 2025 Copyright held by the owner/author(s).

ACM 2469-7818/2025/01-ART5

https://doi.org/10.1145/3703594

ACM Trans. Soc. Comput., Vol. 8, No. 1-2, Article 5. Publication date: January 2025.

HTTPS://ORCID.ORG/0009-0005-7698-2551
HTTPS://ORCID.ORG/0000-0003-1815-5468
HTTPS://ORCID.ORG/0000-0002-4350-6058
https://doi.org/10.1145/3703594
https://creativecommons.org/licenses/by-nc-nd/4.0
https://creativecommons.org/licenses/by-nc-nd/4.0
https://doi.org/10.1145/3703594
http://crossmark.crossref.org/dialog/?doi=10.1145%2F3703594&domain=pdf&date_stamp=2025-01-17


5:2 D. Paschalides et al.

groups are becoming more entrenched in their beliefs and opinions, often resulting in heightened
hostility towards those holding different views. Polarization can result in a variety of negative
outcomes, such as a decrease in social trust [48], a rise in extremist ideologies, and a decline in
democratic institutions [6, 42]. Therefore, understanding the causes and dynamics of polarization
is crucial for maintaining the stability of modern democracies.

With the rise of digital platforms, polarization is increasingly manifested in online content. This
phenomenon is closely linked to the spread of misinformation, hate speech, and disinformation,
particularly on social media [59, 68]. These challenges create opportunities for computational ap-
proaches, particularly through the use of Natural Language Processing (NLP), to analyze and
monitor polarization effectively. However, the vast scale, unstructured nature, and inherent noise
in online data make it difficult to accurately measure and model polarization [31].

To address this, we present an open-source computational framework designed to identify polar-
ization as it emerges within the narratives of news media. This framework leverages an unsuper-
vised pipeline that combines NLP techniques with graph analysis to model and extract polarization
effectively. News articles are a valuable resource for analyzing societal polarization as they often
report on contentious issues, highlighting conflicting viewpoints and the stances of various enti-
ties [34]. Analyzing the narratives in news media can reveal how polarization emerges in public
discourse, making news articles a valuable resource for its study.

A core component of this framework is the Polarization Data Model (PDM), structured
as a Knowledge Graph (KG) to represent key elements such as entities (e.g., individuals,
organizations), their attitudes, fellowships (sub-groups with shared views), dipoles (opposing fel-
lowships), and polarizing topics. This structured representation allows for a detailed and dynamic
understanding of these elements and their interconnections, providing insights into polariza-
tion mechanisms. Our framework integrates both content and structural analysis—combining
network-based relationships and content-based attitude and topic analysis—to offer a more
comprehensive view of polarization.

A major challenge in polarization research is evaluating the accuracy and robustness of the
extracted knowledge due to the complexity of political discourse and the scarcity of annotated
ground truth data. To tackle this, we introduce a multi-level evaluation methodology that assesses
polarization at the entity, fellowship, and topic levels. Our evaluation compares the results of our
framework against ground truth data, baseline models, and state-of-the-art methods, ensuring a
comprehensive assessment of its effectiveness. We demonstrate the utility of our approach through
case studies in three key domains: Abortion, Immigration, and Gun Control.

Our approach offers researchers a tool for analyzing polarization that goes beyond existing
methods. By integrating entities, attitudes, and polarizing topics into a unified KG, we provide a
granular view of the mechanisms driving polarization. This enables deeper insights into the affilia-
tions and oppositions among entities, as well as the specific topics that underlie these relationships,
which are often overlooked in traditional analyses [33].

The rest of the paper is structured as follows: Section 2 provides an overview of polarization
and related computational studies. Section 3 details the Polarization Data Model and the proposed
framework. Section 4 outlines the method used to evaluate the polarization knowledge, along with
the datasets and results. The paper concludes in Section 5.

2 Background and Related Work

2.1 Defining and Theorizing Polarization

Polarization is a multifaceted phenomenon by which a society or group divides into distinct
sub-groups with conflicting positions, attitudes, and beliefs on various topics, leading to an increas-
ingly wide gap between these factions over time [26, 29, 44, 74]. Ideological polarization involves

ACM Trans. Soc. Comput., Vol. 8, No. 1-2, Article 5. Publication date: January 2025.



A Framework for the Unsupervised Modeling and Extraction of PK from News Media 5:3

the growing divergence in political or social beliefs and policy preferences among individuals or
groups [1, 52]. Affective polarization, on the other hand, captures the emotional hostility between
opposing groups, even when ideological differences may be minor [43, 44]. Some studies view affec-
tive polarization as distinct from ideological polarization, suggesting that emotional hostility can
intensify even without increasing ideological extremity [43], while others argue that as ideological
divides grow, they reinforce affective polarization, leading to greater emotional animosity [46].

Building on these definitions of ideological and affective polarization, we observe that polariza-
tion manifests and intensifies through interconnected processes at both the individual and collec-
tive levels, illustrating a dynamic interplay between personal beliefs and group identities. At the in-
dividual level, polarization influences how people perceive, interpret, and respond to information,
shaping their attitudes toward others. At the collective level, individuals align with like-minded
peers, forming sub-groups with distinct and often opposing stances. This alignment strengthens
in-group identities and exacerbates divisions with out-groups, widening the societal gap [46, 75].

Several psychological mechanisms drive polarization, contributing to both its ideological and
affective forms. Motivated reasoning and confirmation bias play key roles by reinforcing individu-
als’ existing beliefs while disregarding contradictory evidence [16, 56, 87]. Group dynamics, such
as social reinforcement and persuasive argumentation, further push group members toward adopt-
ing more extreme positions [12, 35, 74]. Naïve realism, where people believe their own perspective
is the absolute truth, exacerbates affective polarization by deepening distrust and hostility toward
opposing groups [64]. Tribalism intensifies this divide by fostering strong loyalty to in-groups and
antagonism toward out-groups, heightening social divisions [13].

These processes align with social identity theory, where group membership shapes an individ-
ual’s self-concept [75]. Strong identification with a group, such as a political party, increases loyalty
to the in-group and heightens negative attitudes toward the out-group [44]. Media dynamics and
partisan communication amplify these divides by reinforcing group narratives and framing oppos-
ing groups negatively [11, 43]. Inter-group conflict theory offers a framework for understanding
these dynamics [75]. It outlines three key processes:

(1) Social Categorization: Individuals categorize themselves and others into groups (e.g., “us”
vs. “them”).

(2) Social Identity: People adopt the identity of their categorized group, internalizing its norms
and values.

(3) Social Comparison: Group members compare their group to others, often viewing theirs
more favorably.

By applying the inter-group conflict theory, we can see how the processes of social categoriza-
tion, identification, and comparison contribute to both ideological and affective polarization. As
individuals align with their in-group, they reinforce shared beliefs and grow more hostile toward
out-groups [46]. This process occurs at both individual and collective levels, creating a feedback
loop that deepens polarization. Understanding these dynamics highlights the need to model polar-
ization by capturing the interplay between personal attitudes, group identities, and divisive topics.

2.2 Polarization Modeling, Extraction, and Quantification

2.2.1 Computational Properties of Polarization. Computational approaches have become in-
creasingly important in capturing various aspects of polarization, providing nuanced insights into
how it develops and intensifies within societies [46]. Existing computational studies on polariza-
tion can be distinguished by the definitions they adopt and the properties they incorporate into
their methodologies. Key characteristics of computational frameworks for modeling polarization
include:
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Polarization Definition: Computational approaches operationalize polarization in different
ways, typically focusing on either structural polarization or content-based polarization. Structural
Polarization represents the separation of groups within a network. Studies adopting this definition
analyze the topology of social networks to identify distinct clusters or communities that corre-
spond to polarized groups [2, 5, 31, 32, 37]. Methods used include measuring network properties
such as frustration [8], random walks [31], betweenness [31], and community boundaries [31, 37].
While these studies may not explicitly address affective polarization, the detection of group sep-
arations and limited interactions between groups can be indicative of social distance and mutual
hostility, which are key aspects of affective polarization [22]. Content-based Polarization focuses
on the divergence in opinions, attitudes, and sentiments expressed in textual content, capturing
differences in beliefs and perspectives [10, 24, 40, 54, 65, 84]. Techniques include topic modeling
to identify key issues driving polarization [40, 65] and sentiment analysis to gauge emotional
tones [10, 53, 54, 84]. Although the primary focus might be on content divergence, these methods
can provide insights into ideological polarization by highlighting divergent topics and stances.

Data Format: The data used for modeling polarization can be structured or unstructured, influ-
encing the methods applied. Structured data, like social media metadata (e.g., user mentions, hash-
tags, and follower relationships) or tabular data (e.g., U.S. Congress votes), facilitates network-
based analysis of structural polarization [5, 22, 31]. Examples include constructing mention or
retweet networks from X (formerly known as Twitter) data or hyperlink networks from HTML
pages [2, 37]. In contrast, unstructured data, such as news articles and opinion pieces, require NLP
techniques to extract meaningful insights, capturing content-based polarization through expressed
opinions and sentiments [53, 65]. Depending on the format—network or text—the analytical ap-
proach differs. Networks, derived from structured data, are used for relationship analysis, while
text data enables NLP methods like topic modeling and sentiment analysis to reveal polarized
views and emotional expressions [10, 40].

Group Definition: The method of defining groups within the data is critical for analyzing po-
larization. These groups can be either pre-defined, through the use of manual labeling [2, 3, 5, 33,
40, 53, 65] or automated labeling [24, 32, 84], or partitioned using unsupervised methods such as
community detection [22, 31, 37, 54, 63]. A significant number of studies apply pre-defined politi-
cal groups, such as Democrats and Republicans, on the political spectrum between Left and Right.
This approach often leads to a conflation of group identity with specific ideological stances, as
these parties are typically emblematic of broader political ideologies — Democrats aligning with
left-leaning (Liberal) views and Republicans with right-leaning (Conservative) views.

To demonstrate how these computational properties are applied in existing research, we present
a selection of studies in Table 1, with each study characterized according to the specified prop-
erties. In the following subsections, we delve deeper into these works, categorizing them based
on their approaches to polarization modeling and extraction—specifically, structural and content-
based methods. We discuss how each study models polarization, the techniques they use for ex-
traction, and metrics employed for polarization quantification. This detailed analysis allow us to
highlight the strengths and limitations of existing approaches, particularly in relation to capturing
both ideological and affective dimensions of polarization across multiple levels.

2.2.2 Polarization Modeling and Extraction. Existing computational studies on modeling and ex-
tracting polarization leverage various computational properties to capture the dynamics of group
divisions and opposing viewpoints. These approaches can be broadly categorized into two main
types: structural and content-based methods.
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Table 1. Overview of the Properties of the State-of-the-art Computational Polarization Methods

Work Input Data Type
Data Format Polarization Definition Group Definition

Network Text Structural Content Pre-Defined Partitioned

Adamic and Glance 2005 [2] Structured ✓ – ✓ – ✓ –

Conover et al. 2011 [22] Structured ✓ – ✓ – – ✓

Waugh et al. 2011 [82] Structured ✓ – ✓ – – ✓

Balasubramanyan et al. 2012 [10] Unstructured – ✓ – ✓ ✓ –

Weber et al. 2013 [84] Structured ✓ – – ✓ ✓ –

Guerra et al. 2013 [37] Structured ✓ – ✓ – – ✓

Mejova et al 2014 [53] Unstructured – ✓ – ✓ ✓ –

Akoglu 2014 [3] Structured ✓ – ✓ – ✓ –

Garimella et al. 2015 [31] Structured ✓ – ✓ – – ✓

Morales et al. 2015 [54] Structured ✓ – – ✓ ✓ –

Andris et al. 2015 [5] Structured ✓ – ✓ – ✓ –

Garimella and Weber 2017 [33] Structured ✓ – ✓ – ✓ –

Demszky et al. 2018 [24] Structured – ✓ – ✓ ✓ –

Roy and Goldwasser 2020 [65] Unstructured – ✓ – ✓ ✓ –

Yun Chen et al. 2021 [19] Structured ✓ – ✓ – ✓ –

He et al. 2021 [40] Unstructured – ✓ – ✓ ✓ –

Garimella et al. 2022 [32] Structured ✓ – ✓ – ✓ ✓

Sinno et al. 2022 [71] Unstructured – ✓ – ✓ ✓ –

Ramaciotti Morales et al. 2023 [63] Structured ✓ – ✓ – – ✓

Our Framework Unstructured ✓ ✓ ✓ ✓ – ✓

Our framework is denoted with bold and italic lettering.

Structural approaches focus on analyzing network interactions among users, such as retweets,
mentions, hyperlinks, or shared hashtags, to model how individuals cluster into polarized groups.
[2] examine political polarization during the 2004 US Presidential Election by modeling a hyper-
link network between Liberal and Conservative blogs, quantifying polarization based on their
separation. [31] present a method for identifying controversial topics on social media by combin-
ing network analysis with message content, partitioning networks of conversations to measure
polarization. Similarly, [33] use X data to track polarization over time by constructing networks
of interactions through retweets and hashtags, while [3] and [5] apply network analysis to roll-
call votes in the US Congress, highlighting divisions between Liberal and Conservative groups.
In contrast, [22] and [37] use partitioning algorithms to detect conflicting subgroups in X net-
works, capturing polarization without predefined group labels. More recent work, such as [63]
and [32], utilized network embeddings and co-browsing graphs to explore ideological polarization
and polarized news consumption in social media and online news platforms, respectively, further
illustrating how structural methods reveal patterns of division in digital spaces.

Content-based approaches focus on analyzing textual data, such as social media posts, news ar-
ticles, and online discourse, to capture ideological divisions based on opinions, sentiments, and lan-
guage use. [53] examine how Liberal and Conservative news outlets portray controversial topics,
using sentiment analysis to compare emotional expression and biased language, thus identifying
ideological polarization. [65] introduce a semi-supervised approach to detect nuanced subframes
in news articles, embedding Liberal and Conservative coverage into a shared space to capture ide-
ological differences more effectively. [40] present a method for detecting polarized topics using
PaCTE, which measures polarization through the cosine distance between partisan news sources’
contextualized topic embeddings. [10] propose MCR-LDA to model how political topics evoke dif-
ferent responses from sub-communities, emphasizing content-based polarization. [24] build on
this with a topic modeling method that identifies salient topics independent of specific events,
while [71] analyze annotated media outlets, revealing ideological divergence based on word-level
language use.
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2.2.3 Polarization Quantification. Polarization quantification methods vary depending on the
computational properties being modeled, whether structural or content-based, and are often de-
signed to capture polarization as it manifests in different contexts. Structural metrics are predomi-
nantly employed to measure how groups divide within networks, while content-based approaches
capture ideological or affective divisions reflected in textual data [10, 24, 40].

Structural Metrics: A common structural polarization measure is modularity, which assesses how
well a network is divided into communities [55]. Modularity calculates the strength of division be-
tween groups within a network [2, 22]. A higher modularity score typically indicates stronger
polarization, as it reflects dense intra-group connections and sparse inter-group ties. However,
modularity has been shown to suffer from a resolution limit, making the detection of small commu-
nities difficult [30], thus, deeming modularity an indirect polarization measure [37]. Beyond mod-
ularity, other structural metrics offer deeper insights into network polarization. The E-I Index [47]
measures the ratio of inter- to intra-group ties, helpful in evaluating group isolation. Garimella
and Weber 2017 [33] propose Random Walk Controversy (RWC), which assesses echo cham-
bers by measuring the likelihood of a random walk staying within the same group. Salloum et al.
2022 [67] adapt these metrics with the Adaptive E-I Index and Adaptive RWC, adjusting for group
size and degree distribution, making them more accurate in networks with uneven group sizes.
Metrics like Betweenness Centrality Controversy (BCC) and Boundary Polarization (BP)
focus on boundary nodes connecting communities [31, 37]. BCC assesses how few central individ-
uals bridge groups, while BP measures boundary node distribution, with fewer boundary nodes
indicating higher polarization [33]. [54] introduce the Polarization Index to quantify polarization
between two distinct communities, such as Left vs. Right. It measures ideological distance and in-
teraction frequency, with greater separation and lower interaction indicating higher polarization,
making it particularly useful in political contexts to capture division and engagement between
opposing sides.

Content-based Metrics: While structural approaches are valuable, they often overlook the ideo-
logical and affective dimensions of polarization that emerge in the content shared between groups.
[10] address this gap with a content-based approach that combines sentiment analysis and topic
modeling to gauge the degree of polarization within political discourse on platforms like Red-
dit [10]. This approach reveals not just the structural separation of groups but also the divergence
in the content of their discussions. [40] models ideological polarization in news articles using
PaCTE, calculating the cosine distance between topic embeddings in order to quantify how differ-
ently polarized groups frame the same issues.

The reliance on framing, sentiment, and ideological embeddings in these methods offers a more
direct measure of how polarized groups differ not only in structure but in the actual content of their
communications. By focusing on textual data, content-based metrics provide insights into how
polarization manifests through both ideological disagreements and emotional hostility, capturing
the affective aspect that structural measures may miss.

2.2.4 Comparison and Discussion. Reviewing the computational approaches to polarization
modeling, extraction, and quantification reveals that most existing methods conceptualize
polarization primarily as a structural phenomenon. These methods typically frame polarization as
the opposition between predefined groups—such as Liberals and Conservatives—by focusing on
network structures derived from social interactions. While structural approaches have provided
valuable insights into how polarization manifests within networks, they often exhibit limitations,
particularly in capturing the full spectrum of polarization, which includes both ideological and
affective dimensions [46].
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A major limitation of structural methods is their reliance on predefined groups [31, 60]. By as-
suming specific polarized groups a-priori, these approaches constrain their ability to detect emer-
gent or nuanced forms of polarization that may not align with established categories. This reliance
can prevent the identification of evolving group dynamics and obscure the complexity of polariza-
tion in different contexts [31, 63]. Furthermore, structural methods often offer limited considera-
tion of ideological content. By focusing primarily on patterns of connections within a network,
these approaches may overlook the ideological differences expressed through language and dis-
course. As a result, they may inadequately capture ideological polarization—the divergence in
beliefs and policy preferences—which is essential for fully understanding the extent and nature of
divisions within a polarized society.

Conversely, content-based approaches focus on the textual content shared between groups,
analyzing language, sentiments, and topics to capture ideological polarization. While these meth-
ods adeptly reveal differences in beliefs and attitudes, they often overlook affective structures
that reinforce polarization [40, 65]. By neglecting the network of interactions among individuals,
content-based methods may miss how social relationships and group affiliations contribute to
affective polarization—the emotional and social distances between groups. Additionally, content-
based methods typically offer limited integration with interaction dynamics. Without considering
how individuals interact within a network, these methods may not fully capture the interplay
between ideology and social relationships that drive polarization. This lack of integration
reduces their ability to explain how polarized opinions spread and intensify through social and
group influence.

Both structural and content-based methods often employ supervised approaches, where the re-
search environment is controlled, and polarization is predetermined. This supervised nature limits
their ability to capture the nuances and complexities of polarization, especially in different do-
mains and contexts where new forms of polarization might emerge. To address these limitations, it
is essential to establish unsupervised and domain-independent methods for modeling and extract-
ing polarization. Such methods should be capable of capturing both structural and content-based
aspects of polarization, integrating ideological and affective dimensions across multiple levels.
To this end, we propose an unsupervised and domain-independent framework for modeling and
extracting polarization knowledge, based on the inter-group conflict theory [75]. This framework
is designed to process large volumes of news articles and generate comprehensive polarization
knowledge using NLP and graph analysis methods. A core component of the proposed framework
is the Polarization Data Model (PDM), which offers a structured representation of polariza-
tion, encapsulating key entities, their fellowships, fellowship dipoles, and primary polarizing
topics.

This work builds upon and extends our previous POLAR system, initially developed for the un-
supervised extraction of polarizing topics from news articles [60]. Key extensions include a more
detailed elaboration of the methodology, and an expansion of the PDM to adopt a more structured
format. A significant extension in this work relates to the evaluation methodology. In our earlier
work, the evaluation was limited to measuring topic-level polarization, primarily due to the inher-
ent challenges of assessing polarization. In this paper, we address those challenges by proposing a
multi-level evaluation framework that assesses polarization across entities, fellowships, and topics.
This new evaluation method allows us to comprehensively benchmark the framework’s perfor-
mance, comparing extracted polarization knowledge against ground truth data, baseline models,
and state-of-the-art approaches. By enhancing both the PDM and the evaluation framework, we
provide a more robust tool for studying polarization across multiple dimensions.

ACM Trans. Soc. Comput., Vol. 8, No. 1-2, Article 5. Publication date: January 2025.



5:8 D. Paschalides et al.

Group A 
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Fellowship F1 

Fellowship F3 

(b)

Fellowship F2 

Fellowship F1 

(c)

Entity 

Group 

Entity-to-Entity Interaction 

Entity Fellowship 

Entity Fellowship Dipole 

(d)

Fig. 1. An illustration of the process which a group of entities, namelyGroup A (see Figure (a)), can be segre-
gated into fellowships F1, F2, and F3, which collide with each other (see Figure (b)), thus forming fellowship
dipoles, similar to D12 (see Figure (c)). Figure (d) represents the legend for the different structures in Figures
(a), (b), and (c).

3 Modeling and Extracting Polarization Knowledge

3.1 Modeling the Polarization Phenomenon

In our study, we adopt the definition of polarization as outlined by Sunstein 1999 [74], which char-
acterizes it as a “social process where a social or political group becomes divided into two or more

opposing sub-groups with conflicting beliefs”. Dissecting this definition, the term “group” refers to
a set of two or more entities that relate to one another, share common characteristics and have a
collective sense of unity [80]. A relationship is defined as a number of recurring interactions be-
tween two or more entities, and is considered as the basis of various social structures (e.g., groups).
Despite the commonness of a group, inter-group conflict [75] results to the division of the group
into two or more conflicting sub-groups i.e., fellowships. Similarly, the conflict between a pair of
fellowships can be viewed as a dipole. An illustrative example of this process is depicted in Figure 1.

3.2 Polarization Data Model

Computationally, we define the Polarization Data Model (PDM) as a heterogeneous, directed, and
weighted knowledge graph G(V ,E), where each vertex v ∈ V and each edge e ∈ E is charac-
terized by a type τ (v) : V −→ {Entity, Fellowship, Topic} and λ(e) : E −→ {Relationship, Member,
Attitude, Conflict}. A pair of Entity type vertices vi and vj can be connected via a bi-directional
edge vi ↔ vj of type Relationship, representing an interaction between them. A Relationship is
characterized by the weight wi j , which indicates the status of the relation between vi and vj (i.e.,
positive or negative), with values ranging from -1 (extremely negative) to 1 (extremely positive).
The value ofwi j is determined by the attitude of one entity towards the other, and vice versa. The
subgraph of PDM[vi ∈ V | τ (vi ) = Entity] is defined as a Sentiment Attitude Graph (SAG).
An entity fellowship is identified as a dense subgraph of SAG, which contains predominantly pos-
itive relationships among its vertices. For this information to exist within the PDM, the vertex
type Fellowship is defined. Hence, a vertex vi of type Entity can be connected with a vertex vk of
type Fellowship, via an edge vi ↔ vk of type Member, indicating that entity vi is a member of
fellowship vk . Subsequently, a dipole describes the conflict between a pair of fellowships and is
characterized by their (mostly) negative entity inter-connections. Thus, a pair of vertices vk and
vz of type Fellowship, can be connected via a bi-directional edge vk ↔ vz of type Conflict. A
Conflict is characterized by the weightwkz , which indicates the extent of the conflict between the
fellowship pair, with values ranging from 0 (no polarization) to 1 (extreme polarization). Vertices
of type Topic, represent the topics of discussion between entities, thus, bear supportive or opposi-

tional attitudes. Hence, a vertex vi of type Entity can be connected with a vertex vx of type Topic

via edge vi ↔ vx of type Attitude. Similarly with Relationship, Attitude is characterized by wix ,
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Fig. 2. An overview of the proposed framework for the unsupervised and domain-agnostic polarization
knowledge extraction from news articles.

which indicates the attitude of the entity vi towards the topic vx with values ranging from -1 (ex-
tremely opposed) to 1 (extremely supportive). We refer to entities, fellowships, dipoles, topics, and
attitudes as ‘‘Polarization Knowledge (PK).”

PDM and Polarization Knowledge: The Polarization Data Model (PDM) integrates both struc-
tural and content-based dimensions of polarization. Structurally, the model represents relation-
ships between entities through Relationship and Conflict edges, which capture interactions and op-
position between individuals or groups, key elements in analyzing group formation and structural
polarization. Content-wise, the model leverages Attitude edges to connect entities with specific top-
ics, reflecting their stance towards those topics, revealing ideological differences in opinions on key
issues. Additionally, by modeling negative relationships and conflicts, it captures the tensions and
hostilities that arise between polarized groups [43]. The PDM also spans the individual-collective
spectrum [46], as it models both individual entities and fellowships/dipoles, making it versatile for
studying polarization at various societal levels.

3.3 Unsupervised Extraction of Polarization Knowledge from News Articles

3.3.1 Framework Overview. Our framework is designed to facilitate the study of polarization
in news media across diverse domains, making it a valuable tool for researchers, analysts, and
scholars in fields such as political and social science, as well as computer science. It unsupervisedly
extracts polarization information in line with the Polarization Data Model (PDM). This process
involves a series of transformation procedures that allow users to (i) analyze polarization in
specific use cases, and (ii) integrate the concept of polarization into their ongoing research.
This approach ensures that our framework is both versatile and applicable in diverse research
contexts.

The onboarding begins with users submitting the configuration parameters through our frame-
work’s programming interface, initializing the overall pipeline as depicted in Figure 2. Once ini-
tialized, our framework activates parallel News Collectors, which retrieve relevant news articles
from the GDELT database, filtering the articles based on the user-defined parameters. Following
article retrieval, the Named Entity Recognition and Linking (NERL) process identifies and dis-
ambiguates key entity mentions. This step produces a set of entities (V ) and the sentences they
appear in (S). The pipeline then proceeds to generate the Sentiment Attitude Graph (SAG) through
the Entity-to-Entity Relationship Extraction and Entity-to-Entity Attitude Extraction components.
Subsequently, our framework identifies polarizing fellowship dipoles by extracting fellowships (F )
and generating dipoles (D). For each dipole, discussion topics are extracted, and the polarization
level of each topic is quantified. Intermediate results are stored for reproducibility, optimization,
error recovery, and in-depth analysis. As an output, our framework generates the polarization in-
formation for the specified study subject, which includes the: (i) SAG, (ii) fellowships, (iii) polarized
dipoles, and (iv) polarizing topics.
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Technical Details: To enhance accessibility and facilitate collaboration, we have implemented
the proposed framework as a Python package.1 The developed package can seamlessly integrate
with Jupyter notebooks to increase reproducibility and ease-of-use. Our framework operates as
a modular system, allowing users to customize their analysis by selectively enabling or disabling
specific components. This modular design empowers researchers to tailor the framework to their
specific needs. For instance, users can bypass the news collection step when working with pre-
existing datasets or exclude topic extraction when focusing on predefined thematic areas. The
proposed framework is designed for efficiency, employing a multi-process approach to execute
each pipeline step in parallel, maximizing processing speed. Additionally, it can be extended to
operate within distributed computing environments, making it suitable for handling large-scale
tasks and resource-intensive analyses. More details are presented in the subsequent sections.

3.3.2 Retrieval of News Articles. News articles are the primary data source for our framework.
While most existing polarization studies rely on messages circulating in Online Social Networks
(OSNs) [2, 7, 23, 31, 87], which are typically short, noisy, and informal [31], news articles offer
longer, more formal, and descriptive content. This richness makes them a more reliable source for:
(i) Extracting detailed knowledge about polarizing topics, their semantics, and structure; and (ii)
Identifying factors that may contribute to or mitigate polarization. Furthermore, evidence suggests
that attitudes expressed in news articles (e.g., bias or hyper-partisanship) play an important role
in instigating polarization [2, 7], influencing both elite discourse and potentially affecting mass
public opinion [11, 46]. By analyzing news articles, our framework captures how polarization is
constructed and propagated through media narratives, offering insights into the dynamics of po-
larization at different societal levels.

Our framework requires two user-defined parameters to run: a theme, which sets the general
topic of the study, and a time-span, which limits the focus of the inquiry to a particular time frame.
These parameters guide the granularity and scope of the analysis but do not pre-define specific
categories or labels, as in supervised approaches. The framework operates in an unsupervised
manner, meaning it does not rely on pre-labeled datasets or controlled case studies. Instead, it al-
lows users to specify the general area of interest, and the system autonomously extracts relevant
entities, fellowships, and topics from large-scale news data without the need for prior supervision
or case-specific training. For instance, to study polarization during the COVID-19 pandemic in
the US, users can define the theme as “US COVID-19 Pandemic” and specify the period between
2020 and 2021. Alternatively, for a more confined study, users might set the parameters to “US

COVID-19 Vaccine Candidates” and the period from March to July 2021. Parallel News Collectors
are activated to retrieve relevant news articles from the GDELT Project—a large, open database of
global news articles. The News Collectors automatically map locales using gazetteers (e.g., convert-
ing “US” to “United States”) and filter content using relevant keywords associated with the theme
(e.g., “COVID-19” and “pandemic”). The system also ensures that articles align with the specified
theme by checking the presence of keywords in the article’s title or URL and applying date filters
to fit the specified time-span.

3.3.3 Extracting Entities and their Relationships. Entities are fundamental components of the
proposed framework as they populate the social and political groups being studied [80]. In order
to populate the Sentiment Attitude Graph (SAG), the location and classification of entities men-
tioned in the input corpus is required. To address this, we apply Named Entity Recognition
(NER), which is a subtask of Information Extraction (IR) that aims to identify named entities
mentioned in unstructured text and categorize them into pre-defined categories [86]. We utilize a

1https://pypi.org/project/XXXXXX - The URL is omitted due to double-blind reviewing.
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pre-trained BERT-based transformer model [25] for NER. This model, trained on the CoNLL-2003
annotated dataset [79], is adept at identifying and classifying entities within text as sequences of
tokens, each associated with specific entity types. When processing a news article, our method
identifies mentions of entities and their corresponding sentences. For each sentence si , the model
identifies a set of entities Vsi

mentioned in that sentence. The output is thus a collection of anno-
tated sentences, represented as S = (si ,Vsi

), . . ., effectively pairing each sentence with its set of
identified entities.

A challenge that arises from the implementation of NER is the large dimensionality resulting
from the fact that mentions of the same entity are not recognized as such. For example, references
to “Trump”, President Trump”, and “Donald Trump”, are treated as if they refer to distinct entities.
A solution to this is the assignment of a unique identifier to each entity mention via an existing
knowledge source, such as Wikipedia,2 which can be accomplished through Named Entity
Linking (NEL) [69]. The NEL task consists of two steps: (i) finding entity candidates; and (ii)
collective disambiguation.

NEL using Wikidata: To identify the entity candidates, we utilize a snapshot of the Wikidata
Knowledge Graph (WKG)3 with approximately 1 billion item entries and 1.1 TB of data. For
efficient access and retrieval, we index the Wikidata entries in Elasticsearch.4 To obtain the entity
mention candidates, we first extract a small set of potential entities from the World Knowledge
Graph (WKG) for each entity mention in the dataset S . This retrieval is achieved through a string
similarity query executed over Elasticsearch. The query utilizes the Token Sort Ratio (TSR) mea-
sure, a technique that breaks down the entity mentions into individual components, known as to-
kens. These tokens are then sorted alphabetically before being compared. The comparison is based
on a ratio mechanism, which calculates the similarity between the sorted tokens of the entity men-
tion and the entities in the WKG. Candidates are selected based on their TSR score; any KG vertex
with a TSR score of at least 0.5 is deemed a candidate, implying that there is at least a 50% string
similarity between the mention and the potential entity. We then perform collective disambigua-
tion over the selected candidate entities. Traditional Named Entity Linking (NEL) methods utilize
machine learning models that require large training corpora and extensive feature engineering.
In contrast, we employ a more optimal and domain-agnostic solution by encoding the WKG ver-
tices in vectors of low-dimensional space, called vertex embeddings [58]. Vertex embeddings refer
to dense vectors that are able to capture the structural properties and relationships of the vertex
within the graph. These embeddings enable complex graphs like the WKG to be represented in
a format suitable for machine learning algorithms. By reducing the high-dimensional data of the
graph into a more manageable form, vertex embeddings facilitate more efficient processing and
analysis, allowing for the application of various data-driven techniques that can discern patterns
and insights from the graph’s structure. We train the WKG vertex embeddings using the DeepWalk
algorithm [61] with the suggested configuration by the authors [58]. The DeepWalk algorithm was
selected as it efficiently learns a latent representation of adjacency matrices in WKG, can be ex-
ecuted in an online manner, and is scalable and parallelizable. To determine the most suitable
candidate vertex for each mention, we calculate the semantic similarity between entities. This is
done by assessing the cosine similarity between their respective vertex (i.e., entity) embeddings.
To simplify this process and make it more computationally efficient, we implement a greedy opti-
mization algorithm [58]. This algorithm aids in refining and updating the annotated set of entities,
denoted as S .

2https://www.wikipedia.org/
3https://www.wikidata.org/
4https://www.elastic.co/
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3.3.4 Entity-to-Entity Relationship. Within the context of the proposed PDM, the identifica-
tion of entities and their pair-wise relationships is essential in order to ensure the accuracy and
relevance of the Sentiment Attitude Graph. Thus far, we have successfully identified and disam-
biguated entities within each article by employing Named Entity Recognition (NER) and Named
Entity Linking (NEL) techniques. However, a significant challenge arises in the computational mod-
eling and identification of relationships between these entities to guarantee a strong likelihood of
their real-life cohesion. To address the challenge of identifying real-life relationships between en-
tities, we apply a method based on quantifying the frequency of entity-pair co-occurrences within
our corpus, as in Eckhardt et al. 2014 [27]. Typically, the distribution of these frequencies is left-
skewed, meaning that while most entity pairs co-occur infrequently, a few pairs do so much more
regularly. To distinguish meaningful relationships, we set a frequency threshold. Only entity pairs
that exceed this threshold are included in the Sentiment Attitude Graph (SAG), ensuring that their
co-occurrences are likely indicative of genuine relationships. This method also helps keep the SAG
at a manageable size for further analysis. In our framework, we specifically select entity pairs that
fall within the top 95th percentile of all pair frequencies, thereby focusing on the most relevant
and significant relationships in the dataset.

3.3.5 Calculation of the Nature of Entity Relationships. The nature of an entity relationship can
be described as positive, neutral, or negative. A positive relationship indicates a possible friendship
and supportiveness between the entities, whereas a negative relationship indicates opposition and
hostility. The lack of these characteristics indicate a neutral relationship. For instance, an entity
representing an individual, such as a political leader, can have a distinctly positive or negative
relationship with another entity, like a specific policy or organization.Similarly, collective entities
like political parties, countries, or religions, can also engage in relationships that are characterized
by these sentiment attributes. The nature of the relationship, whether positive, negative, or neu-
tral, is thus a function of the entities’ interactions and stances towards each other, encompassing
a wide array of entity types and contexts. A simple method to determine the nature of an entity
pair relationship from text, is to capture the contextual sentiment of the sentences that the entity
pair co-occurs within. While this method offers initial insights, it has limitations, such as not ac-
counting for grammatical dependencies between words or the presence of multiple entities within
a sentence [4]. To address these limitations, we propose a method for sentiment attitude identifi-

cation [20, 66], a task that concentrates on discerning the positive or negative attitudes directed
from one element in the text to another. Specifically, we identify the explicit syntactical depen-
dency paths between entity pairs and calculate their sentiment scores. This method effectively
addresses the limitations of simpler sentiment analysis approaches by focusing specifically on the
syntactical relationships between entities within a sentence, providing a more targeted assessment
of their interactions.

Given a sentence si , we identify entity-pairs (vx ,vy ) within SAG, where vx is the atti-

tude holder, and vy is the attitude target. Figure 3 illustrates a descriptive example of the pro-
posed method. The sentiment attitude from vx towards vy is calculated as att(si ,vx ,vy ) ∈

{positive,neutral ,neдative}. Our method employs syntactical dependency paths to ascertain the
direction of sentiment between entities in a text. These paths are constructed using dependency la-
bels that define the grammatical relationship between words in a sentence [57]. Such dependency
labels include nsubj (nominal subject), representing the subject of a verb; dobj (direct object), in-
dicating the object that the verb is directly acting upon; ccomp (clausal complement), which con-
nects a verb to a complement clause; and nmod (nominal modifier), used for modifiers of nouns
or clausal predicates. Based on these labels, we apply specific syntactical rules for sentiment atti-
tude identification [20]: (i) the dependencies between the subject nsubj and direct object dobj of
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George Floyd was murdered by Derek Chauvin .

compound

nsubj

compound

dobj

Fig. 3. The holder of attitude is “George Floyd”, and the target is “Derek Chauvin”. The dependency path
between the two contains only the word “murdered”, which satisfies the first dependency pattern of being
between nsubj and dobj. nsubj stands for “nominal subject” and refers to the noun phrase that functions as
the subject of a clause. dobj stands for “direct object” and refers to the noun phrase that receives the action
of the verb in a sentence. Due to the word “murdered”, the overall sentiment attitude is neдative .

the sentence si ; (ii) the dependency pattern of (nsubj, ccomp,nsubj) of si ; and (iii) an indicator of
nmod : aдainst , a negative relation (nominal modifier) between the two entities within si . Once
these dependency paths are established, we calculate a sentiment score for each path. This score
quantifies the sentiment attitude, positive or negative, between the connected entities. The pseu-
docode of the sentiment attitude extraction is available in the Appendix A. This approach offers
flexibility, allowing the sentiment calculation component to be adapted to the domain, such as
using the MPQA lexicon [85] for news or the Loughran-McDonald lexicon [50] for finance.

Taking into account that SAG is an undirected graph, the bi-directional entity relationships are
considered. For each entity pair, both att(si ,vx ,vy ) and att(si ,vy ,vx ) are calculated. An average
aggregation of the sentiment attitudes between the entity pair vx and vy is computed as wxy ,
populating the edges (vx ,vy ,wxy ) of SAG.

3.3.6 Identifying the Entity Fellowships: In conventional graph partitioning, node fellowships
are defined as densely-connected endorsement subgraphs, which can be computed by commu-
nity detection algorithms. However, subgraph density alone is not indicative of supportive re-
lationships amongst subgraph nodes; consequently, typical community detection algorithms are
not adequate for computing fellowships in our modeling framework. Instead, we need to identify
densely-connected subgraphs, which contain predominantly positive edges. Therefore, we model
the computation of SAG fellowships as a signed-network clustering (SNC) problem [77]. SNC
analyzes undirected graphs with both positive and negative edges and aims to identify clusters
with dense internal connections, primarily positive, and inter-cluster connections that are pre-
dominantly negative. Several algorithms that have been proposed in the literature to solve the
SNC problem require as input a predefined number of clusters k , which is undesirable in our case
as the size of SAG and the number of its fellowships are not known in advance. Furthermore,
SNC algorithms that do not require a predefined cluster count rely on modularity, which has been
shown to suffer from a resolution limit, making the detection of small communities difficult [30].
To overcome these limitations, the authors in [28] introduced SiMap, which is an extension of the
Constant Potts Model (CPM) to be applicable on signed networks. CPM overcomes the modu-
larity resolution limit by utilizing an objective function denoted as:

H (G,C) = −
∑

c

(wc − λN
2
c )

where G is a graph and C is a clustering scheme with clusters c ∈ C . The value of wc corresponds
to the sum of weights of c , and Nc is the number of vertices in c . The parameter λ ∈ [0, 1] is the
constant used to configure the resolution that the objective function is applied to. By sliding λ from
0 → 1, CPM can generate smaller and denser clusters, thus, overcoming modularity’s resolution
limit. SiMap method extents CPM to signed graphs, with the extension denoted as:

H (G,C) = −α
∑

c

(w+c − λN
2
c ) + (1 − α)

∑

c

(w−c − λ
−N 2

c )
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where λ− is the resolution constant of the negative ties in the clusters, α denotes the contribution
of the positive edges against the negative ones, andw+c andw−c denote the sum of positive weights
and absolute sum of negative weights respectively for cluster c . The value of λ− is set to 0 in order
to produce dense positive and negative-free clusters. α is set to 0.5 to equally weigh positive and
negative edges in clusters, making the objective function:

H (G,C) = −0.5
∑
(wc − λN

2
c )

CPM is optimized iteratively, using a local update formula denoted as ΔH = wck − wc ′k +

2λNk (Nc ′ − Nc ). The formula is applied on the transfer of k vertices from cluster c to c ′, if this
transfer maximizes the objective value. The value ofwi j equals to the sum of weights from cluster
i to j. For the optimization of signed CPM, positive (G+) and negative (G−) graphs are treated
separately, resulting in:

ΔH (G,C) = αΔH (G+,C) − (1 − α)ΔH (G−,C)

As a result, SiMap accepts a resolution parameter λ instead of the number of clusters k , and is
able to produce smaller and denser partitions, thus overcoming the resolution limit. Therefore, we
apply SiMap for the identification of the set of entity fellowships F from SAG, setting λ = 0.05 as
suggested by [28].

3.3.7 Extracting the Fellowship Dipoles: In our framework, we introduce the concept of dipoles
to capture the structural conflict and polarization between pairs of fellowships. To identify dipoles,
however, we need to define and quantify some metric of the polarization between all possible pairs
of fellowships. We approach this by viewing the Sentiment Attitude Graph (SAG) as a signed net-
work and applying structural balance theory (SB) [17] to define structural polarization. Accord-
ing to SB, a signed graph is balanced if and only if (i) all its edges are positive or (ii) its nodes
can be partitioned into two disjoint sets such that positive edges exist only within clusters and
negative edges are only present across clusters. The concept of SB is relevant because balanced
structures in a network, characterized by consistent positive or negative relationships, have been
linked to polarization [76]. A balanced graph, therefore, represents two distinct and opposing fel-
lowships, indicating a state of high polarization. To measure the SB of a signed graph, the majority
of approaches utilize triads, sub-graphs consisting of three interconnected nodes within the larger
graph. SB theory dictates that a network’s balance can be gauged by inspecting these triads for
an odd number of negative edges, as outlined by Cartwright and Harary, 1956 [17]. Such a con-
figuration in a triad indicates underlying tension or conflict, and points to an imbalance in the
larger graph. Within our framework, a dipole is deemed structurally balanced if it does not con-
tain any such imbalanced triads. To measure balance, we employ the frustration index [8], a metric
that identifies the minimum number of edge sign alterations required to achieve balance, thereby
quantifying the structural imbalance in a dipole and, by extension, the polarization between the
associated fellowships.

Frustration Index: Given a graph G(V ,E) with vertices V and edges E, the set E∗ represents the
minimum deletion set of edges that result in a balanced graph. The frustration index L is deter-
mined by the size of the smallest set of edges in G that need to be deleted for balance, denoted
as L(G) = |E ∗ |. The exact algorithmic computation of L(G) is closely related to NP-hard graph
problems, such as k-coloring. There exist several estimation approaches for the calculation of L(G),
which model it as a global optimization problem. These methods approximate the frustration in-
dex, L(G), by using its upper bound, expressed as L(G) ≤ m−, wherem− represents the number of
negative edges in the graph. This implies that by removing all negative edges, the graph becomes
balanced with only positive connections. L(G) generates an arbitrary count of edges, which varies

ACM Trans. Soc. Comput., Vol. 8, No. 1-2, Article 5. Publication date: January 2025.



A Framework for the Unsupervised Modeling and Extraction of PK from News Media 5:15

depending on the graph G. To standardize this number, we utilize the normalized frustration in-
dex [9], denoted as L′(G) = 1− (L(G)/(m/2)), which adjusts the values into a consistent scale from
0 to 1, with 0 being totally imbalanced, and 1 perfectly balanced.

Given a dipole Di j between fellowships Fi and Fj , we calculate its frustration index as L′(Di j ).
Dipoles with higher frustration index indicate a higher probability of a polarized state. To identify
polarized dipoles, we apply a threshold, considering only those with a frustration index ≥ 0.7.

3.3.8 Extracting Dipole-specific Discussion Topics. The identification of topics within a given
corpus is referred to as topic modeling. This process typically involves the use of statistical meth-
ods, such as LDA [45], on large collections of texts. In the context of fellowship dipoles, the identifi-
cation of topics is required to be done from a limited number of sentences where the dipole entities
co-occur. Given a dipole Di j between fellowships Fi and Fj , the topics are to be identified from sen-
tences SDi j

⊆ S . An example sentence between entities of Republican Party and Democratic Party

in the context of the COVID-19 pandemic in the US5 is presented below:

Sentence: “The massive gap between Republicans and Democrats on vaccinating kids.”

An observation that we can make on the example above, is that a large portion of the sentence’s
information pertains to the identified entity mentions, which are used within the SAG. Therefore,
to avoid redundancy and focus on uncovering new topics in the dipole topic identification process,
we mask these entities within the sentence, effectively excluding them from further analysis:

Excluded Entities: “The massive gap between < E1 > and < E2 > on vaccinating kids.”

As these sentences are significantly smaller than the complete articles, the task of identifying
discussion topics from entity co-occurring sentences is not achievable using conventional topic
modeling techniques. From the example sentence, the topic of discussion seems to be the vacci-
nation of children in the context of COVID-19. Linguistically, this is represented from the noun
phrase (NP) of “vaccinating kids”. Grammatically, an NP functions as a noun in a sentence. One
way to identify the NPs of a sentence is using constituency parsing [86], the task of segmenting a
text into sub-phrases or constituents. By applying constituency parsing in the previous example,
the NPs retrieved are “massive gap”, “Republicans”, “Democrats”, and “vaccinating kids”. The NPs
of “Republicans” and “Democrats” coincide with the identified entities and therefore are ignored.
The NP of “massive gap” is the linguistic component that represents the negative sentiment atti-
tude between the two entities. To identify the dipole-specific discussion topics, we propose the use
of semantic clustering of sentence-level NPs. This approach has demonstrated the ability to cap-
ture the underlying topics of discussion in text and is commonly employed in techniques such as
topic modeling [36] and keyword extraction [62]. Further details are elaborated in the subsequent
sections.

Noun Phrase Representation: In order to cluster the NPs identified from the dipoles, a method
of representation that captures their semantic meaning must be employed. Within the field of NLP,
this is typically achieved through the use of a language model [25]. Common language models uti-
lized include N-Grams, Bag-of-Words (BoW), and TF-IDF, which are used to create informative
and similar textual clusters. However, it has been found that such approaches fail to effectively
capture the semantic meaning of phrases, resulting in sparse results with multiple clusters repre-
senting semantically similar topics. An example of this can be observed in the noun phrase “vacci-

nating kids”, which bears the same semantic meaning as “inoculating children” and “immunization

of youngsters”, yet has a significantly different lexical representation from the rest.

5https://www.washingtonpost.com/politics/2021/12/10/massive-gap-between-republicans-democrats-vaccinating-kids/
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Democrats   are   more   in   favor   with   children   vaccinations  . 

nsubj
compound

dobj

The    majority    of    Republicans    oppose    the    vaccination    of    children  . 

nsubj compound

dobj

Fig. 4. The syntactical dependency diagram of two sentence examples.

A novel approach to language modeling that addresses this issue is the use of word embeddings,
namely distributed representations for text that allow words with similar meaning to have similar
representations. The distributed representation is learned based on the usage of words, resulting
in words that are used in similar ways having similar representations and naturally capturing
their meaning. This can be contrasted with the representation in a BoW model, where different
words have different representations regardless of how they are used. The approach is grounded
in linguistic theory, specifically the “distributional hypothesis” [38], which posits that words that
have similar context will have similar meanings. As a result, word embeddings associate each word
with a real-valued vector with several hundreds of dimensions, in contrast to the thousands (or mil-
lions) of dimensions required for sparse word representations such as a BoW. One notable method
of word embedding is BERT (Bidirectional Encoder Representations from Transformers),
developed by researchers at Google AI Language [25]. BERT has received significant attention in
the NLP and ML community for its state-of-the-art results in a wide variety of NLP tasks, including
language interpretation and similarity.

Specifically, for each dipole Di j , we first extract Noun Phrases (NPs) from SDi j
and convert them

into BERT word vectors. These vectors are then grouped into clusters based on semantic coherence.
To identify these clusters without predefining their number, we utilize Hierarchical Agglomer-
ative Clustering (HAC) [51]. HAC replaces the need for a predefined number of clusters with
a cutoff threshold, which we set at 0.20. This threshold, based on cosine distance, ensures that
the NPs in each cluster share at least 80% semantic similarity. The clusters formed by this process
represent the collection of discussion topics within the dipole, denoted as TDi j

.

3.3.9 Quantifying Topic Polarization. As opposed to structural polarization (see Section 2), con-
tent or topical polarization refers to the degree of attitude disagreement between entities of a dipole
on a particular topic. In order to determine the polarization of a given dipole topic, we must iden-
tify the sentiment attitudes of the dipole’s entities towards the topic. In our framework, topics are
identified as clusters of Noun Phrases (NPs) that are semantically similar and appear in sentences
where entities co-occur. We then calculate the sentiment attitude of these entities towards the NPs
associated with each topic. This is feasible by adapting the sentiment attitude approach outlined
in Section 3.3.5, in which, instead of a target entity vy within a given sentence, we define a target
NP denoted as npy . We then calculate the attitude as the sentiment score att(si ,vx ,npy ) for each
dependency path between the entity and the NP. An example of this can be seen in the two sen-
tences depicted in Figure 4. The first dependency rule from Section 3.3.5 applies in both instances,
generating the path of {“Democrats”, “favor”, “children vaccinations”}, and {“Republicans”, “oppose”,
“vaccination of children”} respectively. The paths indicate a positive attitude originating from the
entity of “Democratic Party” towards the NP of “children vaccinations”, and a negative attitude orig-
inating from “Republican Party” towards “vaccination of children”, with both NPs representing the
topic of “children vaccination”. Consequently, given a dipole’s Di j discussion topic tz ∈ TDi j

, the set
sentiment attitudes Atz

expressed from dipole fellowship entitiesvx ∈ Fi ∪ Fj towards tz is quanti-
fied as att(si ,vx ,npy ), where si is a sentence where the entityvx and topical NP npy co-occur. The
step-by-step process of topic polarization quantification is available in Appendix A.

Quantifying Polarization Index: Having obtained the set of entity sentiment attitudes for a
given dipole topic, we can quantify the degree of attitude disagreement as a measure of the topic’s
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polarization. Various methods of calculating the attitude disagreement [14] include the use of
spread (or range), which measures polarization as the distance between the minimum and maxi-
mum sentiment attitude values, and dispersion (or variance), which identifies polarization as the
presence of a bimodal distribution in the set of attitudes. However, the spread approach may not
accurately capture polarization in cases where the minimum and maximum attitude values are
outliers and not representative. Therefore, dispersion-based approaches are more suitable for this
purpose. In our framework, we employ the polarization index, which was proposed by Morales
et al. 2015 [54]. As stated by the authors, “a population is perfectly polarized when divided into two

groups of the same size and with opposite attitudes.” In the context of our work, “population” is de-
fined as the set of topic sentiment attitudes Atz

. The polarization index, denoted as μ, is defined as:

μ = (1 − ΔA)δA

where ΔAtz
is the normalized difference in set sizes between the positive and negative sentiment

attitudes,A+ andA−, respectively. δA is the attitude difference and is calculated as δ = |дc+−дc−|/2,
with дc+ and дc− equal to the average attitude values of A+ and A−, respectively. The values of μ
range from 0 to 1, with μ = 1 indicating perfect polarization and μ = 0 indicating no polarization.

4 Experiments and Evaluation

Evaluating polarization is inherently challenging due to the complex and evolving nature of politi-
cal discourse, as well as the diversity of political ideologies and attitudes. Additionally, the scarcity
of annotated data adds another layer of difficulty to the evaluation process. In response to these
challenges, we have enhanced the current framework by structuring the evaluation around key
aspects of Polarization Knowledge (PK), as defined in the Polarization Data Model (PDM). Specifi-
cally, our methodology evaluates polarization at the entity, fellowship, and topic levels, providing
a robust and multi-faceted assessment.

To ensure the validity of the evaluation results, we conduct a separate evaluation process for
each level of PK. This evaluation process involves the use of external sources and the manual
annotation of data by a team of three annotators with a CS background, including one experienced
annotator, and two MSc students. We define a series of questions to guide the evaluation:

Q1. What is the effectiveness of our framework in capturing entity attitudes towards various
discussion topics, particularly in comparison to other methods, when taking into account
known attitudes from external sources?

Q2. What is the extent of alignment between politically cohesive fellowships identified and
their official party manifestos in terms of their overall attitudes towards different discussion
topics?

Q3. What is the accuracy in extracting the discussion topics of a domain and how effective is it
in capturing the per-topic polarization degree compared to other methods?

To evaluate entity-to-topic attitudes (Q1), we compare the output of our framework with ground-
truth data collected from external platforms, such as OnTheIssues and BallotPedia.6 We use stan-
dard metrics of precision, recall, and F1-score to measure its performance. In evaluating politically
cohesive fellowships (Q2), we assess the ability of our framework to identify and extract politi-
cally cohesive groups and measure their alignment with official party positions on specific policy
issues. We use metrics of precision, recall, F1-score, and AUC to measure the level of agreement of
politically cohesive groups regarding entity-members’ political ideologies and attitudes towards
different topics, as compared to their respective party manifestos. To evaluate topic-level polar-
ization (Q3), we rank discussion topics in terms of their level of polarization as calculated by our

6https://ballotpedia.org
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framework, compared to a ground-truth ranking constructed using an annotation methodology
from the literature [40]. The evaluation is carried out by measuring the ranking agreement be-
tween the two lists using the Ranked-biased Overlap (RBO) metric [83].

We conduct the proposed evaluation on three case studies of Abortion, Immigration, and Gun
Control. We first present the statistics on the application of our framework on each case study,
including the extraction of their respective PDMs. To prepare the ground-truth datasets for the
evaluation of each polarization level, we outline our annotation procedures. We evaluate each
level by comparing our framework’s performance against those of existing methods.

4.1 Evaluating on Abortion, Immigration, and Gun Control

The issues of Abortion, Immigration, and Gun Control are chosen as case studies for the evalu-
ation. These issues have been acknowledged as historically contentious and politically divisive,
as they are relevant to a wide range of policy areas, including social welfare, human rights, and
healthcare, as well as national security and public safety [65]. In the US political context, distinct
and polarized positions on these topics have been taken by the Democratic and Republican par-
ties [18]. The Democratic party is known to support a woman’s right to choose and have access
to safe abortion, as well as a more liberal approach to immigration and gun control. On the other
hand, the Republican Party is generally known for supporting pro-life policies, advocating for
restrictions on abortion, and taking a more restrictive approach to immigration. Regarding gun
control, the party opposes restrictive regulations, favoring broader firearm access and protecting
Second Amendment rights.

To alleviate the limitations of available datasets, our evaluation focuses specifically on the po-
litical conflict between the Democratic and Republican parties in the United States. This is due to
the abundance of information and prior knowledge that exist for these groups regarding the case
studies. The availability of data on these issues makes it possible to conduct a thorough analysis
and evaluation of polarization knowledge, and to gain insights into the ways in which polarization
is shaping public opinion and influencing political outcomes.

4.1.1 Dataset Description. For the evaluation of the Abortion, Immigration, and Gun Control
case studies, we utilize the datasets from the work of Roy and Goldwasser 2020 [65], consisting
of 16,475 news articles annotated with the political bias of their sources and topics and subframes
that are points of polarization. The political bias of sources is annotated on a Left-Right political
spectrum. The datasets have 20, 22, and 19 topics for Abortion, Immigration, and Gun Control, re-
spectively. The authors focus on identifying polarizing subframes within news articles by building
topic-specific lexicons using repeating expressions and grouping them into subframes, resulting
in three lexicons for each topic. The subframes were then identified through the use of human
knowledge by extracting talking points from Wikipedia7 and OnTheIssues,8 resulting in multiple
subframes for each case study (see Appendix A). The methodology and definition of subframes by
Roy and Goldwasser 2020 are similar to the approach used in our framework, which utilizes Noun
Phrases (NPs) for the identification of polarizing topics. In the context of the dataset, subframes
can be considered equivalent to topics for evaluating polarization knowledge.

4.1.2 PDM and Polarization Knowledge. In the process of evaluating the proposed framework,
we utilized as input the Abortion, Immigration, and Gun Control news corpora. The statistics of the
order of the PDM and SAG for each case study are summarized in Table 2. Following the identifica-
tion of relationships and statuses of the entities, the SAG for each case study was constructed with

7http://wikipedia.org
8https://www.ontheissues.org
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Table 2. Statistics on the PDM for Each of the Case Studies

Abortion Immigration Gun Control

Entities 8,113 18,409 15,217

SAG Nodes 228 459 194

SAG Edges 523 1,440 478

Fellowships 49 156 69

Dipoles 16 34 42

Noun Phrases 107,521 298,918 201,419

Topics 533 2,517 1,262

228 entities and 523 relationships for Abortion, 459 entities and 1,440 relationships for Immigration,
and 194 entities and 478 edges for Gun Control. The identification of entity fellowships resulted in
49, 456, and 69 fellowships extracted from each case, respectively. These fellowships participated in
16, 34, and 42 dipoles respectively, filtered based on their structural polarization. In terms of the dis-
cussion topics, our framework identified the unique NPs for each case study: 107,521 NPs for Abor-
tion, 298,918 NPs for Immigration, and 201,419 NPs for Gun Control. After applying the semantic
clustering process to these NPs, we were able to group them into distinct topics—specifically, 533
topics for Abortion, 2,517 topics for Immigration, and 1,262 topics for Gun Control.

Specifically, in the abortion case study, our framework effectively identified key polarized enti-
ties such as the Republican and Democratic parties, Planned Parenthood, and prominent religious
organizations, such as the Catholic Church and Christianity. It further revealed the formation of
distinct fellowships, grouped by their political ideologies (conservative vs. democratic), stances on
abortion (anti-abortion vs. pro-choice), and views on healthcare policies and religious beliefs. The
framework also uncovered highly polarized topics like “pro-life vs. pro-choice,” “partial-birth abor-
tion,” “fetal tissue”, and “taxpayer-funded abortion,” demonstrating the framework’s capability to
highlight the focal points within the abortion debate.

4.2 Polarization Knowledge Annotation

4.2.1 Entity-level Polarization Annotation. At the entity level, the evaluation concentrates on as-
sessing the framework’s ability to identify the attitudes of entities towards topics and comparing
it to the true entity attitudes, captured in the Ground-Truth (GT), which is created by manually
annotating data from the OnTheIssues platform. This platform contains quotes and votes from
various politically affiliated entities on issues such as Abortion, Immigration, and Gun Control,
collected from newspapers, articles, press releases, and speeches. By utilizing this platform, rele-
vant quotes from politically affiliated entities in the SAG are identified and annotated, based on
their connection to the topics of each case study, as well as their supportive or oppositional attitude
towards the respective topic. The methodology for this process is depicted in Figure 5

For example, to illustrate the process, consider the entity of Joe Biden and his quotes on the topic
of Abortion. Initially, the entity “Joe Biden” and the case study “Abortion” are used to collect the
relevant quotes through the Quotes database, which are then fed to the Annotation Platform. An
example of a relevant quote from Joe Biden is “Expand embryonic stem cell research.” (June 2004).
Here, we invite the annotators, through the topics related to Abortion, to determine the extent to
which the above quote expresses a positive or negative attitude towards the topics. If the quote has
nothing to do with a topic or expresses neither a positive nor a negative attitude, it is considered
to be neutral. This particular example is determined to express a positive attitude towards the
topic of “Stem Cell Research”. After all the quotes are annotated, we construct the Entities Topic
Attitude GT by aggregating the entity attitudes per topic. Consequently, with the completion of
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Fig. 5. An overview of the PK annotation methodology.

the entity-level annotation process, we extract the attitudes for 24, 23, and 16 entities for Abortion,
Immigration, and Gun Control, respectively.

4.2.2 Fellowship-level Polarization Annotation. At the fellowship level, our evaluation targets
the attitudinal alignment between fellowships that are politically cohesive and their respective
party manifestos. We define a fellowship as politically cohesive if the majority political leaning
of its entities is ≥ 75% towards a specific political party, thereby considering such fellowships
as ideologically aligned. As previously mentioned, political groups often adopt official platforms
outlining their positions on various issues. These party manifestos can provide insight into the
official attitude of the party towards the issue at hand [18]. Therefore, quantifying the degree of
alignment between the attitudes of an ideologically cohesive fellowship and the official attitudes
of the respective party towards the topics can provide an indication of the effectiveness of our
framework in capturing the attitudinal and ideological fellowship characteristics.

To derive representations of official party politicians we collect party manifestos from the Demo-
cratic and Republican parties for the time period encompassed by the case study news corpus [81].
Specifically, we fetch the relevant sections of a specific Party’s Manifestos and feed them into an
annotation platform where annotators note the positive or negative attitude expressed by each
statement towards the case study topics. If a statement has no relation to the topic or expresses
neither a positive nor negative attitude, it is considered to be neutral. For example, the following
statement from the 2016 Democratic Party manifesto relates to the topic of Abortion: “The Presi-

dent and the Democratic Party believe that women have a right to control their reproductive choices.”.
In this case, the annotators would note that the statement expresses a positive attitude towards
“Reproductive rights” and “Pro-choice” and a negative attitude towards “Anti-abortion”. After the
annotation process is completed, the results are aggregated and a list is produced indicating the
official party attitudes towards the case study topics. The Democratic and Republican party topic
attitudes according to their manifestos for Abortion, Immigration, and Gun Control, are depicted
in Appendix A.

4.2.3 Topic-level Polarization Annotation. At the topic-level PK evaluation, the process of anno-
tation is not straightforward as there is no readily available information for the topic polarization
ranking, similarly to the entity and group level annotations. Therefore, we create a ground-truth
(GT) for the topic polarization ranking through the processing and annotation of each case study’s
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Table 3. Topic Tuples for Abortion, Immigration, and Gun
Control, Annotated as Having Direct Disagreement

Abortion Immigration Gun Control

Anti-Abortion Pro-Choice Minimum Wage Salary Stagnation Ban on Handguns 2nd Amendment

Pro-Life Pro-Choice Wealth Gap Minimum Wage Ban on Handguns Concealed Carry Reciprocity Act

Life Protection Planned Parenthood Cheap Labor Availability Minimum Wage Gun Control to Restrain Violence 2nd Amendment

Life Protection Pregnancy Centers Cheap Labor Availability Wealth Gap Gun Control to Restrain Violence Concealed Carry Reciprocity Act

Sanctity of Life Women Freedom Amnesty Dream Act White Identity Person of Color Identity

Late Term Abortion Roe V. Wade Amnesty DACA Right to Self-Defense Stop Gun Crimes

Right of Human Life Reproduction Right Family Separation Policy DACA

Abortion Provider Economy Abortion Funding Racial Identity Born Identity

Racial Identity Racism and Xenophobia

Born Identity Racism and Xenophobia

news corpus (as illustrated in Figure 5). We apply an annotation methodology similar to that pro-
posed by He et al. 2021 [40], which aimed to study the polarization between two conflicting stances
on topics related to US COVID-19 pandemic between Democrats and Republicans. The first step
of the annotation process involves the identification of discussion topics through news articles.
For our case studies on Abortion, Immigration, and Gun Control, we adopted predefined topics
from Roy and Goldwasser 2020 [65], as outlined in Section 4.1.1 and detailed in Appendix A. The
authors characterized these topics using specific word vocabularies, which we used to describe
each topic in our analysis.

We ask the annotators to identify pairs of topics (i.e., subframes) that describe a direct disagree-
ment between the topics. For example, in the case study of Abortion, the topics of “Anti-abortion”
and “Pro-Choice” describe a clear disagreement. The same applies with the topics “Pro-Life” and
“Pro-Choice”. On the contrary, there is no direct opposition between the topics “Pro-life” and “Abor-
tion Provider Economy” as defined by Roy and Goldwasser 2020 [65]. According to the definition
provided in their work (which can be found in Appendix A), “Pro-life” refers to anything related to
supporting life, including personalities, movements, or legislation. However, this definition does
not directly conflict with the topic “Abortion Provider Economy” which concerns statistics, ser-
vices, and/or profits of abortion providers. As a result, Table 3 presents the annotated topic tuples
per case study that express a direct contrast between them. This selection was based on identifying
articles that contained three or more keywords from each topic pair’s vocabulary. Among these,
we chose the 30 articles from each political leaning that had the highest frequency of topic-related
keywords. Subsequently, we tasked the annotators to label each article as 0 or 1 to indicate whether
the article expresses a supportive attitude towards a particular topic in the tuple, respectively. For
example, considering the topic tuple “Pro-life” and “Pro-choice”, the annotators label the article as
0 if it supports the first element of the tuple (i.e., Pro-life) and 1 if it supports the second element
of the tuple (i.e., Pro-choice). If the article does not express a clear attitude, it is labeled as -1. The
overall attitude of the corpus D towards a topic tupleu is quantified by counting the labels of 0 and
1 within the corpus for that specific tuple. The articles labeled with -1 are not counted because they
do not display a clear political standing. These counts are represented as Nu

D
(0) for the number of

0 labels and Nu
D
(1) for the number of 1 labels associated with tuple u. The overall attitude of the

corpus on the tuple is quantified as:

le(D,u) = (Nu
D (1) − N

u
D (0))/|D |

The resulting value of le(D,u) ∈ [−1, 1], where a value of -1 indicates a supportive attitude
towards the first topic of the tuple, 1 indicates a supportive attitude towards the second of the tuple,
and 0 indicates a neutral attitude or lack of clear polarization towards either topics. We compute
the ground-truth polarization score for a specific topic tuple u, comparing the liberal corpus with
the conservative corpus, denoted asDL andDR , respectively. We calculate the polarization score as:

α(DL,DR ,u) = |le(DL,u) − le(DR ,u)|/2 ∈ [0, 1]
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Table 4. Topic Polarization Rank list GT for Abortion

Topic Index Abortion Topic Tuples Normalized α

7 Right of Human Life Reproduction Rights 0.225

3 Life Protection Planned Parenthood 0.075

2 Pro-Life Pro-Choice 0.060

8 Abortion Provider Economy Abortion Funding 0.035

4 Life Protection Pregnancy Centers 0.020

6 Late Term Abortion Roe v. Wade 0.010

1 Anti-Abortion Pro-Choice 0.010

5 Sanctity of Life Women Freedom 0.005

(a) Abortion (b) Immigration (c) Gun Control

Fig. 6. Distribution of the number of entity-to-topic attitude observations in the cases of Abortion, Immi-
gration, and Gun Control. The figures depict a visible imbalanced between the observation numbers. Each
observation is the frequency of entity attitudes expressed toward topics.

A higher value of α signifies higher polarization level. Finally, the ground-truth polarization-
based topic ranked list between a Liberal corpus DL and a Conservative corpus DR is computed
based on the corresponding ground-truth polarization scores α(DL,DR ,u) for each topic tuple u.
We use this ranked list to identify the most polarizing topics in the corpora and to compare the level
of polarization between the Liberal and Conservative perspectives on those topics. Table 4 presents
the ground-truth Abortion polarization topic ranked list (the rest are available in Appendix A).

4.3 Effectiveness of Capturing Entity Attitudes Toward Topics

In order to evaluate the accuracy of capturing the entity-level PK (Q1), we utilize the metrics of
precision, recall, and F1-score for the comparison between the entity-to-topic values generated by
our framework and the GT data. However, a limitation that may affect the final performance scores
is the presence of a minimum number of comparison examples (24 entities for Abortion, 23 entities
for Immigration, and 16 entities for Gun Control), as well as an imbalance in the distribution of
attitude observations (i.e., sentences in news articles depicting attitudes from an entity towards a
topic). This is illustrated in Figure 6, which presents the unbalanced distribution of entity-to-topic
observations for GT entities.

To address the imbalance of observations for entity attitudes toward topics, we apply a weight-
ing scheme during the performance evaluation, based on the standard deviation of observations.
Specifically, for each entity v ∈ V and topic t ∈ T , the weight w is calculated as w = 1/(1 + std),
where std represents the standard deviation of entity attitude observations for the given topic.
These weights are then incorporated into the performance evaluation process. For each entity
e , we calculate the precision, recall, and F1-score for each topic t in the set of topics. However,
instead of using true positive, true negative, false positive, and false negative counters, the
standard deviation weights for each topic are used to adjust the degree of uncertainty. As a result,
topics with more balanced entity observations receive more weight during the evaluation.
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Baseline: To assess the effectiveness of the proposed framework, we employ benchmarking
against zero-shot classification models. Zero-shot classification is a technique that enables mod-
els to make predictions without prior exposure to a particular task. These models leverage the
extensive knowledge they acquire during pre-training on large datasets, which empowers them
to make informed decisions about tasks for which they were not explicitly trained. By comparing
our framework against these zero-shot classifiers, we can gauge its ability to effectively discern
stances across a wide range of untrained scenarios. The baseline models chosen for this evaluation
are BART [49], DeBERTa [39], and Flan-T5 [21]. These choices are motivated by several key fac-
tors. First, these models consistently achieve state-of-the-art results across various language under-
standing tasks, including sentence and sentiment classification, making them robust benchmarks
for assessing our framework’s capabilities. Second, they offer diverse architectural and training
differences, allowing us to evaluate how our framework performs in comparison to a range of
neural models.

BART is a bidirectional encoder and left-to-right decoder, able to comprehend longer sentences.
DeBERTa introduces a disentangled attention mechanism and enhanced mask decoder, enabling
better understanding of nuanced language. Flan-T5 is a Large Language Model (LLM) trained
with a focus on prompting and offers task-specific knowledge, providing insights into our frame-
work’s performance in task-oriented language understanding. These baseline models come in vary-
ing sizes and training paradigms, with BART and DeBERTa as zero-shot models and Flan-T5 as a
large language instruction-based model.

Zero-shot models, like BART and DeBERTa, require two inputs to function: the premise and the
hypotheses. The premise presents the context on which the questions expressed in the hypotheses
will be applied. These models utilize their generalized training and text understanding to provide a
complementary probability for the validity of each hypothesis. For example, consider the sentence
“Joe Biden supports women reproductive rights”, in which we would like to assess whether the entity
of “Joe Biden” bears a supportive or oppositional stance towards the topic of “Reproductive Rights”.
The process of a zero-shot model to classify the stance is the following:

— Premise: “Joe Biden supports women reproductive rights.”
— Hypothesis 1: “Joe Biden has a supportive stance towards reproductive rights.”
— Hypothesis 2: “Joe Biden has an oppositional stance towards reproductive rights.”
— Output 1: Supportive stance: 95%
— Output 2: Oppositional stance: 5%

Examining the results, it is evident that the likelihood of “Joe Biden” having a “Supportive” stance
toward the topic of “Reproductive Rights” is substantially higher than an “Oppositional” stance.
Similarly, for LLMs such as Flan-T5, the input consists of an instruction prompt that defines the
task, input information, and the desired output. An illustrative example of the prompt employed
for the preceding scenario is as follows:

Given a SENTENCE, an ENTITY, and a TOPIC, output the stance of the ENTITY
towards the TOPIC in the premise of the SENTENCE as either Supportive,
or Oppositional.

SENTENCE: ‘‘Joe Biden supports women reproductive rights.’’
ENTITY: Joe Biden
TOPIC: Reproductive Rights

OUTPUT: Supportive

Evaluation Results: Table 5 presents the results of the performance comparison between the
proposed framework and the three baseline models (BART, DeBERTa, and Flan-T5) in terms of
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Table 5. Values for the Metrics of Precision, Recall, and F1 Score between our Framework (OUR), and
the Baselines: BART (BRT ), DeBERTa (DBRT ), and Flan-T5 (F −T5), in

Terms of the Entity-level PK Evaluation on Abortion, Immigration, and Gun Control

Use Case
Precision Recall F1 Score

Observations
OUR BRT DBRT F-T5 OUR BRT DBRT F-T5 OUR BRT DBRT F-T5

Abortion 0.80 0.65 0.41 0.82 0.76 0.84 0.86 0.70 0.74 0.71 0.52 0.73 21

Immigration 0.78 0.73 0.31 0.78 0.80 0.76 0.84 0.75 0.73 0.66 0.41 0.71 21

Gun Control 0.79 0.85 0.48 0.85 0.72 0.74 0.78 0.60 0.71 0.77 0.56 0.68 23

Average 0.79 0.74 0.40 0.81 0.76 0.78 0.82 0.68 0.73 0.71 0.50 0.71 22

Precision, Recall, and F1 Score, for stance identification of entities towards topics. For the use case
of Abortion, our framework achieves a precision of 0.80, which is slightly lower than Flan-T5’s
precision of 0.82 but higher than both BART (0.65) and DeBERTa (0.41). In terms of recall, our
framework attains a score of 0.76, which is lower than BART (0.84) and DeBERTa (0.86) but higher
than Flan-T5 (0.70). The F1 Score of our framework is 0.74, competitive with Flan-T5 (0.73) and
higher than BART (0.52) and DeBERTa (0.73). For the use case of Immigration, our framework
exhibits a precision of 0.78, the highest among all models, including Flan-T5 (0.78), BART (0.73),
and DeBERTa (0.31). In recall, our framework achieves 0.80, higher than BART (0.76) and DeBERTa
(0.84) and slightly lower than Flan-T5 (0.75). The F1 Score for our framework is 0.73, competitive
with Flan-T5 (0.71), higher than BART (0.66), and significantly higher than DeBERTa (0.41). For
the use case of Gun Control, our framework demonstrates a precision of 0.79, higher than BART
(0.85) and DeBERTa (0.48) but slightly lower than Flan-T5 (0.85). In recall, our framework achieves
0.72, similar to BART (0.74), DeBERTa (0.78), and slightly lower than Flan-T5 (0.60).

Across all three use cases, the average performance of the proposed framework includes an
average precision of 0.79, an average recall of 0.76, and an average F1 Score of 0.71. These re-
sults suggest that our framework demonstrates competitive performance, with precision and recall
scores comparable to or better than state-of-the-art baselines for entity-level polarization stance
detection in these specific topics. Moreover, it is important to consider the trade-offs between
resource constraints and the desired outcomes when selecting a polarization stance detection
method. While methods like Flan-T5, with their larger models and computational demands may
offer higher precision, and DeBERTa may provide better recall, our framework aims to strike a
balance between precision and recall, making it a practical choice for various scenarios. Our frame-
work’s resource-efficient entity-to-topic stance detection component operates effectively without
the need for resource-intensive models or GPUs. This lightweight approach not only improves
accessibility and integration but also proves advantageous in resource-constrained settings where
extensive computational resources may not be readily available or practical.

4.4 Alignment between Cohesive Fellowships and Party Manifestos

For our fellowship-level PK (Q2) evaluation, we concentrated on fellowships with strong ideolog-
ical ties to the Democratic or Republican parties. To determine the political affiliations of entities
within the SAG, we extracted data from Wikipedia’s Infobox tab using web scraping. This tab pro-
vides structured information, notably the Political Party field [41]. Entities were categorized based
on their affiliation with either the Democratic or Republican party, extracted from this field. We
considered the majority political leaning of the entities, and if it was ≥ 75% Democrat or Republi-
can, we regarded the fellowship as ideologically cohesive. During the voting process, we excluded
entities which no clear political party affiliation was available in the Infobox. The resulting fellow-
ships are characterized for each topic t by the following:

— i: Unique identifier for each fellowship.
— p: The fellowships affiliated political party, i.e., Democratic or Republican.
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Table 6. Results of the 3-fold Cross-validation for the Evaluation of the
Alignment between Fellowships and their Respective Party Manifestos, as

Described in the Methodology Section

Case Study Precision Recall F1 Score AUC Accuracy

Abortion 0.74 0.74 0.74 0.72 0.79

Gun Control 0.81 0.81 0.81 0.81 0.81

Immigration 0.99 0.99 0.99 0.99 0.99

Average 0.87 0.87 0.87 0.84 0.87

The table shows the performance metrics of precision, recall, F1-score, and accuracy

for each of the case studies of Abortion, Gun Control and Immigration, as well as an

average score across the case studies.

— cohatt : Common attitude percentage for topic t .
— st : Number of supportive attitude observations for topic t .
— ot : Number of oppositional attitude observations for topic t .

In order to evaluate the attitudinal alignment of each fellowship with its respective political
party, we employ a supervised approach. An estimator, denoted as ϕ(i, t ,p, cohatt , st ,ot ), is trained
to predict the attitude of fellowship i towards topic t based on its respective party manifestos. The
manifesto attitude is represented as a binary value, with 1 indicating a supportive attitude and 0
indicating an oppositional attitude. During the evaluation, estimator ϕ is implemented as a logistic
regression model. To evaluate the performance of the model, we employ 3-fold cross validation.
This technique is used to evaluate the generalization performance of the model by training it on dif-
ferent subsets of the data and testing it on the remaining subset, with the process being repeated
three times. Similarly to the entity-level evaluation, the performance of the model is quantified
via the metrics of precision, recall, F1-score, and accuracy, as well as AUC. If the model is able to
achieve high performance, it would indicate its ability to accurately predict the attitude of a fellow-
ship towards a topic and that the extracted fellowships have a high degree of alignment between
their attitudes and the attitudes of their respective party manifestos. This would suggest that our
framework effectively captures the attitudinal and ideological characteristics of the fellowships
and aligns them with the official stance of their respective parties.

Evaluation Results: Table 6 depicts the average 3-cross validation results of group-level PK eval-
uation regarding the alignment of extracted fellowships with their respective party manifestos,
for each of the subjects of Abortion, Immigration, and Gun Control. As it is shown, the model per-
formed well in all three case studies, with an average performance of 0.87 for all metrics. The case
study of Immigration achieved the highest performance with 0.99 for all metrics, followed by Gun
Control with 0.81 and Abortion with 0.74. It is important to notice that the average performance
of the model is high and consistent for all the case studies. This indicates that the approach is
able to accurately predict the alignment of the fellowships with their respective party manifestos,
which is a good indication that the fellowship extraction process, performed by our framework,
is able to extract ideologically cohesive groups of entities. The results of the manifesto alignment
are also presented in a more detailed manner, by providing the degree of alignment between each
of the four largest fellowships (as shown in Table 6) and the manifestos of the Democratic and
Republican parties, respectively, for the topics related to Abortion, Immigration, and Gun Control.
Table 7 illustrates this information for the topic of Abortion. Similar tables for Immigration and
Gun Control can be found in Appendix A.

Regarding the case of Abortion, as depicted in Table 7, fellowships 1 and 2 are labeled as Repub-
lican and have a high degree of alignment with the Republican party’s manifesto for all the topics,
as all their attitudes match those of the Republican manifesto. Fellowships 3 and 4 are labeled
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Table 7. Degree of Alignment between the Attitudes of the Four Largest Fellowships and the Manifestos of
the Democratic and Republican Parties for the Topic of Abortion

Abortion

Fellowship 1 Fellowship 2 Fellowship 3 Fellowship 4
Topic cohatt Att. Manifesto Align. cohatt Att. Manifesto Align. cohatt Att. Manifesto Align. cohatt Att. Manifesto Align.

Abortion Funding 0.60 –1.00 –1.00 1.00 1.00 –1.00 –1.00 1.00 0.75 1.00 1.00 1.00 0.58 1.00 1.00 1.00
Abortion Pr. Economy 0.50 –1.00 –1.00 1.00 0.50 –1.00 –1.00 1.00 0.67 1.00 1.00 1.00 1.00 1.00 1.00 1.00
Anti-Abortion 0.56 –1.00 1.00 0.00 0.54 –1.00 1.00 0.00 0.50 –1.00 –0.93 1.00 0.70 –1.00 –0.93 1.00
Birth Control 0.55 –1.00 –1.00 1.00 1.00 –1.00 –1.00 1.00 0.50 1.00 1.00 1.00 0.51 1.00 1.00 1.00
Health Care – – –0.88 – – – –0.88 – – – 1.00 – 1.00 1.00 1.00 1.00
Hobby Lobby – – 0.00 – – – 0.00 – – – –1.00 – – – –1.00 –
Late-Term Abortion 0.55 –1.00 –1.00 1.00 1.00 –1.00 –1.00 1.00 0.56 1.00 0.00 – 0.53 1.00 0.00 –
Life Protection – – 1.00 – – – 1.00 – – – 0.00 – – – 0.00 –
Planned Parenthood 0.68 –1.00 –1.00 1.00 0.55 –1.00 –1.00 1.00 0.81 –1.00 1.00 0.00 0.56 1.00 1.00 1.00
Pregnancy Centers 1.00 –1.00 –1.00 1.00 – – –1.00 – 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
Pro-Choice 0.75 –1.00 –1.00 1.00 0.56 –1.00 –1.00 1.00 0.67 1.00 1.00 1.00 0.70 1.00 1.00 1.00
Pro-Life 1.00 1.00 1.00 1.00 – – 1.00 – 1.00 1.00 0.00 – 1.00 1.00 0.00 –
Reproduction Rights 1.00 –1.00 –1.00 1.00 1.00 –1.00 –1.00 1.00 0.71 1.00 1.00 1.00 0.67 1.00 1.00 1.00
Right of Human Life 0.56 –1.00 1.00 0.00 – – 1.00 – 0.95 1.00 0.00 – 1.00 –1.00 0.00 –
Roe v. Wade – – 0.00 – – – 0.00 – – – 1.00 – – – 1.00 –
Sale of Fetal Tissue – – –1.00 – – – –1.00 – 0.50 1.00 0.00 – – – 0.00 –
Sanctity of Life – – 1.00 – – – 1.00 – 1.00 1.00 0.00 – – – 0.00 –
Sexual Assault Victims 0.72 –1.00 0.00 – 0.63 –1.00 0.00 – 0.56 1.00 0.00 – 0.57 –1.00 0.00 –
Stem Cell Research 0.65 –1.00 –0.82 1.00 1.00 –1.00 –0.82 1.00 1.00 1.00 0.00 – 0.56 –1.00 0.00 –
Women Freedom – – –1.00 – – – –1.00 – – – 1.00 – – – 1.00 –

Average 0.70 0.83 0.78 0.89 0.75 0.88 0.74 1.00

as Democratic and also have a high degree of alignment with the Democratic party’s manifesto
for most of the topics. However, for some topics such as Abortion Funding and Anti-Abortion, the
alignment is not perfect as the attitudes of fellowship 4 are not in line with the Democratic party’s
manifesto. This indicates that the fellowships are not entirely homogeneous, and some members
may have different views than the majority of the group. Overall, the results suggest that the
fellowships are highly ideologically cohesive with their respective parties, with high alignment
between their attitudes and manifestos.

In the case of Immigration (see Appendix A), fellowships 1 and 2 are both labeled as Republican
and have a high degree of alignment with their party manifesto. Similarly, fellowships 3 and 4 are
both labeled as Democratic. A common knowledge is that, the Republican party tends to be against
Amnesty, Asylum, and Birthright Citizenship & 14th Amendment (Birth. Citiz. & 14th Am.) which
the fellowships reflect the same attitude. On the other hand, Democratic party tends to be in favor
of the above topics, which is also the case for the Democratic-labeled fellowships. The degree of
manifesto alignment for the fellowships indicates that they are highly ideologically cohesive with
their respective parties.

Consequently, for Gun Control, Republican-labeled fellowships (fellowships 1 and 2) have a
high degree of alignment with the Republican manifesto for most of the topics (see Appendix A).
For example, for the topic of Assault Weapon, both fellowships have a supportive attitude, which
is aligned with the Republican manifesto. Similarly, for the topic of Background Check, both fel-
lowships have an oppositional attitude, also aligned with the Republican manifesto. On the other
hand, the Democratic fellowships (fellowships 3 and 4) have a varying degree of alignment with
the Democratic manifesto. For some topics, both fellowships have an attitude that aligns with the
manifesto (e.g., Background Check). However, for other topics, the fellowships have an attitude
that contradicts with the manifesto (e.g., Assault Weapon). Overall, the values of Table 12 suggests
that the fellowships extracted by our framework align well with their respective party manifestos,
indicating that the fellowships are highly ideologically cohesive. This is consistent with the as-
sumption that the fellowships were filtered based on high ideological cohesiveness.

4.5 Topic Identification and Polarization Ranking

For assessing the performance of the proposed framework at the topic-level, we employ two eval-
uation types. The first type is Topic Identification Accuracy, which assesses how accurately the
framework is able to identify the topics present in the articles, as identified by Roy and Goldwasser
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2020 [65]. The second type is Topic Polarization Ranking, which evaluates the framework’s ability
to accurately depict the ranking of polarization for the topics identified in the first evaluation step.

Topic Identification Accuracy: To assess the accuracy of Topic Identification in our framework,
we start by aligning the topical clusters it generates with predefined topics (subframes) for each
case study. This alignment process involves converting both the NPs from our clusters and the
vocabulary of the predefined topics into semantic word vectors using the BERT model. We then
calculate the centroid of each cluster and topic by averaging the vectors of their respective NPs
and n-grams. The relationship between our clusters and the predefined subframes is determined
by computing the cosine similarity between their centroids. If this similarity score for a cluster
and a subframe is 0.80 or higher, we consider the cluster to be directly related to that subframe.
This approach enables us to map our clusters to specific subframes and calculate the percentage
accuracy of our framework in correctly identifying these topics.

Topic Polarization Ranking Agreement: The evaluation of topic-level PK involves measuring
the agreement between the GT list of polarizing topics for each case study and the list created
by our framework. We determine the ranking of polarizing topics using the GT data, which was
created during the annotation process. The highly ideologically cohesive fellowships are taken
into account in the creation of the polarizing topic list by our framework, using the polarization
index ranking function for each topic to reflect the conflict between the fellowships in the dipoles.

Performance Metric: Traditionally, to measure the similarity between two rank lists, ranking
agreement metrics are used. For the topic polarization ranking agreement, we use Ranked Bias
Overlap (RBO) [83]. RBO is an intersection-based ranking agreement measure, compared to the
traditional correlation-based measures (e.g., Spearman ρ and Kendall τ ). We employ RBO as the
consecutive differences between the ranked topics suggest that the rankings are prone to small
changes. RBO takes values from 0 to 1, with 1 indicating a full overlap (practically the same), and 0
indicating that the ranked lists are disjoint. RBO accepts a parameter ρ, which corresponds to the
top-k elements in the list that contribute the most to the scoring. We compare the different lists
with p = 0.3, meaning that we consider the top-3 elements, similar to what He et al. 2021 used in
their evaluation [40].

Baseline: In order to establish a baseline for evaluating the accuracy of depicting topic polarization
rankings, we employ two state-of-the-art methodologies, PaCTE (Partisanship-aware Contex-
tualized Topic Embeddings), developed by He et al. 2021 [40], and LOE (Leave-Out Estimator)
developed by Demszky et al. 2019 [24]. PaCTE uses a transformer-based model to learn embeddings
of news sources from Left and Right perspectives, and trains the model to capture topic-specific
representations of political leaning. LOE, on the other hand, uses the frequency of topic tokens in
Left and Right news article sources to calculate polarizing topics, under the assumption that Left or
Right tokens are drawn from a multinomial logit model. The estimated partisanship is produced as
the polarization score of a topic between Left and Right. In comparison with topic modeling [36]
and keyword extraction [62] methods, PaCTE and LOE are able to capture intricate aspects of
polarization inherent in the topics discussed within a news corpus. This makes PaCTE and LOE
particularly well-suited for our evaluation objectives.

Evaluation Results: The topic-level PK evaluation results are depicted in Tables 8 and 9. As it
appears in Table 9, our framework performs well in the Topic Polarization Ranking Agreement
evaluation, with an average score of 0.8140 across the three case studies of Abortion, Immigration,
and Gun Control. Specifically, it achieves the highest score for the Gun Control case study at 0.9100,
followed by scores of 0.7389 for Immigration and 0.7929 for Abortion. However, in the Topic
Identification Accuracy (TIA) evaluation (see Table 8), our framework performs relatively poor
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Table 8. Results for the Topic Identification Accuracy

Case Study Our Framework PaCTE LOE

Abortion 0.88 1.00 1.00

Immigration 0.60 0.80 0.80

Gun Control 0.83 0.83 0.83

Average 0.77 0.87 0.87

Table 9. RBO Measurements for the Topic
Polarization Ranking Agreement

Case Study Our Framework PaCTE LOE

Abortion 0.7929 0.6833 0.6196

Immigration 0.7389 0.7205 0.3860

Gun Control 0.9100 0.8433 0.4933

Average 0.8140 0.7490 0.4996

compared to PaCTE and LOE, with an average score of 0.77 across the three case studies. Its TIA
scores are 0.88 for Abortion, 0.60 for Immigration, and 0.83 for Gun Control.

The reason for the poorer performance in TIA is likely due to the nature of the data utilized
by our framework to determine the topics. Unlike PaCTE and LOE, which look at a larger
corpus of texts, our framework only considers Noun Phrases (NPs) where entities express
positive or negative attitudes, thus limiting its scope for topic identification. Despite the low
TIA, the overall results indicate that our framework is able to accurately rank the polarization
of topics.

4.5.1 Discussion. The Polarization Knowledge evaluation results indicate that our framework
is able to effectively capture and analyze the polarization knowledge in news media. At the entity-
level, the model performed well overall, with a balanced performance across the three case studies
of Abortion, Immigration, and Gun Control. The use of a more sophisticated and direct approach
to capturing entity-to-topic sentiment attitudes, as well as the weighting scheme applied during
performance evaluation, likely contributed to the improved performance. At the fellowship-level,
the model performed consistently well with an average performance of 0.87 across all metrics,
indicating that the approach is able to accurately predict the alignment of the fellowships with
their respective party manifestos. This suggests that the fellowship extraction process performed
is able to extract ideologically cohesive groups of entities. At the topic-level, the model performed
well in the Topic Polarization Ranking Agreement evaluation, with an average score of 0.8140
across the three case studies. However, the results in the Topic Identification Accuracy evaluation
were relatively poor, with an average score of 0.77. This is likely due to the limited scope of the
data used for topic identification. Despite this, the overall results indicate that our framework is
able to accurately rank the polarization of topics and it can be effectively used by the research
community for the analysis of political polarization in text data.

5 Conclusion

In this study, we introduce a framework for the unsupervised and domain-agnostic modeling, ex-
traction, and quantification of Polarization Knowledge (PK) from digital news media. By combining
structural and content-based analyses, our framework effectively captures the nuanced dynamics
of polarization within specific domains. Additionally, we propose a multi-level evaluation method-
ology that assesses PK at the entity, fellowship, and topic levels, offering a comprehensive view of
polarization across different dimensions.
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Our case studies on Abortion, Immigration, and Gun Control demonstrate the framework’s ef-
fectiveness. At the entity level, the system outperforms traditional classifiers by accurately linking
key entities to polarizing topics. At the fellowship level, it successfully identifies group alignments
and their respective ideological stances, revealing the underlying structures of polarized commu-
nities. Although the framework efficiently ranks topics by their polarization levels, we recognize
the potential for further refinement in topic identification to enhance accuracy.

By making the framework available as an open-source project, we provide researchers with
a valuable tool for systematically analyzing polarization without relying on predefined labels or
groupings. This resource can be utilized to explore societal divisions and investigate related phe-
nomena such as hate speech, misinformation, and media manipulation. Ultimately, the proposed
framework facilitates the further advancement of polarization analysis in digital media, offering a
structured approach for understanding this complex phenomenon.
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A Appendix

A.1 Entity-pair Sentiment Attitude Calculation

ALGORITHM 1: Entity-pair Sentiment Attitude Calculation

1: Input: si sentence, vx and vy entities

2: Output: attitudexy ∈ {POSIT IVE,NEUTRAL,NEGATIVE}

3: function att(si , vx , vy )

4: attitudexy ← NEUTRAL
5: dep_paths ← extract_dependency_paths(si , vx , vy ) � Identify the paths connecting vx and vy in si

6: for all path in dep_paths do

7: sentiment_score ← calculate_sentiment_score(path)

8: attitudexy ← update_attitude(attitude , sentiment_score)

9: end for

10: return attitudexy

11: end function

ACM Trans. Soc. Comput., Vol. 8, No. 1-2, Article 5. Publication date: January 2025.

https://doi.org/10.18653/v1/2022.naacl-main.17
https://doi.org/10.1038/s42005-023-01467-8


A Framework for the Unsupervised Modeling and Extraction of PK from News Media 5:33

A.2 Quantifying Dipole Topic Polarization

ALGORITHM 2: Quantifying Dipole Topic Polarization

Input: Di j dipole, tz ∈ TDi j
set of topical NPs, Si j sentences where Di j entities and tz NPs occur

Output: μ polarization index

Atz
← {} � Initialize set of sentiment attitudes for topic tz

for all vx ∈ Di j do � Loop through entities in dipole

attitudex ← NEUTRAL

for all npy ∈ tz do � Loop through the NPs of topic

v_np_sentences ← дet_relevant_sentences(Si j ,vx ,npy ) � Filter sentences where vx and npy

co-occur

for all su ∈ v_np_sentences do

sentiment_score ← att(su ,vx ,npy ) � Calculate sentiment attitude from entity vx to npy

attitudex .update_attitude(attitudex , sentiment_score)

end for

end for

Atz
.add(attitudex )

end for

μ ← calculate_polarization_index(Atz
) � Calculate polarization index of Atz

return μ

A.3 Abortion Subframe Descriptions

— Health Care: Affordable Care Act, healthcare facilities, health insurance, their coverage,
etc.

— Abortion Provider Economy: Statistics, services, profits of abortion providers like Planned
Parenthood.

— Abortion Funding: Source of funding; granting or cutting funding for abortion providers
like Planned Parenthood.

— Reproduction Right: Reproduction rights and women’s access to reproductive healthcare.
— Right of Human Life: Fetus in the womb has the same right of life as a grown human.
— Hobby Lobby: Court’s exemption for corporations to provide contraceptives if it conflicts

with their religious belief.
— Late Term Abortion: Discuss ban and regulation on abortion after later stages of preg-

nancy.
— Roe v. Wade: Implications of the 1973 landmark decision of the U.S. Court that ensures the

right to choose.
— Stem Cell Research: Implications using stem cell, embryonic cell and fetal tissue.
— Sale of Fetal Tissue: Abortion providers donation or selling of the fetal tissue and body

parts from aborted babies.
— Sexual Assault Victims: Any kind of sexual offense against women and pregnancies re-

sulted from that.
— Birth Control: Birth control measures and access to those.
— Sanctity of Life: The holiness of life from a religious and moral perspective and the evil of

abortion.
— Women Freedom: Advocating women freedom or talking about oppression on women,

from a moral perspective.
— Planned Parenthood: Abortion services provided by Planned Parenthood.
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— Pregnancy Centers: Pregnancy services provided by pregnancy care centers, pregnancy
crisis centers, etc.

— Life Protection: Abortion kills human being and they should be protected.
— Pro-Life: Addressing of any personality, movement or legislation as supporting life.
— Anti-Abortion: Addressing of any personality, movement or legislation as opposing abor-

tion instead of as pro-life.
— Pro-Choice: Addressing of any personality, movement or legislation as supporting abortion

and the right to choose.

A.4 Gun Control Subframe Descriptions

— Gun Buyback Program: Gun buyback program and its effects.
— Gun Business: Licensed gun store owners; gun business industry.
— Gun Research: Research on gun violence and how to control it; funding on gun research.
— Mental Health: Mental illness; importance of providing mental health care.
— Gun Homicide: Statistics on deaths due to gun violence.
— Ban on Handgun: Banning handgun and its effects.
— 2nd Amendment: 2nd Amendment which ensures the right to self-defense and allows cit-

izens to carry guns.
— Concealed Carry Reciprocity Act: Concealed carry reciprocity act and its effects and

implications.
— Gun Control to Restrain Violence: Violence-restraining gun control measures.
— Illegal Gun: Illegal possession of gun; gun trafficking, etc.
— Gun Show Loophole: Loophole in the gun shows that allows criminals to get guns.
— Background Check: Necessity of background check and ways to ensure it while selling

guns.
— Terrorist Attack: Threats of terrorist attack.
— Assault Weapon: Debate over the definition of assault weapon and which ones are needed

to be banned.
— White Identity: Focusing on white racial identity of a person; white supremacy, etc.
— Person of Color: Identity focusing on a person of color racial identity.
— School Safety Measures: To ensure school safety; arming teachers; control guns to reduce

violence in schools, etc.
— Right to Self-Defense: God given right to self defense; necessity of carrying guns for self-

defense, etc.
— Stop Gun Crime: Urge to stop gun violence; expression of solidarity with mass shooting

victims, etc.

A.5 Immigration Subframe Descriptions

— Minimum Wage: Wage inequality and discussion on raising the minimum wage.
— Salary Stagnation: Reasons of salary stagnation and how to overcome those.
— Wealth Gap: Wealth gap among the classes in the society; profits by large organizations,

etc.
— Cheap Labor Availability: Cheap labor availability and its effects.
— Taxpayer Money: Taxpayer money and the facilities they get or are deprived of, such as

social security.
— Racism and Xenophobia: Addressing of someone/something racist and xenophobic in a

discussion.
— Merit-based Immigration: Discussion on merit based immigration system.
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— Human Right: Necessity of protecting human and civil rights; their violations.
— Asylum: Implications of granting asylum to the asylum seeking migrants.
— Refugee: Political refugees from various countries.
— Birth Citizenship and 14th Amendment: Birthright citizenship; 14th Amendment; citi-

zenship granting procedure.
— Deportation: Illegal Immigrants: Necessity of deportation of the illegal immigrants.
— Deportation: General: Procedure, policy and way to deport the undocumented immigrants.
— Detention: Detention facilities; detention procedure and the state of the detainees.
— Terrorism: Threats of terrorism by foreign nationals.
— Border Protection: Border wall; border patrol and other measures to secure the border.
— Amnesty: Implications and procedure of granting amnesty to the undocumented immi-

grants.
— DREAM Act: DREAM Act, its implications; DREAMers and procedure of their path to citi-

zenship.
— Family Separation Policy: Family separation policy and its effects; separation of children

from their families.
— DACA: DACA policy that protects the individuals from deportation who came to the USA

as children.
— Racial Identity: Discussion on a topic by focusing on the race.
— Born Identity: Discussion on a topic by addressing the born identity, such as, “foreign born”.

A.6 Topic Polarization Rank List

Table 10. Topic Polarization Rank List GT for the Cases of Immigration

Topic Index Immigration Topic Tuples Normalized α

7 Racial Identity Born Identity 0.0111

9 Born Identity Racism and Xenophobia 0.0072

5 Amnesty DACA 0.0060

2 Wealth Gap Minimum Wage 0.0040

8 Racial Identity Racism and Xenophobia 0.0040

1 Minimum Wage Salary Stagnation 0.0036

4 Cheap Labor Availability Wealth Gap 0.0036

3 Cheap Labor Availability Minimum Wage 0.0004

6 Family Separation Policy DACA 0.0003

Table 11. Topic Polarization Rank List GT for the Cases of Gun Control

Topic Index Gun Control Topic Tuples Normalized α

6 Right to Self-Defense Stop Gun Crime 1.000

4 Gun Control to Restrain Violence Concealed Carry Reciprocity Act 0.917

3 Gun Control to Restrain Violence 2nd Amendment 0.617

2 Ban on Handguns Concealed Carry Reciprocity Act 0.300

5 White Identity Person of Color Identity 0.117

1 Ban on Handguns 2nd Amendment 0.017
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A.7 Entity-to-Topic Std. Weighting Algorithm

ALGORITHM 3: Calculate Std. Weights

1: Input: entities , topics
2: Output: weiдhtsstd ← {} � Initialize the dictionary to hold the weights per topic.

3: for t in topics do:

4: observations ← [] � For topic t initialize a list to hold values.

5: for e in entities do:

6: o ← дet_observations(t , e) � Retrieve the number of attitude observations of e towards t .
7: observations .append(o)

8: end for

9: std ← standard_deviation(observations) � Calculate the std. of the retrieved observations.

10: weiдhtsstd [t] ← 1/(1 + std) � Calculate the weight of t considering the std. values of the entities.

11: end for

12: return weiдhtsstd

ALGORITHM 4: Evaluate Entity-level Performance

1: Input: entities , topics , attitudesT rue , attitudesPr ed , weiдhtsstd

2: Output: results ← {}

3: for e in entities do:

4: tp, tn, f p, f n ← 0, 0, 0, 0 � Initialize: f = f alse , t = true , p = positive , n = neдative .

5: for t in topics do:

6: pr_att ← attitudespr ed [e][t] � Retrieve the attitudes of e towards t .
7: tr_att ← attitudestrue [e][t] � Retrieve the attitudes of e towards t .

8: if pr_att = tr_att and tr_att = Positive then

9: tp+ = weiдhtsstd [t]
10: else if pr_att = tr_att and tr_att = Neдative then

11: tn+ = weiдhtsstd [t]
12: else if pr_att ! = tr_att and tr_att = Positive then

13: f p+ = weiдhtsstd [t]
14: else

15: f n+ = weiдhtsstd [t]
16: end if

17: end for

18: precision← calculate_precision(tp, f p)
19: recall ← calculate_recall(tp, f n)
20: f 1← calculate_f 1(precision, recall)

21: results[e] ← (precision, recall , f 1) � Store the results as a tuple.

22: end for
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A.8 Degree of Fellowship Alignment with Party Manifestos

Table 12. Degree of Alignment between the Attitudes of the Four Largest Fellowships and the Manifestos
of the Democratic and Republican Parties for the Topic of Gun Control

Gun Control

Fellowship 1 Fellowship 2 Fellowship 3 Fellowship 4
Topic cohatt Att. Manifesto Align. cohatt Att. Manifesto Align. cohatt Att. Manifesto Align. cohatt Att. Manifesto Align.

Assault Weapon 0.69 1.00 1.00 1.00 0.60 1.00 1.00 1.00 0.56 –1.00 –0.75 1.00 1.00 –1.00 –0.75 1.00
Background Check 0.68 –1.00 –1.00 1.00 0.50 1.00 –1.00 0.00 0.73 1.00 1.00 1.00 0.67 1.00 1.00 1.00
Ban on Handguns 0.52 1.00 –1.00 0.00 1.00 –1.00 –1.00 1.00 0.67 –1.00 0.00 – 1.00 1.00 0.00 –
CCRA 0.67 1.00 1.00 1.00 0.67 1.00 1.00 1.00 0.50 –1.00 0.00 – 0.54 –1.00 0.00 –
Gun Business Industry 0.63 1.00 1.00 1.00 0.81 1.00 1.00 1.00 0.54 –1.00 –1.00 1.00 0.62 –1.00 –1.00 1.00
Gun Buyback Program – – 0.00 – – – 0.00 – 1.00 –1.00 0.00 – – – 0.00 –
GC to Restrain Violence 1.00 –1.00 –1.00 1.00 – – –1.00 – – – 1.00 – 1.00 –1.00 1.00 0.00
Gun Homicide 1.00 1.00 0.00 – 1.00 1.00 0.00 – 0.62 –1.00 –1.00 1.00 – – –1.00 –
Gun Research 1.00 1.00 0.00 – 0.75 1.00 0.00 – 0.50 1.00 1.00 1.00 1.00 1.00 1.00 1.00
Gun Show Loophole 0.57 1.00 0.75 1.00 1.00 1.00 0.75 1.00 1.00 –1.00 –1.00 1.00 0.50 –1.00 –1.00 1.00
Illegal Guns 0.56 1.00 0.00 – 1.00 1.00 0.00 – 0.56 –1.00 –1.00 1.00 1.00 –1.00 –1.00 1.00
Mental Health 0.71 1.00 0.00 – 0.59 1.00 0.00 – 0.50 –1.00 –1.00 1.00 0.67 –1.00 –1.00 1.00
School Safety 1.00 1.00 0.00 – 1.00 1.00 0.00 – 1.00 1.00 1.00 1.00 0.80 1.00 1.00 1.00
2nd Amendment 0.90 1.00 1.00 1.00 0.69 1.00 1.00 1.00 0.53 1.00 1.00 1.00 0.52 1.00 1.00 1.00
Stop Gun Crime 0.57 1.00 0.00 – 1.00 1.00 0.00 – 0.75 1.00 1.00 1.00 0.80 1.00 1.00 1.00
Terrorist Attack 0.63 –1.00 0.00 – 0.72 –1.00 0.00 – 0.51 –1.00 –1.00 1.00 0.81 –1.00 –1.00 1.00
White Identity 1.00 –1.00 0.00 – 1.00 –1.00 0.00 – – – 0.00 – 1.00 –1.00 0.00 –

Average 0.76 0.88 0.82 0.86 0.66 1.00 0.80 0.92

Table 13. Degree of Alignment between the Attitudes of the Four Largest Fellowships and the Manifestos
of the Democratic and Republican Parties for the Topic of Immigration

Immigration

Fellowship 1 Fellowship 2 Fellowship 3 Fellowship 4
Topic cohatt Att. Manifesto Align. cohatt Att. Manifesto Align. cohatt Att. Manifesto Align. cohatt Att. Manifesto Align.

Amnesty 0.52 –1.00 –1.00 1.00 0.75 –1.00 –1.00 1.00 0.56 1.00 1.00 1.00 0.52 1.00 1.00 1.00
Asylum 1.00 1.00 0.75 1.00 0.57 1.00 0.75 1.00 – – 1.00 – – – 1.00 –
Birth. Citiz. & 14th Am. 0.60 1.00 0.00 – 1.00 1.00 0.00 – – – 0.00 – – – 0.00 –
Border Protection 0.71 1.00 1.00 1.00 0.63 –1.00 1.00 0.00 1.00 1.00 1.00 1.00 0.67 1.00 1.00 1.00
Born Identity – – 0.00 – 0.75 –1.00 0.00 – – – –1.00 – 0.00 –1.00 –1.00 –
Cheap Labor Availability 0.60 –1.00 –1.00 1.00 – – –1.00 – 1.00 –1.00 –1.00 1.00 1.00 –1.00 –1.00 1.00
DACA – – –1.00 – 0.50 –1.00 –1.00 1.00 1.00 1.00 1.00 1.00 – – 1.00 –
Deportation 0.65 –1.00 –0.75 1.00 0.61 –1.00 –0.75 1.00 0.84 –1.00 –1.00 1.00 0.53 –1.00 –1.00 1.00
Dep. of Ill. Immigrants 1.00 1.00 0.71 1.00 – – 0.71 – 1.00 –1.00 –0.89 1.00 1.00 –1.00 –0.89 1.00
Detention 0.67 1.00 1.00 1.00 0.84 1.00 1.00 1.00 – – –1.00 – 0.50 –1.00 –1.00 1.00
DREAM Act – – 0.00 – – – 0.00 – – – 0.00 – – – 0.00 –
Family Sep. Policy 1.00 1.00 0.00 – 0.59 1.00 0.00 – 0.50 –1.00 –1.00 1.00 – – –1.00 –
Human Rights 0.54 1.00 1.00 1.00 0.65 1.00 1.00 1.00 1.00 1.00 1.00 1.00 0.68 1.00 1.00 1.00
Merit-Based Immigration – – 0.67 – – – 0.67 – – – 1.00 – – – 1.00 –
Minimum Wage 1.00 1.00 1.00 1.00 – – 1.00 – 0.50 1.00 1.00 1.00 – – 1.00 –
Racial Identity 1.00 1.00 –1.00 0.00 0.50 1.00 –1.00 0.00 1.00 –1.00 –0.83 1.00 0.67 –1.00 –0.83 1.00
Racism and Xenophobia 1.00 1.00 0.00 – 1.00 1.00 0.00 – 1.00 –1.00 –1.00 1.00 0.58 –1.00 –1.00 1.00
Refugee 1.00 –1.00 –0.67 1.00 0.94 –1.00 –0.67 1.00 1.00 1.00 1.00 1.00 – – 1.00 –
Salary Stagnation – – 0.00 – 1.00 –1.00 0.00 – – – 0.00 – – – 0.00 –
Taxpayer Money 1.00 –1.00 –1.00 1.00 – – –1.00 – 1.00 –1.00 0.00 – 1.00 –1.00 0.00 –
Terrorism 0.77 –1.00 –1.00 1.00 0.52 –1.00 –1.00 1.00 0.82 –1.00 –1.00 1.00 0.59 –1.00 –1.00 1.00
Wealth Gap – – –1.00 – – – –1.00 – – – –1.00 – – – –1.00 –

Average 082 0.92 0.74 0.78 0.88 1.00 0.65 1.00
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Table 14. Democratic (Dem.) and Republican (Rep.) Topic Attitudes for Abortion, Immigration, and Gun
Control after the Annotation of their Respective Manifestos

Abortion Gun Control Immigration

Index Topic Dem. Rep. Topic Dem. Rep. Topic Dem. Rep.

1 Abortion Funding 1.00 –1.00 Assault Weapon -0.75 1.00 Amnesty -1.00 1.00

2 Abortion Provider Economy 1.00 –1.00 Background Checks 1.00 –1.00 Asylum 0.75 1.00

3 Anti-Abortion -0.93 1.00 Ban on Handguns 0.00 –1.00 Birthright Citizenship and 14th Amendment 0.00 0.00

4 Birth Control 1.00 –1.00 Concealed Carry Reciprocity Act 0.00 1.00 Border Protection 1.00 1.00

5 Health Care 1.00 –0.88 Gun Business Industry -1.00 1.00 Born Identity 0.00 –1.00

6 Hobby Lobby -1.00 0.00 Gun Buyback Program 0.00 0.00 Cheap Labor Availability -1.00 –1.00

7 Late-Term Abortion 0.00 –1.00 Gun Control to Restrain Violence 1.00 –1.00 DACA -1.00 1.00

8 Life Protection 0.00 1.00 Gun Homicide −1.00 0.00 Deportation −0.75 –1.00

9 Planned Parenthood 1.00 –1.00 Gun Research 1.00 0.00 Deportation of Illegal Immigrants 0.71 –0.89

10 Pregnancy Centers 1.00 –1.00 Gun Show Loophole -1.00 0.75 Detention 1.00 –1.00

11 Pro-Choice 1.00 –1.00 Illegal Guns −1.00 0.00 DREAM Act 0.00 0.00

12 Pro-Life 0.00 1.00 Mental Health −1.00 0.00 Family Separation Policy 0.00 –1.00

13 Reproduction Rights 1.00 –1.00 Person of Color Identity 0.00 0.00 Human Rights 1.00 1.00

14 Right of Human Life 0.00 1.00 Right to Self-Defense 0.00 0.00 Merit-Based Immigration 0.67 1.00

15 Roe v. Wade 1.00 0.00 School Safety 1.00 0.00 Minimum Wage 1.00 1.00

16 Sale of Fetal Tissue 0.00 –1.00 Second Amendment 1.00 1.00 Racial Identity -1.00 –0.83

17 Sanctity of Life 0.00 1.00 Stop Gun Crimes 1.00 0.00 Racism and Xenophobia 0.00 –1.00

18 Sexual Assault Victims 0.00 0.00 Terrorist Attack −1.00 0.00 Refugee −0.67 1.00

19 Stem Cell Research 0.00 –0.82 White Identity 0.00 0.00 Salary Stagnation 0.00 0.00

20 Women Freedom 1.00 –1.00 Taxpayer Money −1.00 0.00

21 Terrorism −1.00 –1.00

22 Wealth Gap −1.00 –1.00

Received 14 April 2023; revised 12 October 2024; accepted 24 October 2024

ACM Trans. Soc. Comput., Vol. 8, No. 1-2, Article 5. Publication date: January 2025.


