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Abstract

This study investigates interaction patterns on three emerging
social media platforms in the “post-Twitter era”—BlueSky,
Mastodon, and Truth Social—focusing on reply networks as
highly interactive, opinion-expressive forms of engagement
within a polarization context. We employ a multi-method ap-
proach to quantify the echo chamber effect, analyzing (1) the
role of influential users in shaping narratives (using PageR-
ank and LexRank), (2) ideological distribution within reply
network communities (leveraging the Leiden algorithm for
community detection and LLMs to assess ideological lean-
ings), and (3) patterns of connectivity favoring ideologically
similar users (via biased random walks). To ensure rigor-
ous cross-platform comparability, we apply strict controls on
topic and timeframe. Our findings reveal a relatively weaker
echo chamber effect on Mastodon and BlueSky, though the
platforms display subtle differences: Mastodon fosters a di-
verse ideological landscape with frequent cross-ideological
exchanges, while discussions on BlueSky are more centered
around moderate voices. In contrast, Truth Social exhibits a
pronounced echo chamber effect, with the majority of users
supporting right-leaning or pro-Trump narratives, in align-
ment with the platform’s founding intent as a dedicated space
for Trump supporters. Despite this homogeneity, we observe
occasional instances of critical engagement and fact-checking
on Truth Social, suggesting that even within ideologically
driven spaces, counter-narratives can emerge, though their
influence remains uncertain. These findings underscore the
need for further research into the unique dynamics of emerg-
ing social media platforms, particularly those shaped by ideo-
logical leanings. Understanding the roles echo chambers play
in shaping public opinion is essential for gauging their impact
on (mis)information diffusion and political polarization in an
increasingly fragmented digital landscape.

Code — https://github.com/LiMaoUM/echo-chamber
Datasets — https://doi.org/10.5281/zenodo.17410680

Introduction

The rise of social media has transformed how individuals
consume information and interact with one another, shifting
users’ roles from passive consumers to active content cre-
ators and opinion shapers (Kwak et al. 2010; Bode 2016;
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Del Vicario et al. 2016). Social platforms facilitate broad
interactions, yet their structures often foster environments
where users engage primarily with like-minded individuals,
reinforcing existing beliefs and forming what are commonly
called “echo chambers” (Garimella et al. 2018a,b; Garrett
2009; Jamieson and Cappella 2010). Within these virtual
spaces, users may not realize the extent of homogeneity in
their interactions, leading to an insular exchange of ideolog-
ically aligned information—a phenomenon that selective ex-
posure and confirmation bias theories help to explain (Klap-
per 1960; Nickerson 1998). This echo chamber effect is fur-
ther amplified by the growing polarization online, particu-
larly around political topics (Persily and Tucker 2020). As
political landscapes have polarized, especially in democratic
contexts, social media has become a fertile ground for rein-
forcing group narratives, reducing exposure to diverse per-
spectives, and potentially exacerbating political divides.

The situation is complicated by recent shifts within Twit-
ter, once viewed as a potential “digital public sphere” (Kun-
coro et al. 2024). In early 2022, former President Don-
ald Trump launched Truth Social following his bans from
mainstream platforms, prompting many of his followers to
leave Twitter (THE ASSOCIATED PRESS 2024). This mi-
gration marked an ideological shift in Twitter’s user base,
which was further affected by Elon Musk’s acquisition and
rebranding of the platform as X. Musk’s relaxed content
moderation policies, controversial statements, and platform
changes have pushed more centrist and left-leaning users to-
ward alternatives like Mastodon and Bluesky (Grant 2022).
Although Twitter continues to report a highly active daily
user base, independent estimates indicate a marked decline
in users following the platform’s acquisition (Hern 2024).
This decline suggests a migration of users to alternative so-
cial media platforms, potentially leading to a more ideolog-
ically segmented online environment.

These events have led to the emergence of ideologi-
cally distinct social media spaces. Truth Social, for instance,
has drawn a primarily conservative audience and can be
broadly categorized as an alt-tech platform—a niche but
increasingly influential type of social media often focused
on “free speech” while hosting far-right content (Dehghan
and Nagappa 2022). In contrast, platforms like Mastodon
and BlueSky emphasize decentralization and community-
driven governance, attracting users who seek alternatives



to corporate-controlled platforms. For some, these alterna-
tives offer appealing new features or moderation policies,
while others simply prefer a space outside Twitter’s shifting
landscape under Musk’s ownership (Faverio and Anderson
2025; Odabas 2023; Roose 2024; Cava, Aiello, and Tagarelli
2023).

In light of these ideology-driven trends, it is crucial to
study the interaction patterns on these emerging social plat-
forms, with particular focus on the presence and extent of
echo chambers. This focus stems from the fact that echo
chambers and political polarization reinforce each other, cre-
ating a self-perpetuating feedback loop (Sunstein 1999; Ian-
doli, Primario, and Zollo 2021). Investigating whether this
feedback loop is mitigated or amplified within evolving so-
cial media landscapes is a crucial area of research.

Prior research indicates that even when exposed to
ideologically diverse content, users preferentially engage
with like-minded information, reinforcing echo chambers
through selective exposure(Bakshy, Messing, and Adamic
2015). This suggests that user behavior, rather than platform
algorithms alone, is a critical driver of ideological cluster-
ing.

Most existing research on political interactions in social
media has focused on repost networks, such as retweets on
Twitter, where sharing content typically signifies endorse-
ment (Boyd, Golder, and Lotan 2010; Metaxas et al. 2015).
However, reposts do not always reflect active engagement
with ideas, nor do they necessarily reveal ideological contes-
tation. In contrast, reply interactions represent a richer form
of discourse: users may agree, disagree, challenge, or am-
plify opinions.

Therefore, in this study, we conducted a comparative
study of Truth Social, BlueSky, and Mastodon, which mea-
sured the existence and strength of echo chambers across
these emerging platforms. Specifically, we quantified the
echo chamber effect by analyzing users’ most engaging in-
teractions - replies, which explicitly show users’ opinions
via textual content. Our findings shed light on how emerging
platforms like Truth Social, BlueSky, and Mastodon foster
unique patterns of ideological clustering and echo chambers.
By comparing these platforms, this study provides valuable
insights into the role of social media structures in shaping
political discourse and user interactions.

Related Work
Echo Chamber and Polarization on Social Media

Echo chambers on social media have become a critical issue
- users often gravitate toward information that aligns with
their preexisting beliefs and join groups that reinforce these
shared narratives (Garrett 2009; Hershey 2009; Garimella
et al. 2017). Broadly, an echo chamber can be described
as an environment where individuals’ opinions, political
leanings, or beliefs are reinforced through repeated inter-
actions with ideologically aligned users or content sources
(Garimella et al. 2017; Cinelli et al. 2021; Alatawi, Sheth,
and Liu 2024). Such environments limit exposure to diverse
perspectives, creating insular communities that reinforce bi-
ases and reduce opportunities for balanced discourse.
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According to group polarization theory (Sunstein 1999),
echo chambers and political polarization are closely linked,
forming a bidirectional, reinforcing feedback loop. On the
one hand, echo chambers intensify political polarization by
isolating individuals from opposing viewpoints, reinforcing
their existing beliefs, and driving them toward more ex-
treme positions over time. On the other hand, heightened
political polarization increases individuals’ tendency to seek
like-minded communities, further fostering echo chambers.
This dynamic is especially evident on social media platforms
(Iandoli, Primario, and Zollo 2021), where factors such as
influential users, media outlets, and algorithmic content de-
livery encourage ideological clustering (Alatawi, Sheth, and
Liu 2024).

For example, Flamino et al. (2023) analyzed how politi-
cal influencers shaped discourse during the 2016 and 2020
U.S. elections, reinforcing divides between left- and right-
wing ideologies through selective content sharing. Similarly,
Cota et al. (2019) quantified information spread within polit-
ically homogeneous networks, showing how echo chambers
limit exposure to diverse perspectives, thereby amplifying
polarization. Additionally, Dehghan and Nagappa (2022)
found that the alt-tech platform Gab fosters environments
conducive to fringe ideologies and radical discourse, often
intensified by echo chamber dynamics. In a comparative
study, Cinelli et al. (2021) observed that homophilic clus-
tering—where users gravitate toward like-minded commu-
nities—is most pronounced on Facebook and Twitter, while
less so on Gab and Reddit.

Furthermore, polarized individuals tend to seek out like-
minded communities and information sources, reinforcing
their preexisting views through a process known as selective
exposure (Garrett 2013). This tendency strengthens echo
chambers by drawing individuals toward ideologically con-
sistent groups and media, further limiting exposure to op-
posing perspectives.

The reinforcing cycle between polarization and echo
chambers makes bridging partisan divides increasingly chal-
lenging, weakening the public sphere and democratic dia-
logue. Collectively, these studies underscore the persistence
of echo chambers within social media and highlight the ur-
gent need to understand and address this phenomenon amid
rising political polarization.

New Social Media Platforms

In this study, we focus on three emerging social media
platforms—Truth Social, Mastodon, and BlueSky. BlueSky,
with its single-instance setup, closely resembles Twitter in
terms of user habits. Early research suggests that BlueSky’s
network topology mirrors those of larger platforms, show-
ing similar patterns in user connectivity and engagement
(Failla and Rossetti 2024; Quelle and Bovet 2025). Its user
base leans left-center, likely attracting those dissatisfied
with Twitter’s recent content moderation. Mastodon, how-
ever, boasts over 7,500 instances, including the main server
Mastodon Social and numerous smaller communities fo-
cused on specific topics. This decentralized structure allows
for greater community autonomy and quality engagement
over sheer user numbers (Zulli, Liu, and Gehl 2020). For ex-



ample, a study on Mastodon’s structure highlights its unique
approach to community management and content dissemi-
nation (Zignani, Gaito, and Rossi 2018).

Conversely, Mastodon offers a highly decentralized ex-
perience, fostering niche communities through thousands of
independent instances that differ substantially from Twitter’s
centralized structure (Zignani, Gaito, and Rossi 2018). Truth
Social, based on Gerard, Botzer, and Weninger (2023)’s pre-
liminary analysis, aligns with alt-tech platforms, initially
drawing a predominantly right-leaning audience.

Existing research has extensively examined Twitter and
Reddit due to their popularity and data accessibility. These
studies have shown that traditional social media platforms
often exhibit strong echo chamber effects and, to some
extent, polarized structures (Iandoli, Primario, and Zollo
2021). However, our understanding of newer platforms like
Truth Social, BlueSky, and Mastodon remains limited, de-
spite their growing user bases. It is also increasingly evident
that the future of social media will feature a greater diversity
of platforms and structures (Chen 2023). Thus, it is crucial
to investigate the founding motivations behind these emerg-
ing platforms, to examine whether users’ interaction patterns
align with or diverge from those on traditional platforms,
and to assess whether they are fostering a more diverse or
increasingly polarized online environment.

Quantifying Echo Chambers Effect

Before asserting the presence of echo chambers on social
media, we must first establish a principled approach to quan-
tify them. As no standardized methodology exists, prior
studies have explored this measurement from various an-
gles. For instance, Cinelli et al. (2021) analyzed echo cham-
bers by labeling users’ ideological leanings and compar-
ing these leanings within user networks to detect cluster-
ing. They further examined community structures and mod-
eled opinion spread through susceptible-infected-recovered
(SIR) dynamics. Similarly, Cota et al. (2019) employed epi-
demic models (SIS and SIR) to study information dissemi-
nation during Brazil’s impeachment debate, quantifying po-
larization within politically aligned networks.

Other approaches have focused on content sources and
ideological drift. Flamino et al. (2023), for example, cate-
gorized news outlets and influencers by political bias and
tracked behavioral shifts across two U.S. elections, reveal-
ing increased polarization over time. Across these efforts, a
common goal emerges: determining whether social interac-
tions are structured by ideological affinity, thus reinforcing
homogeneity and limiting exposure to diverse perspectives.

Notably, many of these studies rely on repost networks —
retweets, shares, or reblogs — as proxies for endorsement or
ideological alignment. For example, Garimella et al. (2018a)
leveraged retweet patterns to quantify polarized discourse
on Twitter. However, repost networks predominantly capture
behaviors of agreement or amplification (Boyd, Golder, and
Lotan 2010; Metaxas et al. 2015), potentially missing criti-
cal interactions such as disagreement, debate, or ideological
contestation.

Furthermore, studies like the one by Bakshy, Messing,
and Adamic (2015) examined ideological filtering through
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exposure to and engagement with news links on Facebook.
While crucial for understanding selective exposure, such
analyses capture content-less behavioral signals — user ac-
tions (e.g., clicking) that indicate preference but do not re-
veal the substance of ideological exchanges. In contrast, re-
ply networks represent content-bearing interactions: every
link in the network reflects a direct communicative act, em-
bedding both relational ties and the textual substance of dis-
cussions. Replies offer a broader view of how users affirm,
contest, or negotiate ideological positions, thereby providing
aricher lens for studying the dynamics of echo chambers.

Building on this distinction, our study introduces a multi-
faceted model of echo chambers that integrates both net-
work structure and narrative influence. While existing re-
search has largely emphasized structural features — such as
ideological clustering or information diffusion — it has un-
derexplored how influential users actively steer discussions
and frame dominant narratives within clusters. We propose
that echo chambers are not solely defined by who connects
with whom, but also by whose voices shape the content that
circulates within these communities.

Specifically, we operationalize the echo chamber ef-
fect through three complementary dimensions: (1) narrative
dominance by central users, measured by alignment between
user centrality (PageRank) and content representativeness
(LexRank); (2) community-level ideological homogeneity,
assessed through stance analysis; and (3) connectivity bias
toward ideologically similar users, modeled through biased
random walks. By combining structural and textual analysis
within reply networks, our approach offers a more compre-
hensive and dynamic view of echo chambers, capturing both
the formation of ideological silos and the narratives that sus-
tain them.

Data

We collected posts and replies from BlueSky, Mastodon,
and Truth Social to compare opinions across these plat-
forms. For Mastodon, we focused on the main server with
the largest user base, “mastodon.social.” Previous research
revealed a lack of comprehensive comparative studies on the
echo chamber effect across social media platforms, with in-
consistencies in data collection time frames and topics that
hinder comparability. For example, Cinelli et al. (2021) ana-
lyzed echo chambers on Facebook, Twitter, Reddit, and Gab,
but the data collection periods varied widely: Facebook data
spanned from 2010, Twitter from 2016, and Reddit and Gab
from 2017, covering durations from as short as 14 days to
as long as 7 years. Additionally, the topics analyzed dif-
fered by platform (e.g., “abortion,” “gun control,” and “Oba-
maCare” on Twitter, versus “vaccines,” “Science/Conspir-
acy,” and “News” on Facebook).

To address these inconsistencies, we standardized our data
collection to a fixed period, from May 30 to June 30, 2024.
For BlueSky, Mastodon, and Truth Social, we used each
platform’s “search posts” endpoint in their public API to re-
trieve posts containing the keywords “Biden” and “Trump.”
These keywords were chosen to capture a wide range of dis-
cussions about these presidential candidates, with Biden still
representing the Democratic Party during this period.



During this timeframe, two significant public events oc-
curred: Donald Trump became the first former U.S. pres-
ident convicted of felony crimes (Michael R. Sisak et al.
2024), and Hunter Biden, son of President Joe Biden, was
convicted on three federal felony charges in a gun trial (Ran-
dall Chase et al. 2024). These high-profile events likely gen-
erated strong public reactions, presenting a unique oppor-
tunity to explore whether discussions about these incidents
align with our hypothesis on the echo chamber effect. We
anticipate that these events catalyzed extensive discourse,
providing a rich dataset to examine ideological clustering
across these platforms.

The Bluesky API provided endpoints for creating posts,
managing sessions, and fetching post threads. The thread
endpoint was particularly useful for retrieving conversa-
tion threads around specific posts, enabling a comprehensive
view of discussions. Detailed documentation is available at
the Bluesky API documentation site'.

Similarly, the Mastodon API offered extensive function-
ality, including the context endpoint, which allowed us to re-
trieve entire conversation threads surrounding a given post.
This helped in understanding the full scope of discussions
related to specific topics. Detailed information can be found
in the Mastodon API documentation?.

Truth Social, although lacking publicly available
APl documentation, shares an API structure similar to
Mastodon’s. This similarity allowed us to use the context
endpoint in a manner akin to Mastodon’s, facilitating the
collection of surrounding conversations for target posts
and enabling seamless integration into our data collection
methodology.

We used the search endpoint for each platform to con-
duct keyword searches, retrieving all posts containing our
target keywords. Additionally, we employed supplementary
endpoints to ensure comprehensive coverage and a deeper
understanding of the discussions. For Mastodon and Truth
Social, we used the context endpoint, which retrieves sur-
rounding posts related to a specific post. This approach helps
us capture the broader conversation and understand the flow
of discussions around our keywords. On BlueSky, we used
the thread endpoint, which captures entire threads or con-
nected series of posts, offering insights into how conversa-
tions evolve over time.

The context search is a recursive process: we searched
both the ancestors and descendants of each post retrieved
through keyword searching. For each ancestor and descen-
dant, we recursively searched their ancestors and descen-
dants until reaching either the end or the top of the reply
tree. By leveraging these various endpoints, we gathered a
rich dataset that includes not only individual posts but also
the surrounding context and extended discussions.

We constructed reply networks for Mastodon, BlueSky,
Truth Social, and Reddit, with particular emphasis on inter-
action homophily as measured through textual content. In
the context of our user interaction network, each user is rep-
resented as a node, and replies form the directed edges be-

"https://docs.bsky.app/docs/category/http-reference
>https://docs.joinmastodon.org/api/
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tween them as reply interactions—an edge from user A to
user B indicates that A replied to B. Basic statistics of our
networks are shown in Table 1. As we can see, Mastodon’s
network comprises 18,635 nodes and 48,438 edges, with
an average degree (in-degree and out-degree) of 2.60. The
relatively high proportion of isolated nodes (10.73%) indi-
cates that a considerable portion of users within this topic
space did not participate in any reply-based interactions.
BlueSky’s network has 138,027 nodes and 827,337 edges,
and a higher average degree of 5.99. However, the propor-
tion of isolated nodes (24.90%) suggests that nearly a quar-
ter of users did not engage in discussions related to the se-
lected keywords. Truth Social shows a higher degree of in-
teraction, with 206,097 nodes, 1,570,746 edges, and an av-
erage degree of 7.62. Its isolated node proportion (0.80%)
is notably low, indicating that most users within this subset
were active in reply exchanges.

Method

In existing studies, repost networks (such as retweets on
Twitter) are commonly used to model social interactions
(Galuba et al. 2010; Barbera et al. 2015; Garimella et al.
2018b; Flamino et al. 2023), while few incorporate reply
behaviors (Cota et al. 2019; Alatawi, Sheth, and Liu 2024).
However, we argue that echo chambers are not solely re-
inforced through reposts; they are primarily sustained by
direct interactions that reaffirm user biases within the net-
work. Additionally, repost behaviors do not explicitly con-
vey opinions and do not necessarily constitute an endorse-
ment (Garimella et al. 2018b), whereas reply content often
contains direct expressions of viewpoints and stances. On
the other hand, the limited studies that consider reply net-
works have neglected interaction dynamics, a critical feature
of the echo chamber effect. Instead, they focus solely on user
spreading capacity (Cota et al. 2019) or rely solely on text
embedding methods (Alatawi, Sheth, and Liu 2024), inde-
pendent of the network structure. Therefore, we constructed
reply networks for Mastodon, BlueSky, Truth Social, and
Reddit. Each network consists of nodes representing users,
with directed edges capturing reply relationships, where an
edge from one user to another indicates a reply. As such, the
network statistics primarily describe the interaction patterns
within these topic-focused communities.

Building on the framework outlined in the related work
section, we propose three methods to quantify echo cham-
bers, focusing on influential users, community ideological
alignment, and connectivity patterns in reply-based interac-
tions.

Influence-Representativeness Model

Traditional studies of echo chambers have largely focused
on structural clustering or exposure patterns. However, at the
content level, ”echo” also manifests when influential figures
propagate or even introduce narratives that are rapidly am-
plified and repeated by others (Starbird 2017; Asatani et al.
2021). In this sense, echo chambers involve not only who
interacts with whom but also what language and frames be-
come dominant. Therefore, our first approach aims to vi-



Platform Nodes (Users) Edges Average Degree | Isolated Nodes (%) | Number of Posts
Mastodon 18,635 48,438 2.60 10.73 111,183
BlueSky 138,027 827,337 5.99 24.90 2,392,413
Truth Social 206,097 1,570,746 7.62 0.80 3,556,587

Table 1: Network Statistics of Social Media Platforms

sualize the echo chamber effect by leveraging two algo-
rithms: PageRank and LexRank, which respectively capture
user centrality and textual representativeness. Each algo-
rithm offers complementary insights—structural influence
within the network and semantic centrality within the con-
tent—allowing us to assess how user prominence corre-
sponds with message representativeness across the entire
discourse.

PageRank (Page et al. 1999) is a graph-based algorithm
originally developed to rank web pages by importance. It
operates by iteratively assigning a score to each node (in our
case, a user) based on the centrality of the nodes pointing to
it. The algorithm assumes that connections from important
nodes contribute more to the rank of a given node, thereby
capturing not only direct but also indirect influence. Users
with high PageRank scores are those who receive significant
engagement from other central users, marking them as influ-
ential in the social structure.

LexRank (Erkan and Radev 2004) is another graph-based
algorithm, but it operates over a corpus of texts rather than
users. LexRank constructs a similarity graph where each
sentence or post is a node, and edges between nodes are
weighted by the cosine similarity between their content. The
algorithm assigns importance scores to each text based on
how well it connects with other central texts, following prin-
ciples similar to PageRank. A post with a high LexRank
score is thus highly representative of the broader discourse,
as it is semantically aligned with a large portion of the cor-
pus. In this paper, we handle a corpus of millions of posts
by implementing FastLexRank (Li, Conrad, and Gagnon-
Bartsch 2025), an optimized version of LexRank, which en-
ables efficient processing of large datasets.

The combination of PageRank and LexRank provides a
novel way to quantify the echo chamber effect. PageRank
identifies which users are structurally influential in the inter-
action network, while LexRank determines how representa-
tive (central) their posts are in relation to the overall cor-
pus. If a significant overlap exists between the two—i.e., if
users with high PageRank scores also produce posts with
high LexRank scores—it indicates that influential users are
shaping the narrative in a way that aligns with the overall
corpus. This suggests that the views of prominent users dom-
inate both the interaction structure and the content, leading
to high network homogeneity.

This model further captures this dynamic by analyzing
the overlap between user centrality (PageRank) and content
centrality (LexRank). A strong alignment indicates that a
few influential users are steering the conversation and that
their narratives are widely echoed across the network. For
instance, the adoption of terms like ”Sleepy Joe,” initially
coined by Donald Trump and quickly repeated by his sup-
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porters, exemplifies how narrative frames can spread from
central actors into the broader discourse, reinforcing ide-
ological homogeneity. By quantifying this narrative align-
ment, our method offers a new dimension to understanding
how echo chambers operate at both the structural and se-
mantic levels.

Community-Stance Model

Our second method examines echo chambers by combining
community detection with stance analysis. This approach
aims to identify tightly connected communities and assess
the ideological alignment within them. Clusters based on
community detection represent groups of users with inten-
sive interactions. Identifying such tightly connected sub-
groups helps uncover the structural layout of social inter-
actions. To further assess the internal homophily of these in-
teraction communities, we extend our analysis by perform-
ing stance detection on the textual content within these com-
munities. This additional step allows us to measure whether
users within a community tend to align ideologically, rein-
forcing the presence of echo chambers.

For community detection, we applied the Leiden algo-
rithm (Traag, Waltman, and van Eck 2019) to identify com-
munities within the interaction network. The Leiden al-
gorithm is an improved version of the Louvain algorithm
(Blondel et al. 2008), which maximizes modularity to de-
tect groups of nodes with dense intra-group connections.
While the Louvain algorithm efficiently identifies hierarchi-
cally nested communities through iterative modularity op-
timization, it can sometimes yield fragmented clusters. To
address this, the Leiden algorithm introduces refinements
that ensure connectedness within communities and produce
more stable partitions, enhancing the reliability of commu-
nity detection. Therefore, we selected Leiden over Louvain
for its improved accuracy and stability in detecting cohesive
communities.

We then employ the Llama-3.1-8B-Instruct
model to perform stance detection on the posts, categorizing
each one into one of five stances: left, lean-left, center, lean-
right, or right. Given the dialogic nature of the reply-based
network, where individual responses often rely on preceding
context, the model considers conversational flow to enhance
the accuracy of stance annotations. Each stance is then as-
signed a numerical value: -1 for left, -0.5 for lean-left, O for
center, 0.5 for lean-right, and 1 for right.

Two researchers evaluated the model’s output on a sam-
ple of 200 instances. Inter-rater reliability was assessed us-
ing Cohen’s k coefficient. During the coding process, our
annotators encountered cases where labeling was subjective
and nuanced, making it difficult to fully harmonize their
judgments. We acknowledge this subjectivity as an inher-



ent aspect of the task. Therefore, instead of enforcing a sin-
gle “correct” label, we used Cohen’s k to measure inter-
rater reliability, as it accounts for agreement beyond chance
and treats both annotators symmetrically. We consider the
model’s agreement with each annotator acceptable as long as
the « values are not too low, reflecting that the model aligns
reasonably well with human interpretations despite some
ambiguity in the labeling task. The agreement between the
two human annotators was substantial, with k = 0.78. The
agreement between the LLM and Human 1 was k = 0.64,
while the agreement between the LLM and Human 2 was
x = 0.73. We also examined the cases where the annota-
tors disagreed with the model. In most of these instances,
the model struggled to determine the individual’s politi-
cal ideology due to insufficient information. While human
coders typically labeled such cases as neutral, LLM often
attempted to infer an ideological alignment. Occasionally,
these guesses were accurate, but more often, we believe the
ambiguity made it genuinely difficult to draw a definitive
conclusion. Overall, we find that the annotation accuracy of
the LLM is reasonably strong. Moreover, since post-level
political ideology labels are aggregated to the user level, in-
dividual annotation errors are less likely to impact the over-
all outcome significantly. The detailed prompt can be seen
in the Appendix.

To aggregate these stance scores at the user level, we
calculate a political ideology leaning score based on each
user’s posts. For a given user ¢ with n; posts, denoted P; =
{p1,Dp2,...,pn,} the user’s political ideology score S; is
calculated as follows:

n,
1 k2
Sl' = — E Cj
ng <
Jj=1

where c; is the stance score for post p; in the set ;.

Once the user’s political ideology scores have been in-
ferred, we looked at the distribution of users’ ideology
scores across the communities that were detected by the
Leiden algorithm for each social media platform. Since the
community detection algorithm normally returns a large
number of small communities with a small number of large
communities, we picked the ten largest communities for
each social media platform.

Based on the above process, we quantified the degree of
homogeneity at the community level and assessed the ex-
tent to which ideological uniformity reinforces echo cham-
ber effects. A high degree of alignment between structural
and ideological homogeneity suggests stronger echo cham-
bers, while more diverse distributions indicate weaker or
non-existent echo chambers.

Biased Random Walk Model

We propose a biased random walk model for simulating in-
fluence spread within a network. This model captures the
tendency of individuals to interact preferentially with others
who share similar ideological leanings, quantified by a polit-
ical ideology score. The objective is to further examine the
extent to which an initial node (seed) can propagate its influ-
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ence based on a bias toward ideological similarity, without
imposing a strict distance threshold.

The interaction network G = (V, E) consists of a set of
nodes V' and edges F, where each node represents an indi-
vidual and edges represent interactions between them. Each
node v € V has an associated political ideology score p,,,
where p, € [—1,1]. Scores near —1 represent left-leaning
ideologies, scores near 0 indicate centrism, and scores close
to 1 represent right-leaning ideologies.

For each random walk, an initial node vy € V is selected
randomly. At each step, a transition probability P(v — u)
determines the likelihood of moving from the current node v
to a neighboring node u, weighted by the similarity in their
political ideology scores. This probability is defined by:

«
l1—«

lf ‘pv 7pu,| S 5
if [py — pul > 6

P(v—>u)—{

where « represents the bias strength, this value should
reflect real-world levels of ideological bias in interaction.
Studies estimate 60-80% of user interactions on politically
charged topics are with ideologically similar others; there-
fore, we set a = 0.7 to reflect a moderate preference for sim-
ilar than dissimilar neighboring nodes (Barber4 et al. 2015;
Bakshy, Messing, and Adamic 2015). The maximum politi-
cal ideology similarity threshold, J, is 1, permitting the ran-
dom walk to explore nodes of diverse ideological distances.

The random walk continues for a maximum of s = 25
steps, or until no further connections are available. To ob-
tain a comprehensive view of influence propagation across
the network, this process is iterated over 1000 walks with
randomly selected starting nodes. For each walk, we record
the influence set—a collection of nodes reached from the
seed node under the bias constraint. Recognizing that pa-
rameter settings could influence the results, we conducted a
sensitivity analysis for both the bias strength (alpha) and the
number of walk steps (s), as detailed in the Appendix.

Under this approach, we assess the strength of the echo
chamber effect by examining the ideological composition
of the influence sets reached by the biased random walk.
When influence sets for both left- and right-leaning seed
nodes encompass a diverse range of ideological positions,
this suggests a weaker echo chamber effect with greater
cross-ideological exposure. Conversely, a strong echo cham-
ber effect is indicated if the influence sets of seed nodes are
predominantly composed of individuals with similar ideo-
logical leanings, as the influence remains largely confined to
ideologically homogeneous groups, reinforcing limited ex-
posure to opposing views.

Results
Influence-Representativeness Alignment

The results of our Influence-Representativeness comparison
are displayed in Figure 1. To address potential processing
errors, we mapped the relationship between the top-rated
users identified by the PageRank algorithm and their posts
(specifically, the 20 most representative posts) in Figure 1.
Each curve connects a user to their posts ranked by the
FastLexRank algorithm, with color coding applied based on
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Figure 1: Comparison of User Influence (PageRank) and Content Representativeness (FastLexRank) on Mastodon, Truth Social,

and BlueSky

quartile position: red for the top 25%, light red for the sec-
ond quartile, yellow for the third, and blue for the fourth
quartile. While PageRank and FastLexRank offer useful
proxies for user influence and content representativeness, we
note that they capture network centrality and semantic cen-
trality, respectively, rather than direct measures of real-world
influence or narrative control. To further support the validity
of these measures, we conducted a manual inspection and a
human evaluation study, summarized below and detailed in
the Appendix. The user-content centrality mapping on Truth
Social is particularly striking. Nearly all of the top 20 influ-
ential users who attract significant engagement from other
central users fall within the top 25% quartile for LexRank
scores. This suggests that these influential users are highly
aligned with the platform’s dominant narratives. Notably, a
large proportion of these central users are associated with
Donald Trump and Republican-related content (e.g., Real-
DonaldTrump, DonaldJTrumpJr, RepMTG), indicating that
discussions on Truth Social are heavily concentrated around
a specific ideological framework, reinforcing a strong echo
chamber effect.

In contrast, the interaction patterns on BlueSky and
Mastodon show notable differences. The LexRank scores
of the top 20 influential users on these platforms are more
evenly distributed across quartiles, suggesting that the cen-
tral users on these platforms do not as effectively represent
the views of the broader user base. This distribution reflects
a more diverse exchange of opinions, allowing for more ide-
ological variation and reducing the concentration of discus-
sion around a single narrative.

Additionally, on BlueSky, many of the most influential
users are official accounts, including prominent media out-
lets (e.g., NYTimes), which support the platform’s role in
disseminating diverse information. On Mastodon, however,
the most influential users are primarily private accounts,
aligning with the platform’s decentralized structure and em-
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phasis on user autonomy. These variations underscore how
differences in platform architecture and user demographics
shape interaction patterns and narrative formation, influenc-
ing the extent to which echo chambers and ideological con-
centration emerge.

Community-Based Ideological Distribution

As shown in Figure 2, the results of our community-stance
analysis are consistent with earlier findings on user interac-
tions and narrative dynamics across platforms. The modular-
ity scores of the reply networks were 0.2515 for Mastodon,
0.0639 for Truth Social, and 0.2125 for BlueSky. Mastodon
and BlueSky both exhibit moderate modularity, suggesting
the presence of structurally distinct interaction clusters—an
observation that aligns with the ideological diversity and de-
centralized engagement patterns seen on these platforms. In
contrast, the very low modularity on Truth Social does not
imply an absence of ideological clustering. Rather, it re-
flects the dominance of a single, densely connected commu-
nity centered around high-profile figures—particularly Don-
ald Trump—whose posts attract widespread attention and
replies. As demonstrated in our influence-representativeness
analysis, a small number of central users not only concen-
trate user interactions but also shape the prevailing nar-
ratives, producing a tightly interconnected echo chamber
rather than multiple isolated ideological groups. To evalu-
ate ideological consistency, we focused on the ten largest
communities on each platform, which together encompass
37% of the total nodes on Mastodon, 91% on Truth Social,
and 74% on BlueSky—capturing the majority of meaningful
interaction within each network.

On Truth Social, the 6 largest communities dominate in
size, and within each of these communities, users are pre-
dominantly labeled as “right” or “lean-right.” There is mini-
mal representation of opposing viewpoints, indicating a sig-
nificant degree of ideological clustering, with little cross-
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Figure 2: Distribution of Political Ideology Scores within the
Largest Communities across Mastodon, Truth Social, and
BlueSky

ideological discussion. This pattern suggests the presence
of homogeneous communities, consistent with previous in-
sights about ideological concentration on this platform.

In contrast, the ideological distribution among users in
Mastodon’s communities is more dispersed, although it
leans slightly to the right overall. The communities on
Mastodon are smaller and more evenly distributed, reflecting
the platform’s decentralized structure and the diversity of its
user interactions. This pattern indicates a broader range of
perspectives, though ideological preferences still skew right-
ward in aggregate.

On BlueSky, the communities show a more centrist ide-
ological tendency, with user ideologies distributed symmet-
rically around the mean. Community sizes on BlueSky are
larger than those on Mastodon but smaller than those on
Truth Social, with the three largest communities accounting
for a significant portion of the total nodes. This pattern re-
flects a balance between ideological diversity and structure,
suggesting that BlueSky facilitates discussions with more
varied viewpoints compared to the other two platforms.
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These findings illustrate how different platform architec-
tures and user behaviors influence the development of com-
munities and the extent of ideological clustering. They fur-
ther highlight the varying degrees to which echo chambers
may form across platforms, contributing to different dynam-
ics of political discourse and engagement.

Results and Analysis of Biased Random Walks
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Figure 3: Ideological Influence Spread Across Social Net-
works via Biased Random Walks

To clearly illustrate the ideology of influence sets result-
ing from the biased random walk, we present the results in
a scatter plot. This plot represents the relationship between
the initial political ideology score of each seed node and the
average political ideology score of the nodes within its influ-
ence set. Each point on the scatter plot corresponds to one
random walk, with the x-axis representing the initial leaning



of the seed node and the y-axis showing the average leaning
of its influence set.

Each platform demonstrates unique ideological clustering
patterns. On Truth Social, a significant clustering effect ap-
pears on the right, with right-leaning seed nodes reaching in-
fluence sets that are also predominantly right-leaning. This
pattern suggests a strong echo chamber effect, where users
primarily interact with ideologically similar peers, reinforc-
ing in-group biases and limiting exposure to diverse view-
points.

In contrast, Mastodon displays a more balanced ideolog-
ical spread. Influence sets for both left- and right-leaning
seed nodes cover a broader range of ideologies, indicating
weaker echo chambers and greater cross-ideological expo-
sure. The clustering around the center line implies a plat-
form structure that fosters a variety of viewpoints, reducing
ideological homogeneity.

BlueSky exhibits a central clustering pattern, where most
influence sets converge around the center regardless of the
initial seed’s leaning. This suggests that BlueSky’s network
structure promotes cross-ideological interactions, resulting
in a more balanced exchange of perspectives and a reduced
echo chamber effect. Users with extreme leanings are more
likely to encounter diverse viewpoints, which can moderate
ideological clustering.

The initial ideological leaning of seed nodes heavily im-
pacts the composition of influence sets, particularly on Truth
Social, where right-leaning nodes predominantly influence
right-leaning sets. This reinforcement of ideological consis-
tency suggests a mechanism that may contribute to polar-
ization. Mastodon shows more ideological diversity in in-
fluence sets, implying a structure that encourages broader
interaction. BlueSky’s central clustering further reflects a di-
lution of extreme ideologies, potentially reducing bias in in-
fluence patterns.

These findings imply that network structure influences
ideological exposure and polarization. Truth Social’s strong
echo chambers may deepen ideological divides by lim-
iting cross-ideological interactions. In contrast, Mastodon
and BlueSky show more diverse interactions, which may
counteract polarization by fostering a balanced exchange
of ideas. The centrist clustering on BlueSky, in particular,
points to a platform environment where extreme ideologies
are less likely to dominate, possibly due to platform design
or user behavior that encourages broader connectivity.

Conclusion and Discussion

In this study, we focused on the most engaging and opinion-
expressive form of interaction—the reply network—to ana-
lyze interaction patterns on three major emerging social me-
dia platforms in the “post-Twitter era”: BlueSky, Mastodon,
and Truth Social, within a polarization context. To quantify
the echo chamber effect, we applied three methods that ex-
amine (1) the role of influential users in shaping narratives,
(2) the ideological alignment within reply network commu-
nities, and (3) the connectivity patterns favoring ideologi-
cally similar users. Our analysis used strict controls on topic
and time frame in data collection to ensure rigorous cross-
platform comparisons.
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Our findings reveal a relatively weaker echo chamber
effect on both Mastodon and BlueSky, where discussions
span a broader ideological spectrum. However, there are
subtle differences in the patterns observed on these two
platforms: (1) On Mastodon, the top influential accounts
are predominantly private users, while on BlueSky, sev-
eral top accounts are official entities, including neutral news
media. Mastodon’s most influential users display the most
dispersed representativeness in their content, suggesting a
highly diverse range of opinions within the interaction net-
work. (2) In the communities detected on Mastodon, par-
ticipant ideologies are widely distributed, covering nearly
the entire ideological spectrum. By contrast, interactions on
BlueSky tend to cluster around users with centrist ideolo-
gies. (3) In our biased random walk analysis, seed nodes
on Mastodon reach users across a broad ideological range,
while on BlueSky, they are largely clustered around centrist
users. We, therefore, categorize these interaction patterns
as follows: Mastodon fosters rich ideological diversity with
cross-ideological exchanges, whereas BlueSky’s discussions
are more centered around moderate voices.

By contrast, Truth Social exhibits a pronounced echo
chamber effect, with the majority of its user base leaning
right or supporting Trump. This strong ideological align-
ment aligns with the platform’s founding purpose, which
was to provide Trump supporters with a dedicated space
for digital engagement following his Twitter ban. The high
degree of ideological homogeneity on Truth Social sug-
gests that discussions are more insular, reinforcing shared
perspectives and potentially limiting exposure to opposing
viewpoints.

Beyond quantifying echo chamber effects, our content
analysis of Truth Social offers additional qualitative in-
sights into user dynamics within this platform. On the one
hand, the ideological clustering observed within Truth So-
cial raises concerns about the potential for echo chambers to
amplify misinformation or reinforce collective biases. For
instance, influential figures, such as Trump himself, play a
prominent role in shaping narratives on the platform. A post
by Trump on May 31, 2024, about his Manhattan trial drew
2,142 replies, 5,969 reblogs, and 22,400 favorites, illustrat-
ing the considerable reach and influence of his commen-
tary among followers. This environment, where influential
voices dominate the discourse, could increase the likelihood
of recirculating and entrenching specific narratives within
the community.

On the other hand, it is encouraging to observe that
Truth Social’s ideological alignment does not entirely pre-
clude critical engagement or fact-checking. Even within this
predominantly right-leaning space, we identified instances
where users engage in debate, challenging each other’s nar-
ratives with counter-evidence. For example, in discussions
around Trump’s alleged remarks about veterans, while some
users defended Trump by citing figures like former Chief
of Staff Gen. John Kelly, who allegedly denied hearing dis-
paraging comments, others directly challenged these de-
fenses. One user asserted, “Critics claim Trump dispar-
aged veterans, but key figures deny hearing him call any-
one ’losers.”” This statement was countered by another user



who responded, “John Kelly has, in fact, confirmed Trump’s
disparaging remarks, a fact easily verified with a simple
search.” Such exchanges suggest that fact-checking and crit-
ical discourse do occur, even within a platform skewed to-
ward a single ideological orientation.

In summary, while echo chambers on platforms like
Truth Social can potentially intensify ideological confor-
mity and misinformation, they may also host instances of
fact-checking and debate, adding complexity to our under-
standing of these spaces. Future research could delve fur-
ther into the dynamics within echo chambers, investigating
whether they solely promote polarization and misinforma-
tion or also provide opportunities for critical engagement
and truth-checking. This nuanced perspective could help
clarify the role of echo chambers in shaping public opinion
and the quality of discourse in online communities.

Limitations

Our analysis focuses on a specific one-month period (May
30-June 30, 2024) and centers on political discussions in-
volving keywords related to Biden and Trump. This tight
topical and temporal framing allows for rigorous cross-
platform comparability during a period of high political
salience. However, it also constrains the generalizability of
our findings. Interaction patterns and echo chamber effects
may differ across other topics (e.g., health, entertainment) or
in non-election periods. Future research should expand this
approach to different time frames and broader topic domains
to examine whether similar patterns of ideological clustering
and narrative convergence emerge under varied conditions.
Nevertheless, by focusing on a politically charged context,
our study captures a “’stress test” scenario where echo cham-
ber dynamics are likely to be most pronounced.
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(g) Did you discuss any potential misuse of your work?
No, it is not possible to misuse our work

(h) Did you describe steps taken to prevent or mitigate po-
tential negative outcomes of the research, such as data
and model documentation, data anonymization, re-
sponsible release, access control, and the reproducibil-
ity of findings? Yes

(i) Have you read the ethics review guidelines and en-
sured that your paper conforms to them? Yes

2. Additionally, if your study involves hypotheses testing...

(a) Did you clearly state the assumptions underlying all
theoretical results? Yes

(b) Have you provided justifications for all theoretical re-
sults? Yes

(c) Did you discuss competing hypotheses or theories that
might challenge or complement your theoretical re-
sults? Yes

(d) Have you considered alternative mechanisms or expla-
nations that might account for the same outcomes ob-
served in your study? Yes

(e) Did you address potential biases or limitations in your
theoretical framework? Yes

(f) Have you related your theoretical results to the existing
literature in social science? Yes

(g) Did you discuss the implications of your theoretical
results for policy, practice, or further research in the
social science domain? Yes

3. Additionally, if you are including theoretical proofs...

(a) Did you state the full set of assumptions of all theoret-
ical results? Yes

(b) Did you include complete proofs of all theoretical re-
sults? Yes

4. Additionally, if you ran machine learning experiments...

(a) Did you include the code, data, and instructions
needed to reproduce the main experimental results (ei-
ther in the supplemental material or as a URL)? No,
but we will do so upon the acceptance

(b) Did you specify all the training details (e.g., data splits,
hyperparameters, how they were chosen)? No, we did
not train any models

(c) Did you report error bars (e.g., with respect to the ran-
dom seed after running experiments multiple times)?
No, we did not train any models

(d) Did you include the total amount of compute and the
type of resources used (e.g., type of GPUs, internal
cluster, or cloud provider)? No, but we will disclose
the details upon the acceptance

(e) Do you justify how the proposed evaluation is suffi-
cient and appropriate to the claims made? Yes

(f) Do you discuss what is “the cost* of misclassification
and fault (in)tolerance? Yes

5. Additionally, if you are using existing assets (e.g., code,
data, models) or curating/releasing new assets, without
compromising anonymity...

(a) If your work uses existing assets, did you cite the cre-
ators? Yes

(b) Did you mention the license of the assets? Yes

(c) Did you include any new assets in the supplemental
material or as a URL? No, but we will do so upon the
acceptance

(d) Did you discuss whether and how consent was ob-
tained from people whose data you’re using/curating?
Yes

(e) Did you discuss whether the data you are using/curat-
ing contains personally identifiable information or of-
fensive content? No, because we used publicly avail-
able data and no PII involved

(f) If you are curating or releasing new datasets, did you
discuss how you intend to make your datasets FAIR?
Yes

(g) If you are curating or releasing new datasets, did you
create a Datasheet for the Dataset? Yes

6. Additionally, if you used crowdsourcing or conducted
research with human subjects, without compromising
anonymity...

(a) Did you include the full text of instructions given to
participants and screenshots? NA

(b) Did you describe any potential participant risks, with
mentions of Institutional Review Board (IRB) ap-
provals? NA

(c) Did you include the estimated hourly wage paid to
participants and the total amount spent on participant
compensation? NA

(d) Did you discuss how data is stored, shared, and dei-
dentified? NA



Large Language Models Evaluation
Prompt

Replies Analyze the following post for the user’s political
leaning, based on these detailed guidelines:

1. **Left**: - The post praises or supports Joe Biden,
Democrats, liberal values, or progressive policies. - The post
criticizes or opposes Donald Trump, conservatives, or right-
leaning positions.

2. ¥*Lean Left**: - The post expresses moderate or qual-
ified support for left-leaning positions (e.g., support for
Biden or Democratic policies but with some reservations).
- The post mildly criticizes right-leaning positions or Trump
but does not express strong or radical views.

3. **Center**: - The post takes a neutral or balanced
stance without strong support or opposition for either side.
- The post avoids taking a clear left or right stance and may
present both sides of an issue equally.

4. **Lean Right**: - The post expresses moderate or
qualified support for right-leaning positions (e.g., support
for Trump or conservative values but with some reserva-
tions). - The post mildly criticizes left-leaning positions or
Biden without expressing extreme or radical views.

5. **Right**: - The post praises or supports Donald
Trump, conservatives, right-wing ideologies, or conserva-
tive policies. - The post criticizes or opposes Joe Biden,
Democrats, or liberal values.

Consider that this post is a response to the following con-
text:

Replying to: “{reply_to_post}”

Post: “{post}”

Please classify the political leaning using one of the fol-
lowing options: - Left - Lean Left - Center - Lean Right -
Right

ONLY provide the output in the following JSON format
without any additional text: {{ “Political Leaning”: “Left-
/Lean Left/Center/Lean Right/Right” }}

Original Post Analyze the following post for the user’s
political leaning, based on these detailed guidelines:

1. **Left**: - The post praises or supports Joe Biden,
Democrats, liberal values, or progressive policies. - The post
criticizes or opposes Donald Trump, conservatives, or right-
leaning positions.

2. ¥*Lean Left**: - The post expresses moderate or qual-
ified support for left-leaning positions (e.g., support for
Biden or Democratic policies but with some reservations).
- The post mildly criticizes right-leaning positions or Trump
but does not express strong or radical views.

3. **Center**: - The post takes a neutral or balanced
stance without strong support or opposition for either side.
- The post avoids taking a clear left or right stance and may
present both sides of an issue equally.

4. **Lean Right**: - The post expresses moderate or
qualified support for right-leaning positions (e.g., support
for Trump or conservative values but with some reserva-
tions). - The post mildly criticizes left-leaning positions or
Biden without expressing extreme or radical views.
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5. **Right**: - The post praises or supports Donald
Trump, conservatives, right-wing ideologies, or conserva-
tive policies. - The post criticizes or opposes Joe Biden,
Democrats, or liberal values.

Post: “{post}”

Please classify the political leaning using one of the fol-
lowing options: - Left - Lean Left - Center - Lean Right -
Right

ONLY provide the output in the following JSON format
without any additional text: {{ “Political Leaning”: “Left-
/Lean Left/Center/Lean Right/Right” }}

Sensitivity Analysis
To assess the robustness of our results, we conducted a sen-
sitivity analysis on two key parameters of the biased ran-
dom walk process: the number of walk steps s, and the
bias strength b. For each setting, we report the average in-
fluence leaning across multiple simulation runs, along with
95% confidence intervals (CI).

Sensitivity to Number of Walk Steps

We varied the number of walk steps s from 5 to 30, hold-
ing the bias strength fixed at b = 0.7. For each step length,
we performed 100 simulation iterations. As shown in Fig-
ure 4, the average influence leaning remains stable across
different walk lengths, suggesting that relatively short ran-
dom walks (e.g., s < 25) are sufficient to capture the local
structure across all three platforms (Mastodon, TruthSocial,
and Bluesky).
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Figure 4: Sensitivity of average influence leaning to the
number of walk steps.

Sensitivity to Bias Strength

We next varied the bias strength o between 0.5 (nearly un-
biased) and 0.95 (strongly biased), using 10 evenly spaced
values, while fixing the number of walk steps at s = 25.
For each bias level, we conducted 100 simulation iterations.
As shown in Figure 5, the influence leaning is largely stable
across different bias strengths, especially for Mastodon and
Bluesky. Truth Social exhibits slightly more variability but
maintains a consistent overall trend. This suggests that our
findings are not overly sensitive to the bias parameter.
Overall, the sensitivity analysis indicates that the results
are robust to reasonable variations in the number of walk



Platform Accuracy Centrality Level

High (P/R/F1) Medium (P/R/F1)  Low (P/R/F1)
BlueSky 40% 0.80/0.20/0.32 0.43/0.15/0.22  0.35/0.85/0.50
Mastodon 58% 0.67/0.40/0.50 0.39/0.35/0.37 0.67/1.00/0.80
Truth Social 67% 0.80/0.80/0.80 0.50/0.50/0.50 0.70/0.70/0.70

Table 2: Human evaluation results for FastLexRank validation across platforms.
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Figure 5: Sensitivity of average influence leaning to bias
strength.

steps and bias strength. In other words, locally biased ran-
dom walks effectively capture influence patterns without
substantial parameter sensitivity.

Validation of PageRank and FastLexRank
PageRank Validation

To verify that PageRank identifies genuinely influential
users, we manually inspected the top 20 users by PageR-
ank score on each platform (Mastodon, Truth Social, and
BlueSky). The top-ranked accounts included well-known
figures such as realDonaldTrump, DonaldJTrumpJr, News-
Max, and the New York Times, consistent with expectations
of influence on these platforms. No anomalous or irrelevant
accounts appeared among the top 20 users. Thus, PageRank
appears to capture user centrality and influence reliably in
the constructed reply networks.

FastLexRank Validation

We conducted a human evaluation study to assess whether
FastLexRank scores correspond to human perceptions of
content representativeness. For each platform (BlueSky,
Mastodon, and Truth Social), we sampled 60 posts (20 high,
20 medium, 20 low) based on FastLexRank scores.

A single expert annotator (from the research group) was
asked to classify posts into high, medium, or low represen-
tativeness categories without knowing the true labels. The
annotator was selected based on their extensive prior expo-
sure to the dataset and familiarity with platform-specific dis-
course, ensuring a high level of domain expertise. Given the
annotator’s in-depth knowledge, this evaluation can be con-
sidered an expert review rather than a crowd-sourced annota-
tion. While we acknowledge that a single annotator may in-
troduce subjective bias, the goal of this validation was to as-
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sess the general recognizability of representativeness rather
than produce an exhaustive labeling effort.

The human evaluation results are summarized in Table 2.

Overall, the results demonstrate that annotators could
distinguish posts of different representativeness levels sub-
stantially better than random guessing (random baseline =
33% accuracy). We recognize that this classification task
is inherently challenging, particularly when posts are short,
topically nuanced, or when “representativeness” itself can
be subjective. The relatively lower accuracy observed for
BlueSky (40%) may reflect platform-specific characteristics,
such as more decentralized or less polarized discourse com-
pared to Mastodon or Truth Social, making it harder for an-
notators to differentiate post centrality purely based on tex-
tual content.

These limitations notwithstanding, the results provide
supporting evidence that FastLexRank captures aspects of
semantic centrality in platform discourse that are percepti-
ble to human evaluators.



