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 A B S T R A C T

Bluesky is a decentralized, Twitter-like social media platform that has rapidly gained popularity. Following an 
invite-only phase, it officially opened to the public on February 6th, 2024, leading to a significant expansion of 
its user base. In this paper, we present a longitudinal analysis of user activity in the two months surrounding its 
public launch, examining how the platform evolved due to this rapid growth. Our analysis reveals that Bluesky 
exhibits an activity distribution comparable to more established social platforms, yet it features a higher 
volume of original content relative to reshared posts and maintains low toxicity levels. We further investigate 
the political leanings of its user base, misinformation dynamics, and engagement in harmful conversations. 
Our findings indicate that Bluesky users predominantly lean left politically and tend to share high-credibility 
sources. After the platform’s public launch, an influx of new users — particularly those posting in English and 
Japanese — contributed to a surge in activity. Among them, several accounts displayed suspicious behaviors, 
such as mass-following users and sharing content from low-credibility news sources. Some of these accounts 
have already been flagged as spam or suspended, suggesting that Bluesky’s moderation efforts have been 
effective.
. Introduction

Decentralized social media platforms have emerged as alternatives 
o traditional, centralized networks, offering users greater control over 
heir data, content moderation, and online interactions. Unlike main-
tream platforms, such as Twitter, Facebook, and Reddit, which rely 
n centralized governance and proprietary algorithms, decentralized 
latforms distribute authority across independent servers or protocols, 
educing single points of failure and promoting transparency [1–4].
Bluesky Social1 is a novel decentralized social media platform for 
icroblogging based in the United States. Founded by Jack Dorsey 
s a Twitter-like alternative, Bluesky aims to provide a more open 
nd user-controlled social networking experience. Initially available 
hrough an invite-only phase, the platform required a free invitation 
ode to join Bluesky officially opened to the public on February 6th, 
024 [5]. With only a few thousand users active in January 2024, the 
latform registered more than one million new users on the first day 

I This article is part of a Special issue entitled: ‘disinformation-toxicity-harms’ published in Online Social Networks and Media.
∗ Corresponding author.
E-mail address: gianluca.nogara@supsi.ch (G. Nogara).

1 https://bsky.social/about

of its opening [6]. Recent events, such as the banning of X/Twitter 
in Brazil and the 2024 U.S. presidential election, have contributed 
to a surge in new users on Bluesky, particularly among those who 
have grown distrustful of X and are seeking an alternative platform for 
political discussions and online discourse [7–9]. As a result, Bluesky 
has attracted millions of new users, solidifying its position as a viable 
alternative to mainstream platforms [10].

As decentralized platforms like Bluesky gain traction, they present 
new opportunities and challenges in online social dynamics, user be-
havior, and moderation strategies. On the one hand, they empower 
users with greater control over their online interactions, reduce re-
liance on centralized authorities, and promote transparency in content 
moderation [4]. On the other hand, the decentralized nature of these 
platforms raises concerns about the effectiveness of moderation, the 
spread of misinformation, and the potential for fragmented online 
communities with varying moderation standards [11].
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Here, building upon the preliminary findings of our previous work
[12], we conduct a comprehensive analysis of user activity on Bluesky 
following its public launch on February 6th, 2024. Several characteris-
tics we analyze align with findings from previous studies on related 
platforms [13,14]. Particularly, we confirm a broad distribution of 
user activity, minimal sharing of low-credibility sources, and a pre-
dominantly center-left-leaning user base. Our findings confirm these 
patterns in the context of Bluesky and extend them by examining 
temporal trends, community structures, and multilingual toxicity in a 
newly emerging decentralized environment. Specifically, we examine 
key characteristics of the platform, including temporal patterns of user 
engagement, the prevalence of different languages, and the structural 
properties of the follower network. We then investigate the estimated 
political leanings of Bluesky users and their relationship with sharing 
information from sources of varying reliability and participation in 
harmful conversations. Lastly, we analyze the largest communities 
on the platform and assess the extent and effectiveness of content 
moderation measures implemented during Bluesky’s initial months of 
global availability. This work expands on our preliminary report [12] 
by adding an analysis of source credibility, examining the trend of high 
and low credibility sources along the timeline, and extending the study 
of toxicity from English and Japanese to other languages in the data. 
We also build a resharing network by linking users who shared posts, 
which allows us to analyze communities based on the characteristics 
of the users. Finally, we leverage user status information to analyze 
how many users have been moderated by the platform or are no longer 
present.

2. Related work

Distributed social networks aim for decentralization, allowing users 
to have more control and privacy. Early efforts like LifeSocial.KOM [15] 
and PeerSON [16] were based on the peer-to-peer model but faced chal-
lenges in performance and reliability. This led to a shift toward server-
based federated models like Mastodon [2,3]. This approach balances 
flexibility and ease of use while maintaining some decentralization [1].

Mastodon, created in 2016, is a free and open-source social media 
platform that allows users to create their own servers (‘‘instances’’) 
and connect with others across the globe. It is a decentralized social 
network, meaning that it is not owned by a single entity, but rather a 
network of independent servers that are connected together. A number 
of studies have identified striking features that make up Mastodon’s 
distinct ‘‘fingerprint’’, distinguishing it from better-known online social 
networks [1,17]. Mastodon has, however, suffered from some natural 
pressures towards centralization, which can lead to potential points of 
failure [2].

To overcome this weakness, Bluesky developed its own decentral-
ized AT protocol. Scalability, security, and ease of use make it an 
attractive option for building open and decentralized social media 
applications that prioritize user privacy and data security [4]. Using 
standard web technologies and re-using existing data models from 
the Web 3.0 protocol family also contributes to its efficiency and 
reliability [18]. Additionally, its federated networking model bolsters 
security by dispersing data across numerous servers, mitigating the risk 
of a single point of failure [2].

Existing literature on Bluesky primarily focuses on general platform 
analysis, highlighting its features and overall structure. Several studies 
have delved into the political dynamics and polarization within social 
networks, focusing on user activity patterns and interactions [13]. 
These analyses reveal how user interactions often lead to the forma-
tion of ideological groupings, which can evolve into echo chambers. 
Additionally, the impact of these dynamics on political division within 
decentralized social networks has been thoroughly examined. Other 
research has explored the platform’s federated model [14], which 
allows users to curate their own experiences through customizable user 
feeds while maintaining interoperability between instances. Additional 
2 
studies have focused on content analysis and user activities [19]. They 
have identified trends in user engagement and content virality, such 
as the types of posts that gain traction and the role of influencers in 
shaping discussions, highlighting differences from traditional central-
ized platforms. Finally, interactions were collected at the millisecond 
level by creating a multi-network temporal dataset [20] in order to 
perform an analysis of complex temporal dynamics such as community 
formation and social sanction patterns, i.e., user blocking.

Differently from previous work, our work focus on the evolution 
of the platform during its opening to the public to see if this has led 
to substantial changes in users or activities. Before the opening, the 
platform’s controlled access reduced the risk of unauthorized or harm-
ful usage. To study how this changed after the opening, we conducted 
an extensive longitudinal study of users and their activities before and 
after the opening.

3. Methods

3.1. Data collection

We collected data using Bluesky’s free and publicly available Fire-
hose endpoint, which grants developers real-time access to platform 
activities such as user posts, follows, and likes [21,22]. This endpoint 
ensures uninterrupted data collection by allowing reconnection and 
retrieval of up to 72 h of past data in case of disruptions, ensuring 
comprehensive coverage during the observation period.

We employed the dart library from the AT protocol [23], lever-
aging the Firehose endpoint2 [24]. This data collection process was 
performed through the use of an existing open-source project [25]. The 
process is both straightforward and flexible, as the AT protocol does not 
require user authentication for access.

Bluesky enables the tracking of various user activities on the plat-
form. Our analysis focuses on key actions: posts, replies, reposts, fol-
lows, and blocks, which constitute the primary forms of user interaction 
and communication. In this study, we considered quotes as posts since 
they contain original content from users and do not imply an endorse-
ment of the quoted content. Users follow others to stay updated, create 
posts to share content, repost content from others, reply to engage in 
discussions, and block users to prevent other users from interacting 
with them. Active users are defined as individuals who have engaged in 
at least one activity, while passive users refer to individuals who have 
been subjected to an activity but have not independently participated 
in any activity.

While Bluesky’s terms of service do not impose privacy restrictions 
on data collection, we strictly collect only publicly available user infor-
mation, posts, and associated metadata in accordance with its Privacy 
Policy.3 We do not publicly release the collected data and provide 
only anonymized information in this paper, except for select prominent 
accounts discussed in Section 4.7.

Fig.  1 presents key statistics of our dataset, collected over a 56-day 
period from January 9 to March 4, 2024, and encompassing 114 million 
user activities, including posting activities as well as follow and block 
actions.

To analyze the language distribution in shared content, we first 
removed irrelevant content (e.g., URLs, emojis, etc.) and then applied 
a language classifier using the langdetect4 NLP library. Users were 
assigned to a language based on the language used in most of their 
posts.

2 https://atprotodart.com/docs/lexicons/com/atproto/sync/
subscriberepos/

3 https://bsky.social/about/support/privacy-policy
4 https://pypi.org/project/langdetect/

https://atprotodart.com/docs/lexicons/com/atproto/sync/subscriberepos/
https://atprotodart.com/docs/lexicons/com/atproto/sync/subscriberepos/
https://bsky.social/about/support/privacy-policy
https://pypi.org/project/langdetect/
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Fig. 1. Key dataset statistics over the whole observation period: total posts, posts containing links, active users, shared messages (with links), follow actions, and 
block actions. Values are presented on a logarithmic scale due to different orders of magnitude.
3.2. News source labeling

To evaluate the reliability of news outlets shared on Bluesky, 
we label web domains using NewsGuard5 ratings, following a well-
established approach in the literature [26–28]. NewsGuard is a rep-
utable, independent organization that employs experts to assess news 
sources based on criteria such as transparency, accountability, ad-
herence to journalistic standards, and error correction. Its ratings 
range from 0 (highly unreliable) to 100 (highly reliable), providing 
a standardized measure of news source credibility. Following prior 
work [29–31], we classify news outlets with a NewsGuard rating of 
30 or lower as low-credibility, and those with a rating higher than 60 as
high-credibility news sources.

We also leveraged political bias ratings from Media Bias/Fact Check 
(MBFC),6 an independent organization that evaluates news media 
sources, to classify the political leaning of news websites shared on 
Bluesky. Sources are categorized along a seven-point political spectrum: 
Extreme Left (−3), Left (−2), Left-Center (−1), Least Biased (0), Right-
Center (1), Right (2), and Extreme Right (3). We compute the political 
leaning score of a user by averaging the leaning of the sources shared 
by that user across their posts, following previous work [32].

The subset of posts containing URLs provides a valuable window 
into the types of external content shared within the broader dataset. Ap-
proximately 6.2 million posts, representing 8.7% of all posts, included 
at least one URL. Within this subset, we were able to apply source-level 
evaluations using two widely used external rating systems. Specifically, 
about one million posts (16% of posts containing URLs) were rated 
using NewsGuard reliability scores, and approximately 850,000 posts 
(13.6%) were rated using political bias classifications from Media 
Bias/Fact Check (MBFC). These ratings allow us to characterize the 
credibility and political orientation of a significant portion of the shared 
content and form the basis for several key analyses presented in the 
paper.

3.3. Community detection

To study user communities and interactions, we build a directed, 
weighted network based on user reshare activities. We chose the re-
share network since it reflects the dynamics of content sharing and 

5 https://www.newsguardtech.com/
6 https://mediabiasfactcheck.com/
3 
community endorsement, making it the most informative for analyzing 
active, functional communities, different networks such as follow and 
block do not give information on actual engagement or content propa-
gation. Users are represented as nodes and an edge (𝑖 → 𝑗, 𝑤) represents 
user 𝑗 resharing content by user 𝑖 𝑤 times. We apply the Louvain 
community detection algorithm [33] to the undirected, unweighted 
version of this graph, obtaining 14,381 different communities. We 
studied the five largest communities, which represent 87% of users in 
our data. To gain a deeper understanding of the discussions within each 
community, we manually examined both users and the content they 
shared. We performed this manual analysis in order to also consider 
elements not visible through the data, such as images, profile pictures, 
and profile descriptions, so as to improve the accuracy of the analysis. 
For each community, we selected a sample of 30 users that included 
both randomly chosen members and those with the highest sum of in- 
and out-degree. We analyzed the posts shared by these users and, when 
possible, inspected their active profiles on the Bluesky web interface to 
observe their most recent activity and interactions.

4. Results

4.1. Temporal patterns of online activity

As shown in Fig.  1, original posts are the most common user activity 
on the platform, suggesting that users prefer creating new content over 
resharing or interacting with existing posts. This trend may be driven by 
the platform’s rapid user-base expansion and it contrasts with existing 
centralized social media platforms, such as Twitter/X, where resharing 
via retweets is more prevalent [34,35].

Fig.  2A presents the daily number of unique active users along with 
follow and block actions. The platform’s public opening on February 
6th (dashed line) triggered sharp spikes in activity, peaking at one 
million active users and over 7 million follow actions the next day. 
These surges represent a nearly six-fold increase in active users and a 
35-fold increase in follow actions compared to the previous day. Both 
trends declined rapidly in the following days, eventually stabilizing at 
slightly higher levels than those observed before the opening, likely 
reflecting the waning initial excitement around the platform.

The rise in users and follow actions was accompanied by a 3.6-fold 
surge in blocking activity, increasing from 33,269 to 120,054 instances. 
Blocking activity stabilized after a few days but remained slightly 
elevated compared to pre-February 6 levels. During the observation 

https://www.newsguardtech.com/
https://mediabiasfactcheck.com/
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Fig. 2. Online activity on Bluesky before and after the public opening (Feb. 6th), indicated by the dashed line.
Fig. 3. (A) Trend of 5 top languages on Bluesky during the observation period. (B) Top 10 languages in Bluesky. Bars of the same color sum to 100%.
period, 287,539 users blocked a total of 758,681 accounts, accounting 
for 2.7 block actions received per user on average. However, due to the 
heterogeneous nature of blocking behavior, with some users blocking 
a disproportionately large number of accounts, the mean number of 
accounts blocked per user was higher (9.5).

Fig.  2B depicts the volume of shared posts over time, categorizing 
user activities into original posts, replies, and reposts. As previously 
noted in Fig.  1, original posts are the most prevalent form of shared 
activity, a trend that becomes even more pronounced following the 
platform’s public launch.

As expected, the platform’s opening on February 6th triggered a 
sharp increase in shared content across all types of posts, driven by the 
influx of new users. The volume of original posts surged 4.3-fold, from 
362k on February 5th to 1.5M the next day. Reposts and replies also 
saw substantial growth, rising from 262,201 and 297,717 to 990,835 
and 656,063, respectively. Despite these initial spikes, posting activity 
rapidly declined in the following days.

4.2. Prevalence of different languages

Fig.  3A shows the trends of the top five languages used throughout 
the observation period. Japanese posts surged immediately after the 
platform’s opening, becoming the most used language. In contrast, con-
tent in other languages, including English, remained relatively stable, 
exhibiting only minor fluctuations following the opening.

Fig.  3B shows the prevalence of the top 10 languages in user posts, 
highlighting the dominance of English and Japanese, which together 
4 
account for more than two-thirds of all content. The share of English 
content declined from 43% to 30% following the platform’s opening, 
while Japanese content increased from 14% to 44% over the same 
period.

4.3. Changes in the follower network

Similarly to what we did for the reshare network, we build another 
network using the follow actions in the dataset. In this network, a 
directed edge (𝑖 → 𝑗) represents user 𝑖 following user 𝑗. The sharp 
increase in follow activities after the public launch, shown in Fig.  2, 
is reflected in various follower network statistics measured before and 
after the platform’s opening, as detailed in Table  1.

While the density of the follower network slightly decreased post-
opening, the size of the strongly connected component more than 
tripled, and the average degree more than doubled. This suggests that 
Bluesky users tend to follow more accounts after the opening. The 
out-degree distributions in Fig.  4A further confirm this trend.

The average number of followers per user increased from 4.8 before 
February 6th to 10.5 after. Fig.  4 plots the distributions of out-degree 
(number of follow actions) and in-degree (number of followers). The 
ten accounts that gained the most followers and the ten accounts that 
followed the most users before and after the opening of the platform 
are presented in Table  2.

Notably, in each period, a single outlier user performed an excep-
tionally high number of follow actions — 50,570 before and 167,220 
after, approximately 2–3 times the number of actions of other users 
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Fig. 4. Complementary cumulative distributions of node (A) out-degree and (B) in-degree in the follower network.
Table 1
Follower network statistics. LSCC stands for the largest strongly connected 
component.
 Before Feb. 6 After Feb. 6 Difference  
 Number of nodes 1,088,539 2,751,272 1,662,733  
 Number of edges 5,230,054 28,838,739 23,608,685 
 Density 4.4 × 10−6 3.8 × 10−6 −0.6 × 10−6  
 Avg. in/out degree 4.8 10.5 5.7  
 LSCC size ∼200k ∼650k ∼450k  

listed in Table  2. Since the number of users performing follow actions 
before the opening is about one-third of those after (see Table  1), the 
probability in the CCDF tail is higher for the earlier group. When these 
two outlier users are removed, the crossover between the CCDF curves 
disappears.

Among the users who gained the most followers (Table  2), several 
remained consistent across both periods, with the majority being news 
outlets such as The Washington Post, The New York Times, and Bloomberg. 
This prevalence of news organizations among the most-followed ac-
counts suggests that Bluesky may be evolving into a platform for 
news dissemination, potentially positioning itself as a replacement for 
Twitter. Despite this trend, three new Japanese accounts entered the 
top ten following the platform’s public launch, with one rising to second 
place — surpassed only by the official Bluesky account.

Before the platform’s opening, the users who followed the most new 
accounts were primarily English-language accounts and appeared to 
engage in normal activity, with the exception of one user who was 
suspended by Bluesky. After the opening, however, the composition 
of these users changed significantly: half were Japanese, two accounts 
were deleted, one was suspended, and two were flagged as spammers 
by Bluesky. Unlike the overall network behavior, these users were more 
engaged in reposting activities than in creating original posts.

4.4. Political leaning of Bluesky users

Fig.  5 presents the distribution of estimated political alignment 
among active Bluesky users, defined as those who shared at least 
five posts linking to rated websites. Each user’s political alignment is 
determined by averaging the political bias scores of the websites they 
shared during the observation period (see Section 3.2). We can observe 
that the distribution is skewed towards liberal leaning, consistent with 
5 
previous findings reported for Twitter before Musk’s acquisition.7 We 
present the distribution of political leanings computed over the entire 
observation period, as no significant differences were detected before 
and after the platform’s opening (Mann–Whitney U test, 𝑝 = 0.05).

We determine each user’s political leaning based on the average 
bias score of their posts. In this analysis, we make the simplifying 
assumption that a negative bias score indicates a left-leaning, a score 
of zero indicates a centrist, and a positive score indicates a right-
leaning, acknowledging that this thresholding is inherently arbitrary. 
The analysis revealed that the majority of active users on the platform 
are classified as left-leaning (bias score < 0), accounting for 74.61% of 
the sample. In contrast, 18.17% of users are categorized as centrist (bias 
score = 0), and only 7.21% are identified as right-leaning (bias score >
0). Accordingly, we report the distribution over the entire observation 
period, as the comparison between the pre- and post-opening phases of 
the platform did not yield a significant difference.

4.5. Credibility of information shared on Bluesky

Overall, the prevalence of low-credibility content shared on Bluesky 
during the period of analysis is negligible, comprising only 0.08% of all 
posts. Similarly, the proportion of users who shared at least one link to 
low-credibility sources is very small, accounting for just 0.13% of all 
users.

Fig.  6 presents the daily proportion of posts sharing links to high- 
and low-credibility websites. We observe a noticeable decline in the 
share of high-credibility domains after the platform’s public opening, 
whereas the proportion of low-credibility domains remains relatively 
stable throughout the observation period. Despite these trends, high-
credibility domains are shared 125 times more frequently than low-
credibility ones on an average day. The median daily share rate is 
approximately 10% for high-credibility domains, compared to just 
0.08% for low-credibility domains.

Fig.  7 presents the most frequently shared low- and high-credibility 
websites throughout the entire observation period. The composition of 
low-credibility domains remained largely consistent before and after 
Bluesky’s public opening, with one notable exception: , a far-left so-
cialist site known for publishing disputed claims, which saw its share 
decrease by half compared to pre-opening levels. However, this decline 
is not due to a reduction in the actual sharing of this domain but 

7 https://www.pewresearch.org/internet/2019/04/24/sizing-up-twitter-
users/

https://www.pewresearch.org/internet/2019/04/24/sizing-up-twitter-users/
https://www.pewresearch.org/internet/2019/04/24/sizing-up-twitter-users/
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Table 2
Annotated list of the ten users with the most new followers and the ten users who performed most follow activities before and after the platform’s opening. Only 
the real names of prominent accounts are included for privacy reasons. ‘JA’ indicates Japanese-speaking users.
 Accounts with most new followers Accounts who followed most accounts
 Before Feb. 6 After Feb. 6 Before Feb. 6 After Feb. 6
 Account Num. Account Num. Account Num. Account Num.

 Bluesky 43,801 Bluesky 120,709 user 50,570 user 167,220
 user 10,256 user JA 88,438 user 24,588 user JA 85,075
 user 9886 user 66,535 user 23,482 user JA 55,073
 Wash. Post 8,508 NY Times 62,087 user 21,907 user JA 45,848
 NY Times 8,393 Wash. Post 60,904 user 13,414 user 44,588
 user 6,809 user 55,081 user 12,310 user 44,460
 Bluesky CEO 6,314 user JA 54,944 user 10,689 user 43,786
 user 5,744 Bloomberg 54,800 user 9,950 user 40,926
 user 5,621 user 52,455 user 8,211 user JA 37,209
 Bloomberg 5,332 user JA 49,697 user 7,588 user JA 36,189
Fig. 5. Distribution of the average political leaning score of users that shared at least 5 links to rated domains. 
Fig. 6. Moving average (7-day) of the percentage of high credibility and low-credibility domains shared by users. (A) Percentage of posts sharing links to 
high-credibility domains, i.e., NewsGuard ratings ≥ 60. (B) Percentage of posts sharing links to low-credibility domains, i.e., NewsGuard ratings ≤ 30. The choice 
of different colors for high and low credibility content, light blue and orange, respectively, was made to help recognize the type of credibility of the figures.
rather to the overall increase in the sharing of all domains. As expected, 
many of these low-credibility sources are news agencies that have been 
previously accused of spreading disinformation [36]. Regarding high-
credibility domains, a significant observation is the presence of German 
news agencies — e.g.,  and  — alongside English-language sources, 
such as , and . This suggests that German users may be more active 
on Bluesky compared to other social networks, potentially reflecting 
regional differences in platform adoption.

Consistent with findings reported for other social media platforms
[31,37–39], we observe evidence of so-called ’’superspreaders’’, i.e., a 
small subset of users responsible for the majority of unreliable content 
6 
shared on Bluesky. Specifically, we find that ten accounts (1.8% of 
all users who shared low-credibility content) were responsible for 
disseminating 62% of links to low-credibility sources.

4.6. Toxicity of Bluesky conversations

We analyzed the toxicity of online conversations on Bluesky using 
Detoxify [40], a model used to detect toxic comments, focusing on the 
languages supported by the model (English, Italian, French, Russian, 
Portuguese, Spanish, and Turkish). Toxicity levels remained stable 
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Fig. 7. Most shared (A) high-credibility and (B) low-credibility websites during the period of analysis.
Fig. 8.  Toxicity of Bluesky posts. Density distribution of toxicity for the different languages. The 𝑦-axis is scaled logarithmically to enhance visibility of low-density 
regions.
throughout the observation period, with no significant temporal trends 
emerging after the platform’s public launch.

While the distributions of toxicity scores differ across languages 
(𝑝 < 0.05 according to a Kruskal–Wallis test), Fig.  8 shows that highly 
toxic posts are rare overall, and that only a small fraction of posts 
exhibit concerning levels of toxicity in all cases. This suggests that, 
despite some variation in average scores, overtly toxic language is not a 
dominant feature of discourse on the platform. The same pattern holds 
for user toxicity, which is computed by averaging the toxicity scores 
of all posts that each user shared. In this analysis, we did not use a 
threshold, but results are similar when we eliminate users with only 
one post (less than 7%). Overall, our findings suggest that, while some 
toxicity does exist on the platform, it is relatively uncommon, and that 
the tone of conversations may be influenced by language, and possibly 
by broader cultural or community dynamics.

After a Bonferroni correction, we collected the pairs of languages 
with significant differences in toxicity per user (𝑝 < 0.05): English (EN) 
differs from Spanish (ES), Russian (RU), Italian (IT), and French (FR); 
and Portuguese (PT) differs from Spanish (ES), Russian (RU), Italian 
(IT), and French (FR).

4.7. Interplay between misinformation, political leaning, and toxicity

To investigate whether these factors vary according to users’ activity 
levels and permanence in the dataset, we classified users according 
to their activities and age, calculated as the number of days elapsed 
between their first and last activity. Users who posted between one and 
nine times were considered low activity, those with between 10 and 
7 
99 posts were classified as high activity, and users with 100 or more 
posts were classified into the hyper activity group. Regarding age, we 
classified users with age smaller than 7 days as low age, those with 
age between 7 and 29 days as medium age, and high age those with 
age older than 30 days. Analyzing the activity of users, we did not find 
any correlation between these parameters and more or less active users; 
similarly, no correlations were found between the same parameters and 
the age of users. The results are in Sec. 6.

As shown in Fig.  9A, we observe that extreme users, on the left and 
the right side of the political spectrum, are associated with a lower 
quality of shared information (computed as the average rating of all 
the links they shared) compared to other users.

Fig.  9B illustrates the correlation between toxic behavior and polit-
ical leaning. We observe that left-leaning users exhibit slightly higher 
levels of toxicity than center- or right-leaning users; however, these 
differences are small, indicating that all user groups are aligned at 
similar toxicity values.

Finally, as shown in Fig.  9C, we do not observe significant patterns 
in the relationship between toxic behavior and misinformation sharing 
on the platform.

4.8. Analysis of communities

We now explore the five largest reposting communities identified 
using Louvain’s algorithm (see Section 3.3 for details). These commu-
nities are numbered by size, with community 1 being the largest and 
community 5 the smallest. They are relatively homogeneous, organized 
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Fig. 9. Interplay between metrics. A locally weighted scatterplot smoothing (LOWESS) curve is overlaid to highlight non-linear trends. The error bars represent 
the standard deviation. (A) Relationship between political bias and reliability, (B) between political bias and toxicity, and (C) between reliability and toxicity.
Fig. 10. User-level community analysis. Violins are split in half for a better understanding of the graph. (A) Distributions of percentages of toxic content. (B)
Distributions of political bias, where -3 means extreme left, 0 center, and 3 extreme right.
Table 3
Annotated list of the five largest user-level communities with the respective 
percentages of users in the dataset, the dominant language of the community, 
and a brief description of the content shared by their users.
 Community % of users Language Description  
 1 35.5 JA explicit art cartoons 
 2 19.7 EN left-wing politics  
 3 13.7 EN art cartoons  
 4 10.4 EN explicit art cartoons 
 5 7.5 DE left-wing politics  

primarily by language groups and type of content shared. Table  3 shows 
the percentages of users in each community.

Through a manual review of hashtags, linked domains, and images 
(see Section 3.3 for details), we found that much of the content circulat-
ing within these communities is related to artistic and cartoon themes. 
A strong Japanese-language presence is evident in the dataset, particu-
larly within community 1, which is characterized by apolitical, artistic, 
and explicit content. Similar themes appear in communities 3 and 4, 
which also share English-language artistic material, though community 
4 is more explicit in tone and subject matter. In contrast, communities 
2 and 5 are politically focused, with English and German as their 
dominant languages respectively. Reviewing shared domains within 
these communities reveals that both exhibit a left-leaning political 
orientation.

As shown in Fig.  10A, we computed the distributions of toxic 
messages shared on average by users across different communities, to 
measure the frequency with which users in different communities share 
toxic messages. To identify toxic texts, we used a toxicity score thresh-
old of 0.5 [41,42]. Our analysis focused on the median proportion of 
toxic messages per user within each community. The results indicate 
that users in communities 2 and 4 tend to share more toxic content, 
with median toxicity rates of 3.7% and 3.5% per user, respectively. 
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In comparison, community 3 shows significantly lower toxicity lev-
els, with a median value of just 1.0%. Users within communities 1 
and 5 display minimal to negligible toxic behavior relative to other 
communities, both presenting a median toxicity level close to 0.0%. 
Kruskal–Wallis tests with Bonferroni correction reveal statistically sig-
nificant differences (𝑝 < 0.001) among all community pairs except for 
between communities 2 and 4.

We also analyzed the distribution of political leanings among users 
in different communities. As shown in Fig.  10B, the overall political 
orientation skews left, with community medians clustering between 
−0.67 and -1, in line with the general Bluesky population.

4.9. Content moderation

We further examined moderation on the platform by analyzing 
the status of user accounts. To do this, we used the getProfiles
endpoint,8 which provides information about user profiles, including 
their status.

A user’s account status varies depending on their standing on the 
platform. Active accounts return a status of Online, while deleted 
accounts return InvalidRequest, indicating that the profile was likely 
canceled by the user. Moderated accounts produce one of two responses 
— AccountDeactivated or AccountTakedown — both signaling a policy vi-
olation. The former typically indicates a temporary enforcement action, 
while the latter reflects a more permanent removal.

As of November 2024, most users in our dataset (95.9%) remained 
active. In contrast, 3.6% of accounts had been deleted, 0.4% were 
temporarily deactivated, and 0.1% had been permanently removed — 
indicating that 0.5% of users had been subject to platform moderation.

To understand the reasons for user moderation, we analyzed the 
extent to which users in each of these groups shared toxic and low-
credibility content. Fig.  11A suggests that moderation was done against 

8 https://docs.bsky.app/docs/api/app-bsky-actor-get-profiles

https://docs.bsky.app/docs/api/app-bsky-actor-get-profiles
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Fig. 11. Analysis of user status categories. (A) Percentage of misinformation shared. (B) Percentage of toxic content shared.
users who violated the terms of service, as users who shared links 
from low-credibility sources remain. Similarly, in the case of toxicity, 
the moderated categories do not exhibit different behavior from other 
users, as shown in Fig.  11B, likely because toxicity is not officially 
mentioned in the community guidelines [43]. Kruskal–Wallis tests with 
Bonferroni correction were performed on the category of account ac-
cording to toxicity and misinformation per user. The tests reveal sta-
tistically significant differences (𝑝 < 0.001) between all categories 
except the pairs AccountDeactivated-AccountTakedown in both cases and
AccountDeactivated-InvalidRequest in the case of misinformation.

5. Discussion

In this study, we provided the first large-scale analysis specifically 
examining how Bluesky’s transition from an invite-only platform to a 
publicly accessible one impacted user activity and network structure. 
Our findings reveal that while Bluesky exhibits a broad distribution of 
activity similar to more established social media platforms, it stands 
out due to a higher volume of original content compared to reshared 
posts and low levels of toxicity. After the public opening, Bluesky 
experienced a surge in new activity. The influx of Japanese users is an 
intriguing trend that warrants further investigation, as it may indicate 
that Bluesky’s conversational dynamics are particularly appealing to 
this demographic.

We uncovered evidence of suspicious user behavior, including ac-
counts that followed large numbers of users and shared content from 
low-credibility news outlets. A small subset of users was responsible 
for the majority of unreliable content shared, a pattern previously 
observed on other platforms like Twitter/X. Following the platform’s 
public opening, some of the most aggressive account followers were 
flagged as spam or even deleted or suspended, suggesting attempts 
to misuse the platform. The fact that some of these suspicious actors 
were swiftly banned or labeled as spam indicates that content mod-
eration mechanisms are actively functioning on Bluesky. Our analysis 
of account statuses further reveals that only 0.5% of users have been 
moderated, while 3.6% are no longer on the platform, leaving 95.9% 
of users active [44].

We examined the reshare network, identifying that the five largest 
communities accounted for 87% of users. Our findings suggest that 
English-speaking communities exhibit higher levels of toxicity com-
pared to other language-based communities, though overall, toxicity 
levels remained relatively stable across different languages. We also 
confirmed that Bluesky users lean predominantly left-wing politically, 
as indicated by the classification of shared domains and the political 
orientation of the largest communities.

Our findings have several important implications for understanding 
decentralized social media dynamics and content moderation. The rela-
tively low levels of toxicity on Bluesky, combined with its high propor-
tion of original content, suggest that alternative platforms may foster 
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a different type of user engagement compared to mainstream counter-
parts. However, the emergence of suspicious activity, including users 
sharing low-credibility information and engaging in mass-following be-
haviors, indicates that Bluesky is not immune to manipulation attempts. 
The platform’s ongoing moderation efforts, which have already flagged 
or removed some misbehaving accounts, highlight both the challenges 
and potential effectiveness of content governance in alternative social 
platforms.

The left-leaning political orientation of Bluesky’s user base raises 
questions about ideological fragmentation and the extent to which de-
centralized platforms may cater to specific political communities. The 
significant influx of Japanese users also suggests that Bluesky may be 
attracting geographically and linguistically distinct user groups, which 
could influence the platform’s future development and community 
structure.

Our results confirm the findings previously obtained by earlier 
studies [13,14], thus supporting the presence of wide distributions of 
activity, the limited number of low-quality links, and the fact that 
the platform is populated mainly by users with a center-left political 
orientation.

This study has several limitations. First, our analysis covers a rela-
tively short period (56 days), during which the platform underwent a 
significant transformation as it opened to the public. As a result, our 
findings capture early trends that may continue to evolve over time. 
Second, approximately 8% of reposts could not be traced back to their 
original posts due to the constraints of our data collection period. Third, 
the credibility and political bias scores we used were available only for 
a subset of websites that we could assign a rating to only 16.0% of posts 
containing a URL using NewsGuard and 13.6% using MBFC, limiting 
the scope of our misinformation analysis. Finally, our toxicity analysis 
was restricted to languages supported by Detoxify — namely English, 
Spanish, French, Italian, Portuguese, Russian, and Turkish — leaving 
out other languages that may have distinct toxicity patterns.

Future research should extend the analysis over a longer period to 
assess the long-term evolution of Bluesky’s user behavior, content shar-
ing patterns, and moderation effectiveness. A deeper investigation into 
the rise of Japanese users on the platform could provide insights into 
regional adoption patterns of decentralized social media. In addition, 
the slopes of the two degree distributions should be compared so as 
to check for any decreases in slope, thus indicating the emergence of 
larger hubs. Further studies should also explore content moderation 
approaches in decentralized networks, comparing their effectiveness 
against those of centralized platforms. Additionally, expanding toxicity 
and misinformation analysis to a broader range of languages could offer 
a more comprehensive understanding of harmful content dynamics in 
multilingual decentralized spaces. Finally, the network analysis could 
be extended to study block actions among users.
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Fig. 12. Interplay between metrics based on the user’s age. The error bars represent the standard deviation. The first horizontal row shows the relationship 
between political orientation and reliability, the second row shows the relationship between political orientation and toxicity, and the third row shows the 
relationship between reliability and toxicity.
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Appendix

Here we provide supplementary figures and results referenced and 
commented on in the main text.

Fig.  12 shows the interplay between the political bias, toxicity, 
and NewsGuard rating with users classified using the age. Users have 
been classified according to their age within the dataset, obtained by 
performing a difference between the first and the last activity. Fig. 
13 shows the interplay between the same metrics with users classified 
according to their activities.
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Fig. 13. Interplay between metrics based on the user’s activity. The error bars represent the standard deviation. The first horizontal row shows the relationship 
between political orientation and reliability, the second row shows the relationship between political orientation and toxicity, and the third row shows the 
relationship between reliability and toxicity.
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