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Abstract

This thesis investigates gender-based differences in sentiment, emotion, toxicity, and topical
engagement within Dutch political discourse on the decentralized social media platform
Bluesky. Motivated by the platform’s growing role in shaping online political discussion, the
study applies state-of-the-art NLP methods to a dataset collected using the ATProto API.
Posts were embedded with TwHIN-BERT, after which K-means clustering was applied to
identify thematic topics. Six distinct topics were found, with varying user diversity, expressed
sentiment, and user demographics. Sentiment and emotion analysis revealed that the majority
of posts expressed positive sentiment, while joy and anticipation were the most prevalent
emotions. Female users expressed more negative sentiment and more joy and sadness, while
male users more often expressed anger, disgust, and anticipation. Toxicity levels were quite low,
though male-authored posts scored higher on average. These findings highlight the influence
that different user demographics and languages can have on online discourse.
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1 Introduction

The rise of social media platforms in the digital age has transformed how we communicate, share
opinions, and interact with each other. On a plethora of platforms, enormous volumes of content
are created every day. Thorough research has been done on the content posted on several of
these social media platforms, including Twitter, Facebook, and Reddit [23]. As new platforms
emerge, understanding the sentiment expressed by users on such platforms can be valuable to
businesses, researchers, and policymakers alike [241]. One of those emerging platforms is Bluesky, a
decentralized social network designed to enable open and transparent communication. In contrast
to its peers like X (formerly known as Twitter), it is open source and decentralized, setting it
apart from the traditional centralized platforms by moving the control from a corporation to its
community, which promotes transparency [27].

Understanding how these structural differences influence the nature of online conversation can be
vital, especially as decentralized platforms continue to grow. While sentiment analysis has been
extensively applied to platforms such as Twitter, Facebook, and Reddit, very little research has
been done on Bluesky, and even less on the subject of politics specifically. The research so far has

shown Bluesky users mostly post left-leaning news sources [39], that most users tend to share the
same stance on political issues [12] and that left-leaning users tend to exhibit more toxicity than
centre- or right-leaning users [34]. Analysing how people engage politically on the platform can

offer valuable insights into democracy and public opinion.

This thesis contributes to this emerging field by analysing Bluesky posts related to Dutch politics
using sentiment and emotion analysis and topic modelling. The Netherlands has a distinctive
political landscape, characterized by a political system that is one of the most proportional systems
in the world, a society that only recently evolved from pillarization, and the “poldermodel” based
on compromises [3]. This diversity is reflected in online conversations, where citizens engage in
political discussion, critique policies, and share opinions on current events. Analysing sentiment
and emotion in this setting can yield insights into how Dutch political discourse develops in a
decentralized online environment.

This thesis aims to answer the following question:
How is sentiment expressed in Bluesky posts about Dutch politics?

In the process, we will answer the following sub-questions:

1. How do sentiment and emotion differ between languages and genders on Bluesky posts about
Dutch politics?

2. What is the difference in the presence of toxicity, threats, insults, and identity attacks on
Bluesky posts about Dutch politics

3. What are the main topics being discussed related to Dutch politics on Bluesky?

4. How do topics differ in gender and language composition, sentiment, emotion, and toxicity?



To address this question, this research will collect a corpus of Bluesky posts related to Dutch
politics, apply sentiment and emotion analysis techniques along with topic modelling, and analyse
the sentiment expressed over time. To achieve this, a dataset of Bluesky posts will be collected using
the ATProto API [1]. This dataset will contain all posts related to Dutch politics, collected using

corresponding hashtags. The gender of users will be inferred using [10]. Posts will be filtered by
political keywords and analysed using RoBERTje [18] and RoBERTa [38] for predicting Dutch and
English sentiment, respectively, TweetNLP [11] for emotion analysis [11], and Google perspective [3()]

for perspective analysis. Finally, Posts will be assigned to clusters using K-means clustering.

1.1 Thesis overview

This thesis is structured as follows: Section 2 discusses related work and provides an overview of
theory and techniques in the field. Section 3 shows the methods we used in our research. Section 4
interprets our discussion of our findings, limitations of the study, and potential further research
opportunities. 5 concludes the thesis with our findings.



2 Related Work

This section will review previous research done on sentiment and emotion analysis, as well as topic
modelling. It will look at studies on other platforms like X, as well as the limited work on Bluesky.

2.1 Sentiment Analysis on Social Media Platforms

Sentiment analysis [13] has been extensively applied to content from popular centralized social
media platforms such as Twitter, Facebook, and Reddit. These platforms provide large volumes of
user-generated public data and have become standard benchmarks for studying online discourse.
Sidarenka [16] conducted sentiment analysis on German-language tweets, highlighting challenges
that are posed by informal language, abbreviations, and slang. The study compares lexicon-based
methods to machine learning techniques, concluding that the latter generally outperforms rule-based
methods in handling noisy social media text. This aligns with a broader trend in the field, where
machine- and deep-learning models have increasingly outperformed rule-based approaches.

Recent advances in deep learning, especially transformer-based models such as BERT [19], have
further improved sentiment analysis. Fine-tuned BERT models have been shown to outperform
traditional models on various occasions, for example on Twitter [17]. For more low-resource languages
than English, the multilingual mBERT has shown a lot of potential to be fine-tuned on most
languages, even those with as few resources as Faeroese [33]. Both de Vries et al. [17] and Delobelle
et al. [18] used mBERT to train monolingual Dutch models, BERTje and robBERT, respectively.
Both of these outperform mBERT, with the downside that neither of them is multilingual. De
Bruyne et al. compared these two, finding that robBERT outperformed BERTje in almost all
cases [16]. These studies mark an important starting point for sentiment analysis on Dutch text,
but there are still plenty of domains to be explored.

2.2 Sentiment Analysis in Political Context

Sentiment analysis has also been widely used to study political discourse. In the Dutch context,
Gielens et al. [21] examined Twitter discourse on Universal Basic Income (UBI). They found that
while left-wing parties tend to support UBI more, the overall polarization between opponents and
proponents is limited. The study highlights the importance of sentiment analysis in understanding
ideological divides on policies.

Schumacher et al looked at a more traditional method of political communication [15], analysing
speeches from party congresses in the Netherlands, finding party leaders use more negative language
compared to ministers and other party members, supporting earlier international findings [10, 15, 25].
However, they did not replicate results suggesting moderate parties use more positive language [15]
or that there was a strong increase in the use of positive sentiment over time [10]. This suggests that
sentiment patterns in Dutch political discourse may not align with broader international trends
and proves the need for further research.

From an international perspective, Zhang et al. [53] analysed sentiment during elections on Twitter
and found that negative sentiment dominates election discourse on Twitter. They also noted that



negative content spread more widely and faster than neutral or positive messages and that female
candidates were disproportionately targeted with negative language. These studies prove that
sentiment is a valuable tool for examining political sentiment and can lead to important discoveries
about sentiment expression trends.

2.3 Gender-Based Variation in Expressed Sentiment

Gender plays a notable role in how sentiment is expressed, with plenty of recent studies examining
differences in linguistic patterns and interaction dynamics across male and female users.

Thelwall et al. [19] found female users expressed more positive sentiment, although there was no
significant difference in negative sentiment. Panchendrarajan et al. studied sentiments on Twitter
communication and observed similar results [36]. Macedo and Saxena studied sentiment for Soccer
communication in English and Portuguese and observed that female express stronger sentiments
whenever any event happens [31].

Rollero et al. [11] investigated gender differences in online social networks for Italian users. They
found that men tend to post more often than women on social media. In the domain of politics,
these findings were backed up when analysing posts by German journalists on Twitter [51] and
posts by Spanish MPs [22].

Similarly, research shows posts by women are also shared a lot less. Manzano et al. Found that
female influencers had significantly less influence on political Twitter networks than their male
counterparts, being retweeted less [32]. Witzenberger et al. [71] showed that tweets by male jour-
nalists were retweeted more.

These findings suggest a pattern where men are more active in posting, reinforcing the need to
consider gender dynamics in online political communication.

2.4 Sentiment on Bluesky

Although Bluesky is a relatively new platform, emerging literature has begun to explore its user
behaviour, content, and dynamics.

Reddy et al. [39] and Nogara [34] both found that Bluesky users tend to post mostly left-leaning
news sources, with the latter also finding more left-leaning users tended to show more toxicity
compared to centre- and right-leaning users. Salloum et al. [12] found that most users tend to hold
similar views on politics. These findings suggest that Bluesky’s user base is currently a specific
subgroup, suggesting a possible difference in expression compared to traditional social media and
offering opportunities for finding meaningful patterns in future research.

2.5 Emotion Expression and Toxicity

Research about the expression of emotion across different platforms, genders, and other groups can
provide valuable insights into the communication in online spaces. Kivran et al. [20] found female



Twitter users expressed more positive emotions, especially in female-to-female interactions. Several
studies found women express more emotion online, particularly positive emotions [37, 35, 20]. When
looking at toxicity, several studies have found men to exhibit more of it than women [31, 18].
When comparing platforms, Waterloo et al. [50] found significant differences in emotion expression
between platforms, with Twitter having a relatively high amount of negative and a low amount
of positive emotions compared to other platforms. Avelle et al. [11] found relative consistency in
the amount of toxicity across platforms, and that toxicity attracts more interaction rather than
deterring it.

Previous research indicates that different genders express different emotions, and that the emotions
expressed differ across platforms. This indicates valuable results can be achieved when looking at
newer platforms.

2.6 Shortcomings and Biases of Sentiment Analysis Models

Despite their widespread use on social media platforms, sentiment analysis models are known to
exhibit systemic biases. One such bias was shown by Thelwall [19], who conducted a study that
demonstrated gender bias in sentiment analysis, using TripAdvisor reviews. The study found that
sentiment expressed by female authors was detected more accurately than their male counterparts.
Kiritchenko et al. [25] found that there was a significant difference in the sentiment assigned to
text about male and female subjects, and between European and African names. Recognizing and
accounting for such biases is essential to ensure the quality and fairness of sentiment analysis.

2.7 Research Gap

While sentiment analysis is well explored in centralized platforms such as Twitter and Facebook,
there are limited studies on decentralized platforms like Bluesky. This research aims to address this
gap by analysing the sentiment on Bluesky, considering its unique decentralized nature and the
implications for content moderation, user engagement, and online discourse.

In addition to the aforementioned gap in platform coverage, there is also a notable linguistic gap.
Although sentiment analysis in Dutch has picked up steam in recent years, partly due to the
monolingual models BERTje and robBERT, most of the work has been limited to domains such
as product reviews and news articles or centralized social media platforms. To date, there is no
study on Dutch-language sentiment on decentralized platforms like Bluesky. This study seeks to
address both the platform and language gaps by performing Dutch-language sentiment analysis
specifically on Bluesky. In doing so, it contributes to the under-explored section of decentralized
communication and medium-resource languages in sentiment analysis, offering new insights into
expressed sentiment online.



3 Data Analysis and Insights

This study aims to analyse how sentiment is expressed in Bluesky posts about Dutch politics. To
answer this question, it employs a computational pipeline that involves collecting, processing, and
classifying the sentiment of user-generated content from Bluesky.

3.1 Data collection

For this study, a dataset was collected using the ATProto API [1], which consists of Dutch and
English posts containing any of 467 political hashtags. The list of hashtags was compiled through
an iterative expansion process. Starting with a list of hashtags containing the names of Dutch
governing parties, we retrieved all associated posts and extracted all the hashtags these posts
contained. All non-political hashtags were removed, and this process was repeated three times.
Hashtags were used to ensure relevance to political discourse, with government party names giving
the study a starting point that reflects the most important actors in Dutch politics.

Once the final list of hashtags was established, posts containing any of these hashtags were collected
over a three-month period, from March 17, 2025, to June 17, 2025. Language filtering was performed
based on metadata provided by Bluesky, retaining only Dutch and English posts.

For each post, both the post object and the corresponding author’s user object were retrieved. In
total, the dataset contains 38,824 posts made by 7,229 unique users.

Dutch English Both Total
Number of posts | 25015 (64.4%) 13588 (35.0%) 221 (0.6%) 33824
Number of unique users | 2641 (36.5%) 4214 (58.3%) 374 (5.2%) 7229

Table 1: Statistics of the Bluesky Data. 'Both’ refers to posts that contain both languages or users
who made posts in both languages.

3.2 Ethical statement

This study relies exclusively on publicly available data collected from the Bluesky platform via
the ATProto API. All post and user metadata included in the dataset were accessible without
authentication, and no private content was accessed during the study.

To minimize privacy concerns, the dataset is stored without any information that can be used to
identify users from the username object, to avoid privacy infringement.

Given the public nature of Bluesky and the fact that users voluntarily share content in a public

forum, this study aligns with current ethical standards for observational research using social media
data [9].



3.3

Data processing

To construct a dataset for further analysis, the following fields were extracted from each post object
and the corresponding user object:

1.

DID: The Decentralized Identifier (DID) of the post’s author. This is a unique personal
identifier that remains consistent even if the display name is changed.

Displayname: The display name of the post’s author. If the user has changed their display
name during the collection period, the most recent display name was used for all their posts.
If the user never set a display name, their handle was used instead.

Datetime: The timestamp of the post’s creation, formatted into ISO 8601

PostText: The full textual content of the post, including mentions, links, and hashtags.
PostLength: The number of words in the post.

Hashtags: A list of all the Hashtags in the posts.

Emoticons: A list of all emoticons present in the post, extracted using regular expressions.

Language: A list of languages detected in the post, based on metadata provided by Bluesky.
Regional variants (e.g.,B ritish or American English) were standardized to a generic label
(e.g., English)

After collecting the complete post objects, duplicate entries were identified and removed. Duplicates
were defined as posts with identical PostText values.

3.3.1 Gender Inference

To infer the gender of users in our dataset, we applied the genderize function of NameAPI [10] to
users’ display names. For users who did not set a display name, their handle was used instead.

This process returns three values, each of which was added to the dataset:

e Gender: The predicted gender. Possible values include male, female, neutral (the name

may refer to both genders—see maleProportion), and unknown. Although the API actually
distinguishes between three distinct values of unknown predictions, these were all grouped
under unknown, as the distinctions are not relevant for our scope.

e maleProportion: The proportion of people with that name who are male. This value is only

relevant for names classified as neutral, otherwise it is left empty.

e Confidence: The model’s confidence in its prediction, ranging from 0 to 1, with 1 indicating

maximum confidence.

The API returned gender predictions for 3,256 users who collectively made 12,638 posts. This
represents 45% of users and 32.5% of all posts in the dataset.



Male Female Unknown Total
Users 2,163 (29.9%) 1,093 (15.1%) 3,973 (55.0%) 7,229
Posts made by | 9,057 (23.3%) 3,581 (9.2%) 26,186(57.5%) 38,824

Table 2: Number of unique users and posts by predicted gender

3.4 Sentiment Analysis

Next, we perform sentiment analysis on the collected dataset [11]. To analyse the sentiment of post
content, two BERT-based models were used. For Dutch posts, we used RobBERT [18], which has
been shown to outperform BERTje [17], the other major Dutch sentiment analysis model, in nearly
all cases [16]. For English, we used RoBERTa-base [35].

To quantify sentiment to allow for statistical analysis, we mapped the predicted labels to numerical
values: negative to —1, neutral to 0, and positive to 1. Posts including both Dutch and English are
processed by RoBERTa. The results of the sentiment analysis are visualized in figures 1 through 4.
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Figure 1: Sentiment distribution across all posts.
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Figure 2: Weekly average sentiment over time.

Figure 1 shows that more than half of the posts in the dataset are classified as positive.

Figure 2 reveals a noticeable shift in sentiment beginning in the week of June 2nd. The average
sentiment score increases from 0.231 before this date to 0.479 after. Post volume also decreases
during this period, from an average of 326 posts per day to 294.

This change coincides with the collapse of the Dutch cabinet on June 3rd [5], which may be an
explanation for both the sudden increase in sentiment and the drop in post volume.

To test whether the observed increase in sentiment after June 2nd was statistically significant, a
Mann—-Whitney U test was performed. The result (p < .001) confirms a highly significant difference
in sentiment before and after the collapse of the Dutch cabinet, though this does not establish
causation.

Figure 3 shows that posts in both languages express negative sentiment at similar levels, but Dutch
posts are more likely to express positive sentiment.

Figure 4 indicates that male users tend to post more neutral content, whereas female users are
more likely to express negative sentiment. This could be explained by earlier findings that suggest
sentiment expressed by women is more accurately detected by sentiment analysis models [19, 29].
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3.5 Emotion Analysis

For emotion classification, we used the TweetNLP model [11], which assigns scores (ranging from
0 to 1) across eight emotion categories joy, trust, fear, surprise, sadness, disgust, anger, and
anticipation.
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Figure 5: emotions of posts made by male and female posters

Figure 5 illustrates and compares the average emotion scores in posts by male and female users.
Anticipation and joy are the most prominent emotions across the dataset, while fear, surprise,
and trust are the least common. Comparisons between genders reveal that male users express 8%
more anger, 7% more anticipation and 6% more disgust than female users. Conversely, female users
express 8% more joy and 11% more sadness. Other emotions are expressed on a relatively equal
scale by both genders.

To explore the relationship between emotion and sentiment, we conducted an Ordinary Least
Squares (OLS) regression using the emotion scores as predictors and sentiment (mapped from -1 to
1) as the dependent variable. Prior to fitting the model, all emotion features were normalized using
Z-score normalization. As a result, each regression coefficient can be interpreted as the expected
change in sentiment score associated with a one standard deviation increase in the corresponding

11



emotion score.

Variable Coef. P-value Confidence Interval (95%)
Lower Upper
Intercept 0.3284 0.000  0.320 0.336
Joy -0.0217 0.157 -0.052 0.008
Anger -0.3310 0.000 -0.360 -0.302
Fear -0.1130 0.000 -0.126 -0.100
Sadness -0.0832 0.000 -0.098 -0.068
Surprise 0.0714 0.000  0.059 0.083
Trust -0.1217 0.000 -0.145 -0.099
Disgust 0.0540 0.000 0.031 0.077
Anticipation  0.0023 0.827 -0.018 0.023

Table 3: OLS Regression Results

The regression results in Table 3 indicate that several emotions significantly predict sentiment,
though the explanatory power is modest (R?=0.095). This suggests that the emotion scores
only explain about 9.5% of the variance in sentiment. The Intercept of 0.3284 represents the
baseline predicted sentiment if all independent variables are zero. In other words, posts with no
strong emotion present are generally positive. Among the emotions, anger, fear, and sadness are
significantly associated with lower sentiment scores, indicating a strong correlation with more
negative sentiment. Conversely, surprise has a significant positive impact on sentiment, suggesting
posts expressing surprise are generally more positive. Interestingly. Trust, generally considered a
positive emotion, shows a significant negative association with sentiment. However, this should be
interpreted with caution: The mean score is 0.012, the lowest of any emotion, with the highest score
only being 0.079, indicating that this result may be influenced by noise due to the limited variation
in this emotion’s scores. Another surprising finding is that disgust exhibits a small but significant
positive impact on sentiment, despite its usual negative connotation. Unlike trust, disqust is more
prevalent in the dataset, with a mean score of 0.14 Finally, joy and anticipation do not show a
statistically significant relation with sentiment.
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3.6 Perspective Analysis

To analyse toxicity, insults, threats, and identity attacks, this study utilizes the Google Perspective
API. Each of these aspects gets scored on a scale from 0 to 1, where 1 is the highest score. Results
are shown in Table 4 Figure 6 to 9. They show a difference between genders: the distribution of male
scores is more right-skewed for all perspectives. A Kolmogorov—Smirnov (K-S) test for significance
shows that there is a significant difference (p < 0.05) between the score distributions for Tozicity,
Insult, and Identity attack, but not Threat.

Perspective Male Female P-value

Toxicity 0.154 + 0.168 0.152 + 0.170  0.021

Insult 0.111 + 0.163 0.108 = 0.160  0.026
Post-wise Avg. perspective Threat 0.027 £ 0.065 0.027 £ 0.066 0.173

Identity Attack 0.073 &£ 0.125 0.072 £ 0.124  0.042

Table 4: Average perspective API score with standard deviation and p-value of K-S test

Gender Gender
8 [ Male 8 [ Male

[ Female Female

\“\M |
7

N)
N

N - -

0.4 0.5 0.6 0.7 0.8 0.9 1.0 0.4 0.5 0.6 0.7 0.8 0.9

Toxicity Score Insult Score
Figure 6: Density distribution of toxicity scores Figure 7: Density distribution of insult scores
; —] Gender
50 | [ Male
Gender 6 | Female
[ Male

Female

Density
w B
8 8
Density
w IS w

20 2

10 —

0.4 0.5 0.6 0.7 0.8 0.9

1
Identity Attack Score

0
0.400 0.425 0.450 0.475 0.500 0.525 0.550 0.575 0.600
Threat Score

Figure 9: Density distribution of identity attack
Figure 8: Density distribution of threat scores scores

13



3.7 Dataset inequality

Interestingly, only 28.7% of the gendered posts are made by female users, despite female users
representing 33.56% of total posters in the dataset and 39% of Bluesky users [0]. This disparity
reflects a gender gap that is often observed on social media platforms, where women tend to post
less frequently [11]. However, further analysis reveals that much of this disparity is driven by
outliers, including male posters with 1004 posts. As seen in Figures 10 and 11, the proportion
of users with low post counts is quite similar across genders, while there are considerably more
extreme high-volume male posters.

Figure 12 demonstrates that nearly 20% of all posts made by male users come from 9 users, each of
whom made over 100 posts. Figure 13 illustrates that post distribution among male users is more
unequal than among female users, though the overall inequality remains lower than that reported
in previous studies on Twitter [51]. However, it is worth noting that these studies consider all posts
made by users, whereas our analysis focuses solely on posts related to a specific topic.
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Figure 10: Logarithmic box-plot of posts by gender
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3.8 Analysing Topics

To identify topics in the dataset, this study applied K-means clustering on text embeddings derived
from the posts. Posts were cleaned by using the tweet-preprocessor library [7], which removed URLs,
emojis, and numbers. Mentions were additionally removed using a regular expression, as the Bluesky
format for mentions is not compatible with the library’s mention handling. After preprocessing,
TwHIN-BERT-base [52] was used to obtain 768-dimensional vector representations of the text. A
random sample of 5,000 embeddings was first taken to calculate inertia scores for different values of
k (number of clusters). The embeddings in the sample were normalized using the Euclidean (1.2)
norm. Afterwards, UMAP was applied to the normalized embeddings. The UMAP projection was
then used to fit a K-means algorithm for each k£ between 4 and 13. The inertia for each k is shown
in figure 14.

Based on the elbow method 14, the optimal value of

k is 6, where the decrease in inertia starts to slow  2so0
down. After finding the optimal k, we reapplied L2
normalization to all embeddings and ran K-means on 200001
the full set of embeddings.

After assigning the clusters, we used the NLTK Tweet-
Tokenizer [3] to split all posts into words. We then
removed stop words [!] and applied a lemmatizer [2]
to extract word stems. For each cluster, the 30 most
frequent words were counted. We then used a Chat-
GPT (GPT-4.0) prompt (See appendix A) to generate ST A O S

a short, descriptive name of at most five words for each

cluster. The resulting cluster names, size, and the 15 Figure 14: Elbow method: inertia vs num-
most frequent words per cluster are shown in Table 5 ber of clusters
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Topic- Topic Name Number of Top 15 Most Frequent Words

ID Tweets

1 Dutch Parliament 10,591 tweedekamer, vvd, volledige, tekst, motie, pvv, wilder, nederland,
and Politics kabinet, wel, bbb, mensen, gaat, aangenomen, weer

2 European Politics 1,956 europa, nederland, und, migranten, trump, ukraine, csu, photogra-
and Migration phy, netherlands, cdu, fr, da, maastricht, eu, russland

3 Global  Conflict 9,048 trump, ukraine, gaza, nato, israel, u, fascism, freepalestine, people,
and Politics russia, fascist, eu, democrat, war, genocide

4 Right-Wing Dutch 11,840 no, pvv, wilder, vvd, bbb, via, nsc, schoof, nederland, kabinet,
Politics faber, wel, weer, gaza, trump

5 News and Political 4,603 nieuws, rtl, no, arrestatie, npo, radio, usa, trump, denhaag, kabinet,
Events navo, europa, video, gaza, verkiezingen

6 Dutch Jobs and 785 maastricht, vacature, bekijk, randstad, ministerie, utrecht, defen-

Government Ser-
vices

sie, denhaag, hague, dordrecht, medewerker, adecco, gemeente,
nederland, umc

Table 5: Assigned cluster names, post counts, and top 15 most frequent words per cluster

uropea
Politics and

Migration
1956)

Figure 15: size of topics

Topic- Mean Mean Post
ID Sentiment Length

1 0.292 (£ 0.861) 252 (+ 46)

2 0.270 (£ 0.544) 192 (& 85)

3 -0.125 (+ 0.767) 172 (£ 97)

4 0.376 (£ 0.819) 118 (& 55)

5 0.954 (£ 0.222) 72 (+29)

6 0.997 (£ 0.050) 222 (£ 34)

Overall mean  0.321 (£ 0.818)  167.5 (& 90)

Table 6: Mean post sentiment & length by
topic
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In Figure 16, we observe that three of our clusters are composed almost entirely of neutral users.
Examining the data within these clusters helps explain this pattern. Topic 5, News and Political
Fuvents, consists predominantly of posts from a single account that shares links to news articles in a
consistent format, the title of the article with hashtags, explaining the short post length (6). This
account is responsible for 92.4% of the posts in this topic. The posts in this topic are extremely
positive, with a mean sentiment of 0.954, as shown in Table 6.

28.3%

Topic

Topic 1
Topic 2
Topic 3
Topic 4
Topic 5
Topic 6

N
(&}

N
o
L

Percentage of All Tweets (%)

w
L

0.4% 0.3% 0.0% 0.0%

Male Female Male Female Male Female Male Female Male Female Male Female

Gender

Figure 16: topics vs gender

Topic 6, Dutch Jobs and Government Services, is almost exclusively made up of job vacancy posts,
again dominated by a single account making 50.4% of the posts. This is the cluster with the most
positive sentiment, with a mean sentiment score of 0.997. Topic 2, titled Furopean Politics and
Migration, contains many posts from news accounts, like Topic 5. However, it is more diverse when
it comes to the users of the topic. The top contributor in this cluster, also a news account, is
responsible for 26.7% of the posts. As shown in Figure 17, this cluster has a relatively large number
of English posters.
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Figure 17: Topics vs language

The remaining three topics exhibit greater diversity in both content and user participation. Cluster
1, named Dutch Parliament and Politics, is more diverse compared to the previously discussed
clusters when it comes to user participation, though the most prevalent account still contributes
11% of the posts. The cluster covers a broad range of topics related to Dutch policy and political
decisions. It boasts the longest posts and average sentiment scores. This cluster has a relatively
higher amount of male users compared to the other two clusters, with a lot of gendered users
(Figure 18), suggesting male users tend to create more posts related to Dutch policy.

Cluster 3, Global Conflict and Politics, is the least centralized around a single user; its most active
poster accounts for only 1.5% of the posts. The posts mostly discuss international politics and are
primarily in English, as shown in Figure 17. This cluster has the most negative mean sentiment,
being the only cluster that has a negative mean sentiment score.

Cluster 4, Right-Wing Dutch Politics, shows less centralization around a single user, with its top
user contributing 6% of posts. The content is largely focused on criticisms of the Dutch government.
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Figure 18: Normalized percentage of tweets per topic by gender (topics 1, 3, and 4).

Topic-ID Toxicity Severe Toxicity Insult Threat Identity attack
1 0.167 (£ 0.166)  0.067 (£ 0.130)  0.143 (£ 0.178) 0.016 (+ 0.041)  0.080 (+ 0.130)
2 0.120 (£ 0.143)  0.037 (£ 0.109)  0.075 (£ 0.130) 0.018 (& 0.045)  0.055 (% 0.093)
3 0.202 (£ 0.201)  0.048 (+ 0.116)  0.119 (£ 0.173) 0.056 (£ 0.097)  0.125 (£ 0.162)
4 0.148 (£ 0.156)  0.050 (£ 0.112)  0.125 (£ 0.167) 0.017 (£ 0.049)  0.057 (£ 0.107)
5 0.049 (£ 0.062)  0.014 (£ 0.038)  0.022 (£ 0.033) 0.010 (& 0.021)  0.020 (& 0.041)
6 0.031 (£ 0.022)  0.011 (£ 0.007)  0.011 (£ 0.004) 0.006 (+ 0.000)  0.003 (% 0.002)

Table 7: Mean Perspective scores by topic

From the perspective scores by topic (Table 7), we observe that Topics 5 and 6 have the lowest
tozicity, which aligns with their more neutral content. The more diverse clusters (Topics 1,3, and 4)
exhibit higher levels of insult. Topic 3 notably also shows relatively high scores for both threat and
identity attack, but this could also be influenced by the perspective API detecting English-language
content more reliably, as this Topic has a relatively large share of English posts.
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Topic Joy Anger Disgust Fear Sadness Surprise Trust Anticipation

1 029 £0.19 0.10+£0.16 0.11 £0.12 0.02 £ 0.05 0.06 £ 0.06 0.03 £0.02 0.02 =£0.01  0.25 &£ 0.12
033 £0.31 0.13+£0.19 0.14 £0.15 0.02 £ 0.05 0.05 £ 0.07 0.03 £0.02 0.01 £0.01 0.21 &£ 0.16
0.19 +£0.30 028 +£0.28 0.19=+0.16 0.05+0.15 0.05£0.13 0.01 £0.02 0.01 £0.01 0.12 £ 0.18
0.26 =021 0.12+£0.16 0.13 £0.12 0.02 +=0.05 0.09 £0.09 0.03 £0.02 0.01 =0.01  0.23 &= 0.12
0.21 £0.15 0.11 £0.14 0.15£0.12 0.03 £0.07 0.10 £ 0.07 0.04 £0.02 0.01 £0.01  0.26 £ 0.12
0.32 £0.13 0.05+£0.06 0.07 £0.04 0.01 £0.00 0.06 +0.03 0.04 +£0.01 0.02+0.00 0.33 £0.09

S T W N

Table 8: Mean emotion scores per topic

In Table 8, the emotion scores are shown per topic. Topics 5 and 6, which also had the most positive
mean sentiment, show high anticipation and joy, while displaying low anger and sadness. Topic 3,
the most negative cluster, shows the highest anger, disqust, and fear, and the lowest surprise and
anticipation. Topics 2 and 4 both show mixed emotional patterns, with moderately high disgust
and sadness. Finally, Topic 1 shows moderate joy and anticipation, along with low levels of negative
emotions.

Overall, our analysis reveals a clear relationship between topic composition and the emotional and
toxic tone of posts. The clusters dominated by posts with set formats, Topics 5 and 6, tend to
exhibit highly positive sentiment, low toxicity, and positive emotions. In contrast, more diverse
clusters, particularly topics 3 and 4, are characterized by higher levels of negative emotions and
toxic language, reflecting more critical discourse. These patterns underscore the importance of both
user diversity and language in shaping the tone and emotional profile of online political discussions.
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4 Discussion

This study provides a gender-based analysis of political discourse on the decentralized social media
platform Bluesky, based on differences in sentiment, emotion, toxicity, and topical engagement. The
results show several meaningful patterns across these dimensions.

The majority of posts in the dataset were classified as having positive sentiment expressions, and
the positive emotions joy and anticipation were the most prevalent emotions. This suggests that,
despite the often polarizing nature of political discourse, much of the conversation on Bluesky has
an optimistic or positive tone. A possible explanation would be that Bluesky’s unique methods of
moderation cut down on negativity.

There was a clear shift in sentiment, which may be related to the collapse of the Dutch government,
which happened during a similar period as the switch in sentiment. However, we can not prove
causality and the switch could be caused by other factors.

Posts in English were found to be more negative. This could be caused by both models having a
different scale for negativity [12], the fact that most posts in English talk about the same topic
(international politics), or other factors.

Gender differences were subtle, but female users expressed more positive and negative sentiment.
The emotion analysis showed that women tend to exhibit more joy and sadness, while men express
more anger, disgust, and anticipation, suggesting that men and women express both different
positive and negative emotions. A regression showed that most negative emotions show correlation
with negative sentiment and vice versa, with the exception of disgust showing a significant but
small positive relation with sentiment, which could be due to a range of causes, perhaps due to the
TweetNLP model not perfectly detecting emotions or due to noise. Since some of the emotions are
rarely present in the dataset (like fear, surprise, and trust) it is hard to draw any type of conclusions
about the differences in expression of the emotions between genders or their relation to sentiment.

We found that male users tend to post more on average. This would be consistent with previous
findings [11]. However, a big part of this disparity is caused by a small group of male users who
made more than a hundred posts, whilst the median post amount between genders was quite similar.
The proportion of female users was similar to that of the overall Bluesky population, suggesting
that discourse about Dutch politics does not exhibit a specific participation gap. However, a general
gender participation gap remains present on Bluesky. When looking at the overall distribution
of post’s per user, we find that while there is slightly more inequality between male posters, the
overall inequality is still quite low when compared to previous research done on twitter [5].

In addition to sentiment and emotion, we examined the presence of toxic language. While overall
toxicity levels were low, posts authored by male users were consistently more toxic than those
written by female users. This aligns with previous research [36] and could be caused by social norms

surrounding masculinity, differences in online communication styles between genders, or other factors.

Our topic modelling reveals some interesting patterns. Tweets about international politics were
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more likely to be in English and were more negative on average. Some clusters contain tweets with
extremely consistent formatting, language, and sentiment. The more diverse clusters show similar
patterns as well as clear differences. The topics suggest that male users are more likely to discuss
policies and parliamentary motions, while female users are more likely to talk about international
politics and conflicts. The topic discussing international politics is mostly in English, and is the
most negative cluster with quite a big margin. The biggest cluster, ‘Right-Wing Dutch Politics’,
has the shortest posts out of all the clusters, and the most positive out of the non-automated clusters.

In summary, this study provides a comprehensive gender-based analysis on political discourse on
Bluesky, highlighting subtle but relevant differences in sentiment, emotion, toxicity, and topical
engagement. Overall, posts in the dataset tend to be positive, and positive emotions are the most
prevalent. Female users showed a slightly higher amount of positive sentiment, whilst both genders
expressed different emotions at different rates. Male users post at a higher rate than female users,
but part of this disparity is caused by a small subset of very high volume posters. Topic analysis
found different topics showed different sentiment and emotion patterns, as well as having different
poster demographics. Together, these findings illustrate that there are valuable patterns to be found
in the way users communicate on Bluesky
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4.1 Limitations

While this thesis provides valuable insights, several limitations should be considered when interpret-
ing the findings. For this research, we ran the search_posts() method from the ATProto API [1] every
day. This is not guaranteed to collect all posts, and posts in more active hashtags are more likely
not to be collected, introducing extra noise into the dataset. For further research, we recommend
using the Firehose API [13] instead, as it will not miss any posts.

Whilst collecting posts based on relevant hashtags gathers plenty of relevant posts, it can also
collect plenty of posts that are not as relevant. It can also miss some relevant posts if they do not
contain hashtags. The amount of data collected is also not extremely large, so a longer period of
data collection would be recommended for better results.

Using two different sentiment models means the sentiment scores of the two languages are not
guaranteed to be very comparable (as demonstrated by Bal et al. [12]), as one of the models might
give some sentiment scores at a higher rate. The language detection from Bluesky’s metadata is
also not without its flaws, as some tweets in the dataset are German tweets identified as Dutch, or
posts mostly in a different language that contain some English words.

NLP models are known to have inherent biases. These biases, like female expressed sentiment being
detected more [19] or sentiment changing when the text is about male versus female subjects, or
between European and African names, could influence the results of this study.

Although gender inference using an API is a good method, it is not guaranteed to predict genders
completely correctly, introducing some extra noise to the dataset. The API is also not able to infer
a gender for users who do not use their real name as their display name, losing valuable data on a
big subset of the user base. Another downside to our method is that it only predicts user to be male
or female, and thus does not account for other gender identities users might identify themselves
with

Even though the emotion analysis and perspective analysis models are both multilingual, their
performance is significantly better on English content. For optimal performance, it would be better
to fine-tune a model on Dutch data specifically.

While using K-means clustering on TwHIN-BERT embeddings offers an efficient approach to topic
modelling, this method has several limitations. Firstly, unsupervised clustering on noisy data
means the resulting clusters are not guaranteed to be meaningful or human-interpretable topics.
Secondly, dimensionality reduction using UMAP can distort the original embedding space. Finally,
the pre-processing steps, such as removing mentions, URLs, and emojis, which are necessary for
model compatibility, may eliminate meaningful context.
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5 Conclusions

This thesis offers an in-depth exploration of how sentiment, emotion, and toxicity are expressed
on Bluesky. Through the application using state-of-the-art NLP tools and clustering methods, the
study found that emotional and sentimental expression varies significantly across genders, languages,
and topical engagement. Female users expressed more joy and sadness alongside slightly more
negative sentiment, whereas male users more frequently expressed anger, disgust, and anticipation.
Toxicity levels were generally low, though higher in male-authored posts. Topic modelling revealed
six distinct clusters, reflecting key areas of Dutch political discussion, each exhibiting different
patterns of sentiment and user diversity. Some clusters were dominated by one or a few users, whilst
others were more diverse. Each cluster showed differences in sentiment and emotion expression,
language and gender distribution, and topical content.

These findings directly address the central research question, showing that Bluesky is shaped by
user demographics, language, and topical focus. Although the platform’s decentralized nature and
relatively small, specific user base differentiate it from mainstream social media, many familiar
patterns in communication persist.

5.1 Further Research

The field of sentiment analysis on Bluesky is still relatively young and unexplored, leaving plenty of
research opportunities to be explored.

Further research could look at interactions between users, including comments, likes, and reposts
in the dataset. This could reveal patterns such as differences in cross-gender versus intra-gender
communication. These could also be used to explore the network structure of Dutch political
Bluesky, investigating who influences whom and what communities have formed.

Further research could also develop specific Dutch models for emotion and perspective analysis by
fine-tuning existing models to Dutch data. Additionally, a study could look at political discourse
across multiple countries and languages, and potentially reveal more nation-specific patterns. Fur-
thermore, as Bluesky continues to grow, longer studies could explore how the platform evolves.

Another research opportunity would be comparative platform studies, where Bluesky would be
compared to other platforms like X or Reddit. Comparative studies could also be done between
countries and languages, to see how language, political and cultural differences influence online
sentiment and emotion expression.

Future research can build on this thesis to improve our understanding of political expression and
social dynamics in emerging digital spaces.
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Appendix A: LLM Prompt for Naming Clusters

Prompt:

Below are the top 30 words for each cluster generated by a K-means clustering
— model applied to tweets.

Please analyse the words in each cluster and assign a concise name (maximum 5
< words) that best summarizes the overall theme or topic of the cluster.

Return the result in the following format:

Cluster 0: [Namel
Cluster 1: [Name]

Cluster Data:

Cluster O:
['tweedekamer', 'vvd'..., ...]
Cluster 1:
['europa', 'nederlands, etc.]
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