
Louvain School of Management

 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Relationship between filter bubbles 
and the sharing of fake news on 
social media: an empirical study on 
Twitter/X 

 
 
 
 
 
 
 
 
 
 

Authors: Emma Garcia, Margaux Labar 
Supervisors: Corentin Vande Kerckhove, Colin Timmers 
Academic year 2024-2025 
Dissertation for the master of Business Engineering 
Master subject and focus: Business Analytics 
Daytime schedule 



During the preparation of this master’s thesis, we utilised AI tools such as ChatGPT for the 

following purposes: 

1. Coding: ChatGPT assisted us in producing and optimising the python scripts used for 

our data collection and experimental analyses. 

2. Writing: ChatGPT helped us with sentence structure and phrasing when writing the 

thesis. 

 

After using ChatGPT, we diligently reviewed and edited the content produced by the tool. We 

take full responsibility for the final content presented in this thesis. 

 

We, Emma Garcia and Margaux Labar, affirm that the content of this master’s thesis reflects 

our original work, augmented by the responsible use of AI.  

Declared on August 6, 2025. 

  



 
 

 
 
Abstract:  

 

Over the last few years, the rise of social media has revolutionised the way 

information is consumed. This transformation offers many advantages, but 

it also has its drawbacks. This thesis focuses on two major concerns: the 

sharing of fake news and the enclosure of users in filter bubbles on social 

media. Drawing on a set of tweets posted by 864 users who shared either 

fake or real news according to the Gossip Cop website, we investigate four 

research questions: Are users who share fake news exposed to less 

diverse content? Do they tend to have stronger opinions? Do they tend to 

share more recommended content rather than original tweets? Are there 

any features that distinguish this type of user? 

Using a quantitative approach, we combine topic modelling and Rao’s 

diversity measure to assess content diversity, sentiment analysis to 

evaluate intensity of opinions, and statistical comparisons to analyse user 

publication behaviour and explicit features. Our results show that users 

who share fake news are significantly more likely to be trapped in a filter 

bubble – as they are faced with less thematically diverse content – and to 

repost recommended content through retweets and quoted tweets, 

suggesting stronger algorithmic influence. Additionally, these users tend 

to be more active on the platform in terms of posting, liking, and following, 

and their posts tend to generate more retweets. However, no evidence 

suggests that their opinions are more extreme. 

These findings contribute to a better understanding of the relationship 

between the spread of fake news and the filter bubble phenomenon on 

social networks. They highlight the need to place greater emphasis on 

diversity in algorithms and performance indicators, and to invest more in 

preventive detection strategies and user awareness to mitigate the risks 

posed by these two phenomena. 

 
 
 
 
 
 
 

 
 
 
 
 



 I 

Acknowledgements 

First of all, we would like to thank Professor Vande Kerckhove for his guidance during this 

thesis. His valuable advice helped us to overcome moments of doubt and move forward more 

serenely in the development of this thesis. 

 

Secondly, we would also like to especially thank Colin Timmers. His availability, regular 

feedback and knowledge of the subject greatly contributed to our work. 

 

Finally, we would like to thank our respective families for their involvement and the support 

they provided us during these 5 years of study. 

  



 II 

Table of contents 

1. Introduction ....................................................................................................................... 1 

2. Filter bubble and fake news: literature review ................................................................. 4 

2.1. Recommender systems ......................................................................................................... 4 
2.1.1. Approaches used to generate recommendations in recommender systems ..................................... 4 
2.1.2. Algorithmic dynamics and information diversity on social platforms ............................................ 7 

2.2. Filter bubbles and fake news: definitions, mechanisms and limitations ....................... 10 
2.2.1. Filter bubbles ................................................................................................................................. 10 
2.2.2. Fake news ...................................................................................................................................... 16 

2.3. Link between filter bubbles and fake news: existing studies and motivation for our 

research ............................................................................................................................................ 20 

3. Link between filter bubbles and the sharing of fake news: a practical approach ........ 25 

3.1. Methodology ....................................................................................................................... 25 
3.1.1. Research questions to be explored and approach used .................................................................. 25 
3.1.2. Data collection .............................................................................................................................. 26 
3.1.3. Calculation of thematic diversity scores ........................................................................................ 31 
3.1.4. Calculation of sentiment scores ..................................................................................................... 37 
3.1.5. Method used to analyse user publication behaviour ...................................................................... 40 
3.1.6. Method used to analyse user explicit features ............................................................................... 41 

3.2. Experimental results .......................................................................................................... 41 
3.2.1. Descriptive analysis of thematic diversity scores .......................................................................... 42 
3.2.2. Descriptive analysis of sentiment scores ....................................................................................... 44 
3.2.3. Descriptive analysis of user publication behaviour ....................................................................... 46 
3.2.4. Analysis of user features ............................................................................................................... 47 

4. Discussion ........................................................................................................................ 54 

5. Managerial implications ................................................................................................. 58 

6. Conclusion ....................................................................................................................... 60 

7. Appendices ....................................................................................................................... 61 

8. References ........................................................................................................................ 70 

 

  



 III 

List of tables 

Table 1: Comparison of the different recommender system approaches .......................................... 7 
Table 2: Reasons why people believe fake news .................................................................................. 19 
Table 3: Extract from the “news” table in the database ...................................................................... 26 
Table 4: Extract from the “collected_tweets_fake” table in the database ...................................... 27 
Table 5: Extract from the “users” table in the database ...................................................................... 29 
Table 6: Extract from the “user_timelines” table in the database .................................................... 30 
Table 7: Examples of tweet-topics assignations .................................................................................... 35 
Table 8: Comparison between the raw score returned by each lexicon for a term and the 

associated revised score ................................................................................................................................ 39 
Table 9: Summary of the hypotheses, their statistical test and associated p-value ..................... 42 
 

 

  



 IV 

List of figures 

Figure 1: Consequences and risks of algorithmic personalisation on users .................................. 10 
Figure 2: Filter bubble loop ......................................................................................................................... 12 
Figure 3: Summary of the data collection phase ................................................................................... 26 
Figure 4: Summary of Bache et al.’s method applied to our study .................................................. 33 
Figure 5: CV coherence scores based on the numbers of topics........................................................ 35 
Figure 6: Distribution of users’ Rao diversity scores by label .......................................................... 43 
Figure 7: Distribution of users’ sentiment scores by label ................................................................. 45 
Figure 8: Distribution of users’ proportions of retweets/quoted tweets by label ......................... 47 
Figure 9: Log-log cumulative rank curves of the number of tweets posted .................................. 50 
Figure 10: Log-log cumulative rank curves of the number of tweets liked .................................. 51 
Figure 11: Box plots of the number of followings................................................................................ 52 
Figure 12: Comparison of TFF ratio distributions by label ............................................................... 52 
Figure 13: Box plots of the number of retweets .................................................................................... 53 
Figure 14: Log-log cumulative rank curves of the number of retweets ......................................... 53 
 

  



 V 

List of appendices 

Appendix 1: Examples of spam users on Twitter/X ............................................................................ 61 
Appendix 2: User with a limited number of posts in his/her timeline ............................................ 62 
Appendix 3: Example of a user’s Twitter/X timeline .......................................................................... 63 
Appendix 4: Extract from the output of the MALLET command providing the most 

representative words for each topic........................................................................................................... 63 
Appendix 5: Normal quantile-quantile plots of users’ Rao diversity scores by label ................ 64 
Appendix 6: Normal quantile-quantile plots of users’ sentiment scores by label ....................... 64 
Appendix 7: Normal quantile-quantile plots of users’ registration time by label ....................... 64 
Appendix 8: Normal quantile-quantile plots of users’ number of tweets by label ...................... 65 
Appendix 9: Normal quantile-quantile plots of the number of tweets liked per user by label 65 
Appendix 10: Normal quantile-quantile plots of users’ number of followers by label .............. 65 
Appendix 11: Normal quantile-quantile plots of users’ number of followings by label ........... 66 
Appendix 12: Normal quantile-quantile plots of users’ tweeting time range by label ............... 66 
Appendix 13: Normal quantile-quantile plots of the average number of replies generated per 

user by label ..................................................................................................................................................... 66 
Appendix 14: Normal quantile-quantile plots of the average number of retweets generated per 

user by label ..................................................................................................................................................... 67 
Appendix 15: Percentage of verified users by label ............................................................................. 67 
Appendix 16: Box plots of user registration time ................................................................................. 67 
Appendix 17: Box plots of the number of followers ............................................................................ 68 
Appendix 18: Box plots of the tweeting time range ............................................................................. 68 
Appendix 19: Log-log cumulative rank curves of the tweeting time range .................................. 68 
Appendix 20: Box plots of the number of replies ................................................................................. 69 
Appendix 21: Log-log cumulative rank curves of the number of replies ...................................... 69 
 



 1 

1. Introduction 

Today, the World Wide Web and social platforms such as Facebook and Twitter (newly named 

X) have revolutionised the way information is disseminated. Traditional news media such as 

newspapers and magazines have evolved into digital formats in the form of blogs, social feeds 

and other online platforms (Ahlers, 2006). This transition has many advantages. Information is 

accessible in real time. This accessibility facilitates social, economic and political decision-

making (Ahmad et al., 2020). Users of the various social media platforms also enjoy the ability 

to discuss, share their feelings and ideas, and debate various issues relating to democracy, 

education and health (Ahmad et al., 2020; Hosseinimotlagh & Papalexakis, 2018).  

Nevertheless, massive information flows often lead to the propagation of inaccurate or 

misleading information. Some entities can create biased opinions, manipulate mindsets and 

spread nonsense for profit (Ahmad et al., 2020). As explained by S. Yang et al. (2019), people 

are faced with increasingly noisy and inaccurate information on social media due to its easy 

access. This phenomenon has a specific name, that of fake news, which consists of deliberately 

erroneous or deceptive information presented in the form of a news, written for various 

purposes (Allcott & Gentzkow, 2017; Gelfert, 2018; Meel & Vishwakarma, 2019; Zhang & 

Ghorbani, 2020; Zhou & Zafarani, 2020). This was the case, for example, during the 2016 US 

elections (Holan, 2016) or during the conflict between Ukraine and Russia (Shin et al., 2023).  

The fact that, in this day and age, people can no longer distinguish between what is true and 

what is false poses problems in various sectors. In fact, these problems will have an impact on 

the political, sporting, scientific and financial fields, with, for example, the collapse of the 

market due to rumours (Kogan et al., 2018; Lazer et al., 2018). In their work, Shin et al. (2023) 

observe that many people suffer from news that mixes erroneous information with facts due to 

a certain lack of knowledge. Despite the fact that some news platforms take steps to disprove 

these false reports, they have been read by millions of people, damaging the public perception 

of the subjects concerned.  

Against this backdrop of information overload and the difficulty of identifying reliable content 

from fake news, another concept complicates matters: the filter bubble. This term was first 

defined by Pariser (2011) as the algorithmic personalisation of online content. 

Recommendation systems offer users information based on their past behaviour, preferences 

and interactions. Filter bubbles thus create digital environments in which users are exposed to 

similar content, sources or viewpoints, often to the detriment of divergent opinions (Nguyen et 

al., 2014; Sunstein, 2001; Tetlock, 2017). One consequence of these filter bubbles is to reduce 
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the diversity of information and reinforce people’s existing beliefs. This will have the impact 

of limiting critical thinking and constructive debate (Eady et al., 2019; Schomakers et al., 2020). 

The interaction between the spread of fake news and filter bubbles is a particularly worrying 

subject. Indeed, Zimmer et al. (2019) observe that when users are exposed to homogeneous and 

emotionally engaging content, they become more vulnerable to fake news. Furthermore, 

recommendation algorithms are designed to maximise engagement. As a result, they tend to 

favour sensational content that is more likely to go viral. These characteristics are generally 

associated with fake news (Lazer et al., 2018; Meel & Vishwakarma, 2019; Zhang & Ghorbani, 

2020). Thus, filter bubbles passively shape what users see and could actively participate in the 

amplification and polarisation of misleading narratives. All these consequences create an 

environment in which false information circulates and public opinion becomes more 

fragmented (Andrea, 2022; Karlsen et al., 2017; Pariser, 2011; Rowland, 2011; Sunstein, 2001). 

 

While much research has focused on fake news or filter bubbles separately, few studies have 

analysed the interaction between these two concepts. Yet understanding the relationship 

between the two phenomena is important for developing effective solutions to misinformation. 

It is precisely this gap that our research aims to fill. In this thesis, we will seek to determine 

whether a link can be established between the sharing of fake news on social networks and 

enclosure in a filter bubble. In addition, we will seek to complement existing research by trying 

to learn more about the behaviours that characterise users who share fake news online. 

Through the study of empirical data that we have collected on Twitter/X, we will try to answer 

various questions. Firstly, we will look at the following question: “Are users who share fake 

news on social media more likely to be trapped in a filter bubble?”. To do this, we will seek to 

determine whether users who share fake news are confronted with less thematically diverse 

content. Secondly, we will also look at whether these users tend to have stronger opinions. 

Next, we will assess whether users who share fake news tend to share significantly more 

recommended content than other users, by analysing the proportion of retweets and quoted 

tweets that appear in their Twitter/X timeline. Finally, we will study the explicit features of 

users, with the aim of finding out whether there are any attributes that make it possible to 

distinguish users who share fake news from those who share real news on social networks. 

This research is particularly relevant in today’s context, where the spread of online 

misinformation poses a serious threat to democratic debate and public trust in media 

(Pennycook & Rand, 2019; Vosoughi et al., 2018). The increasing reliance on algorithmic 

filtering and personalised content amplifies the risk that users remain restricted within 



 3 

homogeneous environments (Chueca Del Cerro, 2024; Cinelli et al., 2021), reinforcing their 

beliefs and potentially encouraging the sharing of misleading information  (Dahlgren, 2021; 

Del Vicario et al., 2017). Despite the growing number of studies on the concepts of fake news 

and filter bubbles examined separately, the link between the two remains largely unexplored in 

real-world settings. By combining topic modelling, sentiment analysis, and behavioural 

profiling on real user data, our thesis offers a more holistic and empirical approach to this 

complex phenomenon. Beyond academic interest, we aim to identify the managerial 

implications that arise from our findings, discussing platform design, management strategies 

and media literacy initiatives, with the broader aim of fostering a healthier information 

ecosystem. 

 

To this end, the thesis follows a clear structure. Section 2 provides a review of the existing 

literature on the subject of recommender systems, fake news and filter bubbles. This section 

discusses recommender systems, looking at their approaches and their role in personalising 

information on social networks. It also defines the concepts of filter bubble and fake news, 

analyses their mechanisms and their potential effects on the perception and dissemination of 

information, and takes a critical approach. Finally, the section looks at the link between the two 

concepts by highlighting existing studies and positioning our research within them. 

Section 3 covers the practical approach we adopted to study the link between filter bubbles and 

the sharing of fake news on social networks. It details the methodology we employed, providing 

in-depth explanations of the data collection phase and presenting the different methods we 

implemented to evaluate each research question. It also develops the experimental results we 

obtained to answer our various research questions.  

Section 4 concludes our research with a discussion of the results, also identifying the various 

limitations of our study and suggesting ideas for future work. 

Section 5 highlights the managerial implications of our research. 

Finally, the last part of this work provides a conclusion to our thesis. Next come the appendices 

and the bibliographical references on which our work is based. 
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2. Filter bubble and fake news: literature review 

2.1.  Recommender systems 

In a world where information sources are multiplying, users are increasingly faced with 

information overload on networks. This phenomenon occurs when the amount of data available 

exceeds the user’s processing capacity (Carlson, 2007). Faced with an increasing amount of 

information, users are struggling to make clear and effective decisions. One proposed solution 

is the use of recommendation systems. These systems are powerful tools for reducing 

information overload (Kumar & Sharma, 2016). Through the use of this kind of system, users 

benefit from improved decision making, based on the experience or preferences of other users 

(Ricci et al., 2011). 

The definition of recommender systems has evolved in recent years. Burke (2002), 

subsequently, defines the concept as a set of tools and techniques providing personalised 

suggestions to the user on items likely to be of interest to them. This definition no longer 

involves how the recommendations are generated, but focuses on the personalised effect for the 

user. Lü et al. (2012) add that the aim of this system is to predict a user’s future preferences 

from input data, often based on past user evaluations. Finally, the model was formalised by 

Adomavicius & Tuzhilin in 2005. This formalisation makes it possible to include typical 

database or personalised information retrieval applications, as well as systems broader than 

those based on social aggregation. 

In addition to helping users navigate vast amounts of information, recommender systems also 

play a central role in shaping the way content is presented on digital platforms. In order to 

understand how users may become trapped in a filter bubble as well as being more exposed to 

misleading information, it is essential to explore these algorithmic mechanisms. Understanding 

how these systems operate is crucial for analysing the potential role they might play in the 

reinforcement of informational narrowing, the formation of filter bubbles, and the spread of 

content online. 

 

2.1.1. Approaches used to generate recommendations in recommender systems 

As explained above, recommender systems focus on users’ past evaluations, so the main task 

of recommender systems is to predict the rating of an unrated item and recommend those with 

the best ratings (Melville & Sindhwani, 2011). To personalise content by exploiting user 

interests, behavioural data and contextual information (Oechslein & Hess, 2013), 

personalisation systems generally rely on two filtering approaches: content-based filtering and 
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collaborative filtering. Table 1 shows the differences between these two filtering approaches, 

as well as a comparison with a hybrid approach combining these two types of filtering. 

 

Content-based filtering is a method that consists of comparing the characteristics of an item’s 

content with those of the user's known interests (Melville et al., 2002). This filtering works 

independently of the opinions of other users. This approach makes it possible to recommend 

items similar to those enjoyed by the user (Ricci et al., 2011). It is effective for text documents 

whose content can be easily analysed. Among the advantages of this filtering method is its 

ability to provide personalized recommendations tailored to each user’s specific preferences 

and past interactions. However, the method has certain limitations. Given that the approach is 

based solely on the characteristics of the items, if these do not reflect what the user really likes, 

then the suggestions may be inappropriate. This is due to the lack of available data. The system 

cannot accurately distinguish a user’s preferences if the available data is not rich or accurate 

enough (Han et al., 2012; Mohanty et al., 2020). There is also a risk of over-specialisation, as 

recommendations are based on similar items previously liked by the user, which limits the 

diversity of suggestions (Aggarwal, 2016; Mohanty et al., 2020). 

 

Collaborative filtering allows items to be recommended to users based on their ratings or usage 

patterns, without the need for external information about users or items. The main approach to 

collaborative filtering focuses on neighbourhood methods, i.e. it is based on relationships 

between users or between items (Schafer et al., 2007). We can find memory-based collaborative 

filtering, which makes it possible to recommend items appreciated by users similar to the target 

or similar to items already appreciated by the user (Liu et al., 2016). Recommendations are 

therefore generated either by identifying users with similar preferences (user-based filtering) or 

by finding items that are similar to those the user has previously liked, based on shared patterns 

of appreciation across other users (item-based filtering). There is also model-based 

collaborative filtering, which uses predictive models trained on the data to discover patterns 

(Liu et al., 2016). For example, latent factor models are used to represent users and items in a 

latent factor space. Factors are automatically inferred from user ratings (Koren et al., 2022). 

This type of collaborative filtering is effective when analysing complex content because it relies 

on historical information such as user preferences. Actual content is not necessarily required 

when this method is used (H.-N. Kim et al., 2011).  

Collaborative filtering is widely used for different types of content such as movies, books, 

music, etc. (Resnick et al., 1994). However, collaborative filtering has certain limitations. The 
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authors Schein et al. (2001, 2002) were able to identify cold-start problems: cold-start items 

and cold-start users. These cold-start problems exist because it is impossible for the 

recommendation system to make recommendations. Cold-start items mean that an item cannot 

be recommended until it has received sufficient ratings from users. The system will therefore 

focus on the similarity of content between different items in order to make recommendations 

between similar recommended items. This filtering approach may therefore suffer from over-

personalisation (Kumar & Sharma, 2016). Cold-start users happen when the system does not 

yet know the user’s preferences, behaviour or interests. Knowing that the filtering relies on past 

interactions, the method cannot be applied effectively. This lack of data makes it difficult to 

personalise recommendations or predictions accurately (Melville & Sindhwani, 2011; Schein 

et al., 2002). We can therefore add that there is a degree of data sparsity, as there is not enough 

data for some users or items. It also leads to scalability problems, as the system must handle an 

increasing number of users, items, and interactions efficiently, which requires substantial 

computational resources and sophisticated data management techniques. In addition, some 

users are unreliable because they give false ratings or are spammers (Burke, 2002). This type 

of user, known as the “grey sheep”, is unhelpful if the system wants to make consistent 

recommendations (Su & Khoshgoftaar, 2009). 

 

In order to exploit the combined advantages of these two filtering approaches, some researchers 

have proposed combining content-based filtering with collaborative filtering to reduce their 

disadvantages. Many researchers have proposed their own hybrid approach (Burke, 2002). 

These include techniques such as mediating user models by integrating data from different 

systems (Berkovsky et al., 2008) or transforming a collaborative filtering model into a content-

based filtering model (Berkovsky et al., 2009). Another technique is to use an approach with 

Bayesian classification to predict missing ratings (content-based filtering) (Melville et al., 

2002). It can also be the recalculation of ratings by collaborative filtering (Melville et al., 2002) 

or an inverse approach (first collaborative filtering then content-based filtering on the results 

obtained) (Salter & Antonopoulos, 2006). This hybrid method therefore combines several 

recommendation techniques in order to obtain a final result. The combination of these two 

filtering techniques provides better shared knowledge, contributing to better recommendations. 

As cited by Geetha et al., (2018), the increase in knowledge makes it possible to explore new 

ways of extending the underlying collaborative filtering algorithms to content data and content-

based algorithms to user behaviour data.  
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Table 1: Comparison of the different recommender system approaches 

 

2.1.2. Algorithmic dynamics and information diversity on social platforms 

This section adopts a complex systems perspective to explore how recommendation algorithms, 

feedback loops, and information propagation models influence users’ exposure to content. It 

highlights the mechanisms behind algorithmic personalisation, the types of diversity relevant 

to democratic discourse, and the potential risks posed by algorithmic filtering – particularly the 

amplification of echo chambers and filter bubbles. 

 

Social networks are increasingly perceived as complex systems, an idea widely explored in 

network sciences and systems theory (Barabasi, 2024). These systems are characterised by 

dynamic interactions between their components – like users, contents, social connections, etc. 

–, which give rise to emergent phenomena that are difficult to predict (Meadows, 2008). 

Social platforms are also influenced by feedback loops, which reinforce or attenuate certain 

engagement dynamics. Analysing these mechanisms remains complex, notably due to the lack 

of transparency of algorithms and limitations on access to platform data (Narayanan, 2023). 

Bakshy et al. (2015) have shown that algorithmic personalisation of news feeds significantly 

influences users’ exposure to certain ideas. This is because the algorithm reacts to user signals. 

If a user ignores divergent content, the algorithm stops proposing it, which will reinforce 

existing attitudes (Stroud, 2008). Recommendations will therefore reinforce the user’s bias and 

reduce the diversity of information appearing in their news feed. Messing & Westwood (2014) 

confirm this point by adding that a user showing an interest in diversity is more likely to have 

the algorithm favour greater diversity in its recommendations. The risks of the personalisation 

algorithm can take the form of two well-known theories: filter bubbles and echo chambers. The 

concept of filter bubble popularised by Pariser (2011) is the result of excessive personalisation 



 8 

of online content. Users find themselves locked into a bubble of information that reduces 

exposure to divergent opinions or diverse content. According to Cinelli et al. (2020), an echo 

chamber is an online social group where opinions on a controversial topic are highly polarised. 

It is also marked by homophily, meaning members tend to interact mainly with others who 

share their views. This phenomenon leads to repeated exposure to content that conforms to pre-

existing beliefs, reinforcing individual convictions and limiting openness to divergent points of 

view (Cinelli et al., 2020).  

 

Algorithms play a central role in the way information circulates on these platforms. While 

content processing algorithms adapt to new trends, information propagation algorithms 

determine which users are exposed to which types of content. Among these, recommendation 

algorithms are particularly influential, as they shape information flows based on users’ previous 

behaviours in order to maximise their engagement (Zeng et al., 2021). These systems are not 

limited to social networks; they are also at the heart of online streaming and commerce 

platforms, such as Netflix and Amazon (Gomez-Uribe & Hunt, 2016). 

 

Three fundamental models of information propagation are often cited in the scientific literature: 

the subscription model, the network model and the algorithmic model. The subscription model 

works in a simple way: a user receives publications directly from accounts to which they have 

subscribed, which is reminiscent of the way traditional newspaper subscriptions work 

(Narayanan, 2023). 

In the network model, dissemination is based on the propagation of content through connections 

between users. This encourages the creation of information cascades and has long been the 

basis of Twitter’s operation, particularly before 2016. This model highlights the influence of 

certain highly connected users in the dissemination of content (Narayanan, 2023). 

Finally, the algorithmic model relies on behavioural predictions to adapt the content displayed 

to each user. Unlike the two previous models, it does not rely directly on subscriptions or 

interactions between users, but on algorithms that dynamically adjust content according to 

potential engagement (Narayanan, 2023). This model is present on platforms such as TikTok 

and YouTube, which rely heavily on adaptive algorithms (Zeng et al., 2021). 

 

In parallel, a growing proportion of consumers depends on personalised digital environments 

(Haim et al., 2017). The algorithmic personalisation of news depends on explicit personalisation 

and implicit personalisation. Explicit personalisation is based on the preferences indicated by 
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the user, whereas implicit personalisation is based on the analysis of browsing behaviour 

(Thurman & Schifferes, 2012; Zuiderveen Borgesius et al., 2016). These algorithms will 

automatically select content, which is different from human editors (Haim et al., 2017).  

The diversity resulting from what these algorithms propose is essential for the quality of 

information and a well-informed public (McQuail, 1993; Strömbäck, 2005). There are often 

three forms of diversity: diversity of sources, diversity of content and diversity of viewpoints.  

Diversity of sources consists of the variety of media and people quoted (Voakes et al., 1996).  

It includes the variety of affiliations of the actors quoted, but also encompasses the diversity of 

media included in the consumption of news (Thurman, 2011). Diversity of content corresponds 

to the variety of subjects covered and ideally includes all the perspectives available on a given 

subject (R. M. Entman & Wildman, 1992; Voakes et al., 1996). When we talk about 

perspectives, we are implying the fact of referring to the interpretative frameworks applied to a 

subject. More specifically, diversity of viewpoints corresponds to the presence in the media of 

different interpretations of a subject, and not only to a diversity of sources or tones. Baden & 

Springer (2015), following the work of Wetherell & Potter (1988), and Entman (1993), define 

it as the coexistence of non-commensurable interpretative frames, derived from distinct 

interpretative repertoires. According to Donati (1992) and Fairclough (2003), these repertoires 

are coherent semantic structures based on logics of action and evaluation, which Boltanski & 

Thévenot (2006) have systematised into a typology of justifications. Two frameworks will then 

be considered as diverse if they cannot be reduced to the same logic or the same repertoire. It 

is important to note that citing different sources, as Bennett (1996) and Tat et al. (2002) point 

out, does not guarantee real diversity of interpretation since several players may share the same 

dominant framework. Diversity of viewpoints is the most difficult form of diversity to produce 

and measure (Baden & Springer, 2017). It makes it possible to ensure a democratic 

“marketplace of ideas” (Strömbäck, 2005).  The capacity of algorithms to support such diversity 

has been increasingly called into question. Pasquale (2015) questioned the ability of algorithms 

to guarantee diversity. This gave rise to the filter bubble hypothesis, which suggests that 

algorithms favour economic commitment over diversity. According to Pariser (2011), they 

favour the content most likely to interest a given user. One example cited is that a user who 

consumes a lot of sports news will receive even more sports content to the detriment of other 

subjects (Haim et al., 2017).  

 

In summary, this section has explained how social media platforms operate as complex systems, 

where algorithms play an important role in the choice of content seen by internet users. These 
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algorithms, particularly those that recommend content, learn from user behaviour and tend to 

show more of what a person already likes. Over time, this can limit the diversity of content the 

users are exposed to. Instead of discovering different points of view or new subjects, users often 

see the same type of content. This reduces the diversity of information that is important for 

staying well-informed and understanding different opinions. This is how online spaces can 

become filter bubbles or echo chambers.  Figure 1 summarises the risks and consequences that 

can arise from algorithm personalisation. This brings us to the next part: the idea of the filter 

bubble, which describes how algorithms can trap users in narrow information universes by 

showing them only what they already agree with. 

 

Figure 1: Consequences and risks of algorithmic personalisation on users 

 

2.2.  Filter bubbles and fake news: definitions, mechanisms and limitations 

2.2.1. Filter bubbles 

2.2.1.1.Definition and origin 

One potential consequence of recommendation systems is the creation of filter bubbles within 

social networks. Recommendation systems will tend to reinforce or attenuate them, influencing 

the informational opening or closing of the Internet (Areeb et al., 2023). But what does this 

concept mean? 

In 2011, Eli Pariser raised growing concerns about the development of the web and the 

personalisation of its content. He highlights some of the unintended effects of this 

personalisation, which is becoming ubiquitous and barely visible in the critical evaluation of 

information. One of the main risks he identifies is the fragmentation of users into isolated 

informational spaces, a phenomenon he describes as the “filter bubble”. This concept, which 

he developed, describes a personalised information environment in which each user evolves in 

a unique way (Pariser, 2011). 

Pariser explains that this phenomenon is based on algorithmic personalisation mechanisms that 

filter and select content according to the user's preferences and past interactions (Pariser, 2011). 

This personalisation locks individuals into a restricted environment, reducing their creativity 
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and reinforcing their pre-existing beliefs (Andrea, 2022). Sunstein (2001) reinforces this 

perspective, arguing that algorithmic personalisation undermines shared experiences and, as a 

result, weakens the ability of diverse societies to address common challenges. Some authors 

add that personalisation can reinforce users’ cognitive biases by exposing them only to content 

aligned with their preferences (Nguyen et al., 2014; Tetlock, 2017). 

 

Let’s take a closer look at Pariser's thesis to better understand the concept of the filter bubble. 

He argues that personalisation restricts the diversity of information, particularly through search 

engines and social networks, which filter content without the user being aware of it (Pariser, 

2011). For example, Google customises search results according to the user's profile, Facebook 

tracks interactions to optimise advertising targeting and Amazon exploits purchase correlations 

to anticipate preferences. Exploiting private data enables these companies to refine their 

recommendations and optimise targeted advertising. The more extensive and precise the data 

collected – including detailed information such as users' likes, browsing times, and inferred 

preferences – the more valuable it becomes for advertisers. However, users are often unaware 

of this constant exposure (Samuels, 2012). 

Pariser (2011) points out that algorithms build a digital profile based on past interactions, 

limiting access to other perspectives. Two types of personalisation have been identified.  

On the one hand, algorithmic personalisation is based on the analysis of behavioural data such 

as browsing history, pages consulted, clicks and time spent on certain content. It also 

incorporates metadata such as the date of publication, the type of document and the number of 

interactions (likes, shares). The algorithm processes this information to suggest similar content, 

often without the user noticing (Bozdag, 2013; Helberger et al., 2018). 

On the other hand, explicit personalisation or “customisation” is based on voluntary action by 

the user, who chooses to filter content (Sundar & Marathe, 2010), for example by liking a 

Facebook page or following an account on Twitter/X. Unlike algorithmic personalisation, this 

personalisation is consciously initiated by the user (Andrea, 2022). 

 

Different authors have identified several effects and risks associated with filter bubbles. 

Although personalisation does not systematically lead to a bubble, in extreme cases it can create 

an environment where users are exclusively exposed to content that reinforces their existing 

opinions. This mechanism, known as “amplification”, is based on a circular dynamic: the more 

a user consults a particular type of content, the more the algorithm suggests, reinforcing the 

algorithmic spiral. This process limits confrontation with divergent points of view and reduces 
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informational diversity (Andrea, 2022; Bakshy et al., 2015; Flaxman et al., 2016; Pariser, 2011). 

This dynamic loop process is shown in Figure 2. 

However, Andrea (2022) qualifies this view by pointing out that the filter bubbles are not totally 

hermetic. Content contrary to the user’s preferences can enter them, provided it comes from 

sources deemed ‘acceptable’ by the algorithm. 

Moreover, the societal impact of these filter bubbles is significant. One of the main risks is 

social fragmentation: users evolve in distinct informational spheres, limiting exchanges 

between groups with divergent opinions. This compartmentalisation encourages intellectual 

isolation and reduces the diversity of public debate (Eady et al., 2019; Schomakers et al., 2020). 

By restricting access to varied information, filter bubbles represent a major challenge for 

democracy. When combined with echo chambers (content shared in homogeneous circles), they 

exacerbate public polarisation and fragmentation, making societal dialogue more difficult 

(Andrea, 2022; Karlsen et al., 2017; Pariser, 2011; Rowland, 2011; Sunstein, 2001). 

We can therefore see that filter bubbles have different impacts on users. Their existence tends 

to reinforce existing beliefs, which polarises information (Nguyen et al., 2014; Tetlock, 2017). 

There will also be the creation of a group effect within which a radicalisation of opinions will 

take place (Gharahighehi & Vens, 2023). Popular content is also recommended more, reducing 

diversity. The authors Fleder & Hosanagar (2009) and Lee & Hosanagar (2014) refer to this 

consequence as the Matthew effect. Filter bubbles also have an impact on the socio-political 

situation as they influence political ideas, leading to a weakening of democracy (Eady et al., 

2019; Schomakers et al., 2020). Finally, these bubbles could amplify misinformation, 

encouraging the spread of fake news (Zimmer et al., 2019). 

 

So while the personalisation of content offers advantages in terms of relevance and 

convenience, it also entails dangers that it is essential to understand and mitigate in order to 

preserve access to diverse information and informed public debate. 

 Figure 2: Filter bubble loop 
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2.2.1.2.Criticisms and limitations of the filter bubble concept 

Having defined the concept of filter bubble, it is interesting to examine this phenomenon in 

greater depth. In this section, we will explore the various criticisms raised by different authors 

regarding the filter bubble hypothesis. In fact, many articles criticise Pariser’s theory, so it is 

worth looking at whether or not there really is a “bubble” within social networks. 

 
As mentioned several times in the previous sections of this work, users look for information 

with which they agree and avoid information that contradicts them. Frey (1986) already 

identified the theory of selective exposure in one of his analyses. Using this theory, he shows 

that people tend to seek out information that is compatible with their beliefs, but rarely avoid 

information that contradicts them. We can therefore say that all information consumption is 

selective by necessity. If we analyse Pariser’s concept (2011), we see that he states that 

personalisation amplifies confirmation bias. This amplification tends to transform the media 

into a reflection of personal preferences. Many studies confirm a slight preference for 

information that supports users’ ideas (Cotton, 1985; D’Alessio & Allen, 2007; Hart et al., 

2009) but, however, there is little evidence of active avoidance of contrary information. 

Numerous researchers have identified that the motivation to seek information that supports is 

stronger than the motivation to avoid information that confronts (Fischer et al., 2011; Garrett, 

2009; Munson & Resnick, 2010). In their research, Newman et al. (2017) found that 40% of 

social network users claim to see information that does not interest them, or at least that they 

are not looking for. Hart, Richardson, et al. (2020) go so far as to assert that the more confident 

a person is in his beliefs, the more he is exposed to contrary information. We can therefore say 

that people look for information that supports them but do not do everything possible to avoid 

information that contradicts them. Weeks et al. (2016) conclude by saying that the idea that 

filter bubbles strongly reinforce confirmation bias is unlikely. 

 

A second criticism of the filter bubble concept is that the algorithms learn users’ preferences 

from their choices. Their choices can be expressed in different ways on social networks: through 

clicks, likes, shares and so on. On the basis of these different choices, the algorithms will 

suggest similar content, thereby reinforcing their interests and limiting the diversity of content 

(Pariser, 2011). The problem with this approach is that it is based on a form of technological 

determinism (Davies, 2018) and strong behaviourism (Graham, 2017). This assumption implies 

that people are active in their choices but passive in the face of the content they receive. Hansson 

and Grüne-Yanoff (2012) as well as Webster (2017) challenge this view by saying that 
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preferences are subjective mental states. They go on to say that choices are observable actions. 

Individuals may have multiple preferences influenced by social context, social desirability or 

heuristics. A “like” may be motivated by a desire to communicate a social image and not 

necessarily a genuine endorsement (Hart et al., 2020). Social networks are simply spaces where 

users put on a social show. They often click on popular articles regardless of the content 

(Messing & Westwood, 2014). Webster (2017) adds to all these assertions that the media also 

have their share of responsibility for users’ choices. In fact, not all choices come from users, 

given that the media push content via advertising. Dahlgren (2021) goes on to say that 

algorithms do not create a unique model for each individual. Just because we talk about 

personalisation does not mean that the result is personalised and that the algorithm really 

understands the person. The collaborative filtering we mentioned earlier is based on the 

behaviour of a large number of users, not just one individual. This filtering is therefore the 

opposite of the idea that each person is isolated in their own bubble. This aspect introduces a 

collective dimension into the recommendations. To conclude this criticism, we can state that an 

algorithm cannot deal with what is observable, given that it can only access an individual's 

internal preferences. Preferences are also multiple, contextual and often contradictory. 

 

We can continue this analysis by indicating that the majority of users on Twitter/X share 

messages from people with similar opinions. But if we look at the interactions between users, 

we see that they are often exposed to divergent opinions. Sharing information through a retweet 

has more impact than commenting on it because it reaches more people (Dahlgren, 2021). 

However, exposure to information does not guarantee that it will be remembered. Vraga et al. 

(2016) explain that even after direct exposure, people quickly forget what they have seen. 

Sülflow et al. (2019) add that people read more when the content and responses present 

divergent opinions. According to Bakshy et al. (2015), users exposed to a personalised feed 

passively see more divergent opinions whereas users who actively choose, see fewer. Unlike 

them, Beam (2014) finds the opposite effect. This contradiction shows that personalisation can 

both reduce or increase exposure to diversity of opinion, but these changes are minimal. It is 

true that the changes are far from total exclusion as suggested by the filter bubble thesis. What 

we can learn from this is that audience fragmentation is rather an accidental side-effect of social 

platforms and not a direct consequence of algorithms. People interact with those who are 

different from them, sometimes out of preference and sometimes out of involuntary exposure. 
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Continuing this critical analysis of the filter bubble thesis, we see that it is based on the premise 

that Internet users now consume information solely via personalised services, often controlled 

by large, profit-driven American companies. This would make access to unfiltered information 

impossible. According to Pariser (2011), this personalisation creates an information 

environment unique to each individual, where certain important news items no longer appear 

because they do not receive enough interaction. The problem with this approach is that it 

focuses too much on a single medium. It is true that studying a single type of media (such as 

social networks, for example) without considering all media uses leads to an overestimation of 

the effects of filter bubbles. For example, a user might decide to find out about general news 

via traditional media and use social networks to follow specific interests (Dahlgren, 2021). This 

information has been proven by Fletcher and Nielsen (2017, 2018) who show that users consult 

various media and are thus exposed to a wide variety of (possibly contradictory) information. 

They add that even people who follow niche media consume mass media regardless of the 

country analysed. A. M. Guess et al. (2020) even contradict the conventional wisdom by stating 

that fake news does not spread massively on social networks. People hear about fake news first 

through the traditional media rather than on social networks (Tsfati et al., 2020). Most people 

do not consume information solely via social networks. They also visit news sites directly 

(Flaxman et al., 2016) or do not consult the news at all (Arceneaux & Johnson, 2013). So even 

if a user is locked into a bubble of filters on one platform, they can find divergent opinions 

elsewhere. Fragmentation does not just take place within a medium but also between media. 

 

To conclude, the analysis of the algorithmic mechanisms of social platforms and the definition 

of the “filter bubble” concept in the previous sections have shown that the personalisation of 

the web creates unique and isolated information environments for each user. Consequently, this 

“bubble” phenomenon seems to exist within social platforms. However, this critical analysis 

reveals that certain nuances need to be added to Pariser’s theory. 

Indeed, users look for information that confirms their beliefs, but they do not actively avoid 

contrary opinions. Algorithmic personalisation slightly reinforces this bias but does not create 

a total lock-in. What is more, social networks use algorithms that only interpret observable 

actions such as clicks or likes, but not real internal preferences. We also need to take into 

account the fact that information consumption is multi-channel (social networks, traditional 

media, etc.). Audience fragmentation is therefore more a side-effect than an intentional 

consequence of algorithms. 
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2.2.2. Fake news 

2.2.2.1.Definition and classifications 

One of the consequences of filter bubbles is to reinforce a user’s existing beliefs and limit 

exposure to different points of view. These bubbles tend to create a favourable environment for 

the dissemination of misleading or false information (Flaxman et al., 2016; Pariser, 2011). In 

this context, one may question whether fake news could be a consequence of the personalisation 

of recommendations within social platforms. It is therefore essential to define what is meant by 

“fake news” in order to better understand how it spreads and how it differs from other types of 

misinformation.  

 

The study of news veracity is not new, but it is only recently that the term “fake news” has been 

popularised and attracted widespread interest, following the US presidential election and Brexit 

referendum that took place in 2016 (Gelfert, 2018; Pennycook & Rand, 2021). So far, there is 

no universal definition for this term (Zhang & Ghorbani, 2020; Zhou & Zafarani, 2020). 

However, there are various characteristics of fake news that are generally accepted. In 2018, 

Gelfert defined the term “fake news” as “the deliberate presentation of (typically) false or 

misleading claims as news, where the claims are misleading by design” (p. 108), the 

expression “by design” referring to their systemic dimension. In their article, which has been 

widely cited in other papers, Allcott and Gentzkow (2017) explain that, for them, fake news 

corresponds to a news article that is intentionally and verifiably false and could mislead readers. 

Fake news is therefore deliberately erroneous or deceptive information presented in the form 

of a news. The author does this with the aim of acquiring a gain, which may be political or 

financial among other things (Meel & Vishwakarma, 2019; Zhang & Ghorbani, 2020). Meel 

and Vishwakarma (2019) add that these news pieces are usually published in news outlets 

(Zhou & Zafarani, 2020) or on the Internet (Zhang & Ghorbani, 2020). 

 

Existing literature often refers to closely related terms when discussing fake news: 

misinformation, disinformation and mal-information. These concepts mainly differ in their 

intention and the veracity of the information presented. Misinformation corresponds to false 

information (Greifeneder et al., 2021; Meel & Vishwakarma, 2019; Pennycook & Rand, 2021). 

However, it is not circulated with the aim of deliberately causing harm (Greifeneder et al., 

2021). According to several papers, the inaccuracy is generally due to an accidental mistake 

made by the author (Meel & Vishwakarma, 2019; Pennycook & Rand, 2021). On the contrary, 

disinformation is created with the deliberate intention of hurting someone (Greifeneder et al., 
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2021; C.-C. Wang, 2020) or misleading the public (Meel & Vishwakarma, 2019; Pennycook & 

Rand, 2021; Zhou & Zafarani, 2020). Mal-information is also intended to cause harm 

(Greifeneder et al., 2021; C.-C. Wang, 2020). Nevertheless, what distinguishes the two 

practices is that mal-information is based on real facts, whereas disinformation spreads 

incorrect information (Greifeneder et al., 2021; C.-C. Wang, 2020).  

 

While fake news is often deliberately created, it does not always come from a single type of 

source. They can be produced by individuals, organised groups or even governments, each 

pursuing different objectives: political influence, financial gain or ideological control (Meel & 

Vishwakarma, 2019). 

With the rise of social media and digital platforms, it has become easier than ever for these 

actors to publish and disseminate misleading information on a large scale, and at lower cost 

(Zhang & Ghorbani, 2020; Zhou & Zafarani, 2020). Some creators launch into the production 

of sensationalist stories in order to attract attention, generate clicks and advertising revenue, 

without worrying about the accuracy of the content (Allcott & Gentzkow, 2017). 

But creators are not the only ones contributing to the spread of fake news. Ordinary users also 

play a central role in their dissemination, often unintentionally. Stories are often shared on the 

basis of emotion, personal convictions or a desire to inform others, even if the content is 

incorrect (Greifeneder et al., 2021; Pennycook & Rand, 2021). According to Zhou & Zafarani 

(2020), the very structure of social media – where sharing is easy and responsibility limited – 

facilitates the virality of these misleading stories. 

So, while fake news generally stems from a deliberate intention to deceive, its propagation is 

based on a complex combination of motivations, digital channels and actors, whether or not 

they are aware of the inaccuracy of the content. 

In addition, it is important to note that the sources of information on the networks are extremely 

varied, and their reliability does not depend on their popularity. Influencers and youtubers are 

now competing with journalists and scientists, calling into question the role of traditional 

gatekeepers. This development is helping to blur the boundaries between producers and 

consumers of information. Finally, information overload increases exposure to rumours and 

reinforces their credibility through the familiarity effect (B. Kim et al., 2021). 

 

2.2.2.2.Why do people believe fake news? 

At a time when we are constantly bombarded with information online, it may seem surprising 

that so many people continue to believe fake news. Yet this phenomenon can be explained by 
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a combination of psychological, social and emotional factors. Between cognitive biases, the 

power of emotions, digital habits and trust in certain sources, the reasons are numerous and 

often unconscious. These reasons, together with brief explanations, are summarised in Table 2. 

 

Researcher Kucharski (2016) offers an interesting comparison: he likens the spread of fake 

news to that of a virus. Social networks play the role of vectors, allowing rumours to spread, 

mutate and even compete with other news, just as different strains of virus do. This metaphor 

helps us to better understand why some false information goes viral. 

 

Another paradox noted by Flanagin & Metzger (2000) is that even though many people say 

they distrust the information they find online, they tend to believe it all the same. In fact, certain 

characteristics of fake news (assertive tone, well-done visuals, closeness to our opinions) make 

it more convincing (Wogalter & Mayhorn, 2008). Even when a piece of information seems 

dubious, we can tell ourselves that it may contain some truth, and this is sometimes enough to 

give it weight (Kanoh, 2018). 

 

Research into the sociology and psychology of the media has also shown that the way we 

consume news is strongly influenced by our personal preferences (Shu, Bernard, et al., 2019). 

For example, the concept of naive realism (Ross & Ward, 1996) refers to the tendency to believe 

that our view of the world is the correct one, the most “neutral”. And with confirmation bias, 

we naturally tend to go for information that confirms what we already think (Nickerson, 1998). 

This bias plays a central role in the way we receive fake news. If a piece of information is in 

line with our ideas, we are more likely to believe it (Nickerson, 1998), especially in politics 

(Michael & Breaux, 2021). That said, some researchers point out that it is not just a question of 

ideology: it is often our intuitive, quick reasoning that leads us to believe it (Pennycook & Rand, 

2019). On the other hand, political opinions have a major influence on whether or not we share 

fake news (Pennycook et al., 2020). 

 

We also need to talk about the illusory truth effect. It is simple: the more information we see, 

the more likely we are to believe it to be true (Pennycook et al., 2018). Even if we saw it the 

first time and knew it was false, repeating it creates a deceptive familiarity. This is even stronger 

if we are asked to judge whether a piece of information is ‘interesting’ rather than whether it is 

true (Calvillo & Smelter, 2020). And of course, if this information is relayed by sources we 

trust, the effect is amplified (Melki et al., 2021; Nadarevic et al., 2020). 
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Fortunately, certain factors can protect us: more analytical thinking, a good dose of critical 

thinking or sound general knowledge (Machete & Turpin, 2020; Pehlivanoglu et al., 2021; 

Pennycook & Rand, 2020; Sindermann et al., 2021). But analysing requires time and attention, 

two things we do not always have when we are scrolling through the news on our phone 

(Cordonier & Brest, 2021). What is more, some fake news is presented in a very professional 

way, with computer graphics, graphs, etc. which reinforces its credibility (Preston et al., 2021). 

Hence the importance of a good media education and a certain emotional intelligence (Salovey 

& Mayer, 1990). 

 

Finally, the role of emotions should not be underestimated. Content that provokes anger, fear 

or anxiety attracts more attention and is shared more quickly (Berger & Milkman, 2012). The 

problem is that these emotions reduce our capacity for critical reflection. Emotions linked to 

analysis, on the other hand, do not have this effect, but if we encourage people to follow their 

feelings, this can increase their support for fake news (Martel et al., 2020). 

If we believe fake news, it is not necessarily because of a lack of intelligence or education, but 

rather because of the way our brain, our emotions and our habits work. We are influenced by 

what we already believe, by what we feel, and by the way information is presented to us. 

 

 

Table 2: Reasons why people believe fake news 
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2.3.  Link between filter bubbles and fake news: existing studies and motivation for our 

research 

Having explored the concepts of filter bubbles and fake news in greater depth, we can now 

review the papers that have examined these notions.  

 

A number of recent studies in the scientific literature have investigated the circulation of fake 

news on social networks. 

Pierri et al. (2020) tried to classify news articles on social media solely on the basis of the 

topological analysis of their diffusion networks. Their approach consists of an in-depth 

comparison of networks using non-alignment methods such as global network properties, 

distributions of centrality measures and distances between networks. The researchers found that 

the Twitter/X diffusion networks associated with reliable and misleading articles have different 

topological characteristics, which can be exploited to distinguish them automatically. In fact, 

they discovered that mainstream (reliable) and misleading (fake news, satire, rumours, 

clickbait) information generate diffusion networks with different structures. For example, these 

differences may relate to the size of the components, the depth of the cascades or the local 

density (clustering). Pierri et al. (2020) concluded that it is possible to automatically detect 

misleading articles on social networks simply by analysing the structure of their distribution on 

Twitter/X without analysing their content. 

As for Stein et al. (2023), they sought to test the following hypothesis: “ideologically segregated 

networks do not simply favour the dissemination of partisan news but also disproportionately 

favour the dissemination of false information, particularly that which is too implausible to be 

propagated in integrated networks”. To do this, they set up controlled experiments with 

integrated or segregated artificial networks, the dissemination of true and false messages with 

an ideological bias and simulation models to generalise their results. The researchers observed 

that the participants in their study shared false partisan information at a similar rate in the 

integrated and segregated networks. There was no significant difference in individual 

willingness to share misinformation. However, in segregated networks, supporters are exposed 

to ideologically aligned false messages. This exposure is considerably reduced in integrated 

networks. The authors also noted that the proportion of false information circulating is higher 

in segregated networks, meaning that segregation structurally favours misinformation even if 

individual behaviour does not change. Messages with a low initial probability of being shared 

(low credibility) benefit most from segregation. For highly plausible messages, there is no 

difference between integrated and segregated networks. Authors’ general conclusion is that 
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ideological segregation in social networks greatly increases the exposure and dissemination of 

misinformation, especially when it comes to content with little credibility, even though 

individuals are no more inclined to share fake news themselves. 

Finally, the study carried out in 2024 by Muñoz et al. aimed to gain a better understanding of 

the dynamics of disinformation and identify ways of fostering safer and more pluralist 

information. To do this, the authors carried out content and network analyses, creating network 

graphs to represent the interactions between users and thus the flow of information. These 

networks enable them to compare their evolution, identify the factors accelerating propagation, 

assess the robustness of the networks to propagation and study the correlation between the type 

or volume of content shared and the configuration of the network. The analyses performed 

revealed that the disinformation network is denser, more connected and more centralised than 

the legitimate journalists’ network. These characteristics therefore enable better dissemination 

of information, suggesting the existence of coordinated structures aimed at influencing 

discourse. Muñoz et al. (2024) also noted a propensity to rely on content with a negative 

emotional charge to amplify their activity. Disinformation accounts will behave in a 

coordinated fashion. They are more effective at spreading information. 

 

Several authors have also taken a more detailed look at the phenomena of filter bubbles and/or 

echo chambers, adopting various perspectives. 

Related to what was discussed above regarding recommender systems, Nguyen et al. (2014) 

wanted to evaluate the long-term impact that a recommender system based on collaborative 

filtering can have on the diversity of content to which users are exposed, in order to measure 

the filter bubble effect at the individual level. To do this, the researchers employed a 

longitudinal approach to track changes in user experience over time. They also applied a 

measure of content diversity based on user-generated tags. Finally, they carried out a temporal 

analysis proposing new methods for observing the temporal effect of recommender systems on 

user experience. Through these different analyses, Nguyen et al. (2014) identified a reduction 

in diversity, with a moderate effect for engaged users. This is because recommender systems 

tend to expose users to a slightly smaller set of items over time. However, users who actually 

consume the recommended content are less affected by this reduction in diversity and rate items 

more positively. 

Following a more algebraic approach, Lahoti et al. (2017) questioned the possibility of 

modelling and mitigating ideological filter bubbles on social networks (in particular, on 

Twitter/X) by automatically learning the ideological positions of users and information sources. 
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They modelled their research as a constrained non-negative matrix factorization, taking into 

account the structure of the social network (relationships between users) and content 

consumption data (user-content interactions). 

Research has also been carried out into how different social media platforms influence the 

formation of echo chambers and the dissemination of information, particularly on controversial 

subjects. In their paper, Cinelli et al. (2021) seek to compare the social and informational 

dynamics between several platforms (Gab, Facebook, Reddit and Twitter/X). Their aim is to 

measure the impact of two factors: homophily in interaction networks and the bias towards 

disseminating information to users with similar opinions. Their study shows that Facebook and 

Twitter/X social platforms have a high degree of homophily in their interaction networks. This 

characteristic encourages polarisation and the formation of echo chambers where content 

circulates between individuals of the same ideological view. Cinelli et al (2021) also compare 

Reddit and Gab and find that users interact in more homogeneous communities with no clear 

separation between opposing groups. There is a degree of polarisation, but exchanges are not 

strongly compartmentalised. Echo chambers are less marked. This difference with Facebook 

and Twitter/X suggests a greater mix of audiences or a single dominant echo chamber. When 

the authors compare the Facebook and Reddit platforms on a same piece of content, Facebook 

shows strong segregation between users according to their ideological orientation. Reddit, on 

the other hand, shows more fluid interaction, even for users with extreme opinions, limiting 

echo chambers. In addition, Cinelli et al. (2021) note that recommendation algorithms play a 

central role. Facebook and Twitter/X offer little or no user control over their news feeds, 

increasing polarisation. Reddit allows more personalisation, limiting echo chamber effects. 

They conclude that the dynamics of polarisation and dissemination of information are highly 

dependent on the technical characteristics (algorithms, structure of interactions) specific to each 

social network. 

More recently, Chueca Del Cerro (2024) tried to understand how social network configurations 

and the media environment influence the polarisation of national identity. To do this, she used 

an integrated model that corresponds to an agent-based simulation of national identity 

dynamics. It incorporates a multi-layer network of agents interacting in a hybrid environment 

combining traditional and social media. The author concluded that the initial structure of social 

networks (homophily based vs random) and the presence of filter bubbles play an important 

role in the dynamics and polarisation of ideas. Indeed, Chueca Del Cerro (2024) highlighted 

that the scenario combining a homophilic network and a filter bubble generates the strongest 
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polarisation, insisting on the fact that the presence of filtering algorithms on social networks 

reinforces polarisation. 

 

However, few studies have examined the notions of filter bubble and fake news together. 

A first study linking these two concepts is the research done by Zimmer et al. (2019). The 

authors aimed to understand the role of individuals and algorithms in the formation of filter 

bubbles and the support of echo chambers online, particularly in relation to the spread of fake 

news and deception on social media. To this end, studies of concrete information behaviour in 

relation to fake news and case studies with content analyses were carried out to discover 

interactions and links of cause and effect. As a result of these analyses, the authors discovered 

that social media algorithms do not directly create communities but amplify users’ 

informational behaviour. They added that the key factor in the propagation of fake news and 

deception is the individual user, his cognitive patterns and his surrounding echo chamber. 

Another study on the subject was done by Diaz Ruiz & Nilsson (2023). Although it does not 

look directly at filter bubbles, it studies the link between fake news and echo chambers. The 

authors investigated the way in which disinformation circulates on social networks through 

adversarial narratives integrated into identity-driven controversies. To do this, they set up an 

empirical analysis of the flat Earth echo chamber on YouTube. The main finding was that 

disinformation circulates via identity-based grievances and that the arguments put forward 

resist fact-checking because they are based on emotions and resentments, on a strong 

identification with the group and not just on objective facts. Diaz Ruiz & Nilsson (2023) also 

highlighted that disinformation circulates on social networks through a two-phase framework: 

first “seeding” and then “echoing”. Disinformation then spreads within identity-based echo 

chambers fuelled by community involvement. Finally, the authors concluded that 

disinformation is not based solely on lies but also uses partial truths and emotional arguments. 

Social and cultural identities are at the heart of the spread of disinformation. Fact-checking 

alone is ineffective because it does not address the identity and community dynamics that 

anchor these beliefs. 

 

Yet, the link between filter bubbles and the spread of fake news on social media deserves to be 

studied in greater depth. Several scientific studies suggest that a user enclosed in a bubble is 

more exposed to homogeneous content, and that this homogeneity may play a key role in the 

sharing of misleading content (Dahlgren, 2021; A. M. Guess et al., 2020). Del Vicario et al. 

(2017) have also shown that homogeneous communities on social networks are particularly 
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vulnerable to the circulation of false information, because the redundancy of narratives 

reinforces their apparent credibility. As a result, people may be led to share it, not because they 

believe it, but because they no longer have the necessary elements to exercise their critical 

faculties. It is also important to place user behaviour within the technical framework that makes 

it possible. Social platforms value rapid engagement: the more people react to a piece of 

content, the more it is promoted. Fake news, which is often emotional, polarising or 

sensationalist, fits this logic perfectly. But in a filter bubble, this mechanism becomes even 

more effective: content is calibrated to appeal to the target audience, which maximises its reach 

(Vosoughi et al., 2018). So, a user trapped in a bubble is not only more exposed to content that 

goes his way; he is also more encouraged to share it. Users do not necessarily see contradictory 

warnings, and they receive few dissonant signals (few critical comments, few fact-checks, little 

thematic diversity). This lack of friction facilitates impulsive sharing, often without verification 

(Pennycook & Rand, 2019). 

However, it would be too simplistic to say that anyone trapped in a filter bubble automatically 

shares fake news. Recent studies qualify this view. Dahlgren (2021) points out in particular that 

exposure is not enough: some people exposed to fake news do not share it or recognise it as 

such. Similarly, A. M. Guess et al. (2020) show that individuals who are more analytical or 

more distrustful of networks are less likely to relay fake news, even if they are exposed to it. 

This is why it is relevant to look in more detail at the relationship between the sharing of fake 

news and enclosure in a filter bubble on social networks. To the best of our knowledge, this 

link has only been studied artificially in the literature so far. Through the study of empirical 

data we collected, we will seek to determine whether in practice a link can be established 

between these two phenomena. Furthermore, still based on this data, we will also try to learn 

more about the behaviours that characterise users who spread fake news online. 
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3. Link between filter bubbles and the sharing of fake news: a practical 

approach 

3.1.  Methodology 

3.1.1. Research questions to be explored and approach used 

As highlighted in the literature review, we are seeking to understand whether there is a link 

between filter bubbles and the spread of fake news on social networks. We also intend to learn 

more about the behaviour of users who share fake news online. More specifically, we aim to 

answer the following research questions: 

• RQ1: Are users who share fake news on social media more likely to be trapped in a filter 

bubble? 

• RQ2: Do users who share fake news on social media tend to have stronger opinions? 

• RQ3: Do users who share fake news on social media tend to share more recommended 

content, such as retweets or quoted tweets, rather than original tweets? 

• RQ4: Are there any explicit features that distinguish users who share fake news on social 

media? 

 
For this study, we will adopt a quantitative approach. Quantitative analyses are well suited to 

testing theoretical predictions using measures (Tharenou, 2007) such as mathematical models 

and statistical tests. This type of approach will enable us to concretely measure conceptual 

phenomena such as diversity of content, emotional intensity of opinions or publication 

behaviour on empirical data, and subsequently to compare two groups of users.  

 

For our analysis, we will base ourselves on the social network Twitter (newly named X). 

Twitter/X is widely used to share information in real time on a wide range of topics, including 

news, politics and entertainment, which are often subject to misinformation. Moreover, due to 

its operating mechanisms and the behaviour patterns of its users, Twitter/X is a platform that is 

propitious to the development and propagation of misinformation and disinformation (Muñoz 

et al., 2024; Starbird et al., 2019). With around 375 million tweets posted every day (Pfeffer et 

al., 2023), the platform is proving relevant for observing the circulation of fake news. 

In addition, Twitter/X has become a popular research medium in recent years, and various 

problems have been analysed using data from the platform (Chen et al., 2021). Although the 

rules governing the use of Twitter/X’s API have recently been tightened, making data collection 
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more laborious, the broad range of targeted data that can be extracted is valuable for studying 

the phenomena we are interested in. 

 

3.1.2. Data collection 

In order to study our different research question, we based ourselves on articles analysed by the 

website Gossip Cop. We do this because our different research questions require us to consider 

the veracity of some news items circulating on Twitter/X. Gossip Cop was a New York-based 

website that checked the veracity of entertainment news, mainly celebrity-focused, published 

in various media such as magazines, newspapers and on the internet. Before providing detailed 

explanation, Figure 3 summarises all the steps performed to collect the data needed for our 

analyses. The various codes used to reproduce our work can be found on Github1. 

 

The starting point for our data collection is a database containing a wide range of Gossip Cop 

news items (Shu, Mahudeswaran, et al., 2019; Shu, Sliva, et al., 2017; Shu, Wang, et al., 2017). 

As the examples in the table below show (Table 3), for each article we have information on its 

origin, its title, a label that characterises the veracity of the story (either “fake” or “real”), and 

a list of tweet ids that refer to this news item on Twitter/X. 

 
1 GitHub - emmagarcia08/fake-news-and-filter-bubble-analysis: Python scripts used in our master's thesis, which 

examines the link between the sharing of fake news and the filter bubble phenomenon on Twitter/X. 

Figure 3: Summary of the data collection phase 

Table 3: Extract from the “news” table in the database 

https://github.com/emmagarcia08/fake-news-and-filter-bubble-analysis
https://github.com/emmagarcia08/fake-news-and-filter-bubble-analysis
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We conducted an initial collection phase. For articles that were still available, i.e. those that had 

not been deleted and for which we were able to retrieve the original text, we collected the tweets 

that referred to them using their tweet id. To do this, we used a scraper2 from the Apify website. 

Apify is a third-party platform that offers scraping tools and other solutions designed by 

developers. For each tweet still available on Twitter/X, we collected its text and the username 

of the user who posted it. We also kept track of all the other information related to the tweet 

returned by the scraper. This information is stored in tables named “collected_tweets_fake” and 

“collected_tweets_real” in the database. The Table 4 is an example of what these tables contain. 

 

Table 4: Extract from the “collected_tweets_fake” table in the database 

Although our resources and access to the scraper were limited, we managed to collect a total of 

353,654 tweets. Specifically, 167,654 tweets refer to 3,359 articles identified as “fake”, and 

186,000 tweets refer to 9,920 articles identified as “real”. 

 

Now that we have identified the users behind the tweets referring to articles labelled as real or 

fake, the next step is to analyse more precisely the content to which these users are exposed. 

However, not all accounts listed in the “collected_tweets_fake” and “collected_tweets_real” 

tables are suitable for our analysis. Our goal is to study the filter bubble phenomenon among 

ordinary users, without any particular distinction. However, some Twitter/X accounts in our 

database are by nature intended to relay specific content. These accounts may have low content 

diversity, leading us to believe that they are trapped in a filter bubble when in fact they are 

deliberately aiming to share targeted content with their community. Including them in our study 

would therefore risk introducing bias, artificially lowering diversity scores. We must therefore 

exclude these accounts as much as possible in order to avoid drawing misleading conclusions. 

The users to be excluded can be grouped into three main categories. The first group concerns 

news accounts. These are accounts that aim to inform their community about current events, 

 
2 https://apify.com/coder_luffy/free-tweet-scraper 

https://apify.com/coder_luffy/free-tweet-scraper
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relay star gossips or share entertainment. Also in this category are ‘spam’ users, who share 

continuously catchy tweets in an identical format (see Appendix 1).  Given that our study is 

based on tweets about a diversity of articles, these news accounts are well represented among 

the users we have collected. The second category of accounts concerns users who share targeted 

content. This includes people who publish tweets on a specific topic, or fan accounts that 

provide information about a particular public figure. Finally, the last type of user to be discarded 

are business accounts. These are professional accounts through which people promote their 

business. 

 

In order to exclude these users, we carried out an initial filtering based on their occurrence in 

our data and the analysis of usernames.  

First of all, we eliminated users who were the source of both “fake” and “real” tweets, leaving 

only people associated with just one of the two labels. We also ignored people who had 

published more than fifty tweets among those we collected. This is because, when analysing 

various users, we noticed that those who appear more than fifty times in the data are generally 

among the users who are of no interest to our study. For example, this operation allows us to 

eliminate some of the news accounts, which by their very nature are the authors of a large 

number of these tweets.  

We then filtered the remaining people on the basis of their username and the name displayed 

on their profile. We removed users whose name contained one of the following words: news, 

media, info, radio, celebrity, fan. 

This initial filtering allowed us to retain a total of 93,695 users, i.e. 77,956 users linked to fake 

article(s) and 15,739 users linked to real article(s). These users were stored in a table called 

“users”. 

Among the remaining people, we noticed that irrelevant users could still be filtered on the basis 

of some characteristics in their profile. We therefore collected user data from all the remaining 

accounts using a second scraper3 found on Apify. As before, we saved all the information about 

the users returned by the scraper, but we were mainly interested in the text of their bio and 

whether or not they had a professional category in their profile. We stored these elements 

directly in the “users” table, as shown in Table 5. As the bios are not all in English, we have 

also translated them using the deep_translator package4 via a python script, so that all users can 

be filtered on the same basis. 

 
3 https://apify.com/kaitoeasyapi/premium-twitter-user-scraper-pay-per-result  
4 https://deep-translator.readthedocs.io/en/latest/index.html  

https://apify.com/kaitoeasyapi/premium-twitter-user-scraper-pay-per-result
https://deep-translator.readthedocs.io/en/latest/index.html
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We then carried out a second filtering based on these new data. We eliminated the people for 

whom the scraper was unable to recover anything. This means that their Twitter/X account is 

no longer available. We also removed all users who indicated a professional category in their 

profile. This makes it possible to exclude some of the corporate accounts and accounts that aim 

to promote a business, which are more complicated to filter on the basis of other criteria.  

Of the remaining people, we excluded those with one of these words in their bio: news, media, 

info, radio, station, entertain, celebrity, celebrities, fan. Finally, we also ignored accounts that 

had shared less than 100 posts in total. This is to ensure that we only retain users with a 

minimum amount of content to analyse later. 

This second filtering phase gave us a final total of 72,989 users, with 61,473 people labelled 

“fake” and 11,516 labelled “real”. Obviously, some users who were not relevant to our study 

could not be filtered out and were still included in the latter list, but the two filtering phases 

nevertheless enabled us to exclude a total of 33,409 Twitter/X accounts. 

 

Finally, we collected the latest tweets from users identified as “relevant”, in order to analyse 

their content later on. To do this, we used a third scraper5 from the Apify website, which enables 

us to collect a user's timeline. As our resources were limited, we decided to restrict our 

collection to a set of 1,000 users from among those remaining after filtering, with 500 users 

having shared a fake article and 500 users having shared a real article. For each of these users, 

we asked the scraper to collect their last 120 tweets. Although users have generally shared a 

large number of posts, some tweets are not always accessible. This ensures that sufficient 

content is retrieved for most users, so that a fairly representative analysis of their diversity can 

subsequently be conducted. 

We have stored the information gathered by the scraper in a new table (see example in Table 

6). For each tweet collected, we retrieve the username it comes from, the label associated with 

 
5 https://apify.com/danek/twitter-timeline-ppr  

Table 5: Extract from the “users” table in the database 

https://apify.com/danek/twitter-timeline-ppr
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that user (“fake” or “real”), the tweet id and its type (“tweet”, “retweet” or “quoted_tweet”). A 

“tweet” is a post written directly by the user of the account being analysed. If it is a tweet posted 

by another user that the analysed user has shared with his or her followers, we call it a “retweet”. 

Finally, a “quoted tweet” is a retweet for which the analysed user has added a comment to add 

his or her opinion to the original tweet that was written by the other user. The “text” column of 

the table shows the text of the tweet in the case of a tweet or retweet. In the case of a quoted 

tweet, the “text” column contains the comment posted by the analysed user and the text of the 

original tweet that has been reposted can be found in another column called “quoted_text”. This 

enables us to retain the context of the user's comment, as the comment alone is generally 

difficult to interpret. We then translated the texts in these two columns into English as before, 

so that all users could be analysed in the same way. 

 

Table 6: Extract from the “user_timelines” table in the database 

 

With regard to collecting the content of tweets, we encountered two limitations. For some 

tweets, the scraper was unable to retrieve the text because it was not accessible to us for legal 

reasons. Also, some tweets were recovered by the scraper but it was unable to retain any 

information about them, not even their id. This is because these tweets have a very specific 

format in the user's timeline. As a result, we have not taken these two cases into account in our 

data, as the content of the concerned tweets is missing. We also excluded tweets consisting 

solely of one or more URLs. This is because these web addresses alone do not allow us to learn 

more about the content consumed by the user. 

 

Finally, of all the users for whom we were able to collect valid tweets, we chose to keep only 

those for whom we had at least 100 tweets, in order to have enough content to analyse per 

person. Although we have only considered users who have shared at least a hundred posts, some 

of them have a timeline available on their profile that is very small, or even inaccessible in 

some cases.  For example, one of the users only has seven posts in his/her timeline, even though 

it says at the top of his/her profile that he/she has shared 7,105 posts (see Appendix 2). This is 
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why the scraper recovered a fairly low number of tweets for a number of accounts. Out of 1,000 

users processed by the scraper, we are left with a total of 864 users who satisfy the condition of 

adequacy, subdivided into 435 users linked to the “fake” label and 429 users linked to the “real” 

label. We stored these users in a final table called “filtered_user_timelines” in the database, 

which we will use directly for our analyses. 

 

Now that we have collected the data needed for our analyses, we will examine in detail each of 

the research questions presented above. We will develop why it is relevant to study them in the 

context of our thesis, and explain in depth the various processing steps we have applied to our 

data in order to answer our hypotheses. 

 

3.1.3. Calculation of thematic diversity scores 

Our main research question addresses the link between filter bubbles and the sharing of fake 

news (RQ1). As highlighted in the literature review, several authors suggest that exposure to 

homogeneous content – which results from being enclosed in a filter bubble – could play a role 

in the sharing of false information. Exploring this first question will therefore enable us to 

evaluate whether being enclosed in a bubble can lead to the propagation of misinformation.  

The research question involves determining whether or not the users are trapped in a filter 

bubble. The first part of this thesis highlighted the fact that users trapped in a filter bubble are 

faced with more restricted, less diverse content. Consequently, we assume that a user is trapped 

in a filter bubble if this person is confronted with content that is low in diversity. We will 

therefore analyse the content faced by each of the users we have collected on Twitter/X and 

assess their diversity. When it comes to the content a user is confronted with, it is obviously not 

possible to track every tweet the user has ever encountered. However, the user’s Twitter/X 

timeline (i.e., the history of all the tweets shared by the user, presented in reverse chronological 

order, located under the “Posts” tab on the user’s profile page (see Appendix 3)) already gives 

a good idea of the content the user has been exposed to. We will consequently evaluate the 

diversity of each user’s timeline we collected following the data collection phase. For each user, 

the analysis of his/her diversity will be based on around a hundred tweets that he/she has 

tweeted, retweeted or quoted. It is worth noting, however, that a timeline with low diversity 

does not necessarily imply a lack of exposure to diverse content overall, as users may still 

actively seek out diversity on their own, without necessarily sharing this other content. Our 

analysis therefore captures the diversity of content users are confronted with that is actually 
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observable, which is an indicator of exposure to information, but does not take into account 

exploratory behaviour beyond the public timeline. 

Given that we want to compare the filter bubble phenomenon between users who have shared 

real news and those who have shared fake news, we need to assign a diversity score to each of 

these users. To this end, we based ourselves on the method developed by Bache et al. (2013). 

Their approach is designed to assign a thematic diversity score to a document – in our research, 

the thematic diversity of a user represented by a group of tweets – on the basis of its textual 

content. As highlighted by these authors, the question of quantifying diversity has been studied 

in several fields, but few studies have focused on measuring diversity related to textual data. 

This is why the approach of Bache et al. (2013) proved to be very relevant to our study and 

easily transposable to our data. In addition, the authors use the measure developed by Rao (Rao, 

1982), and later reused by Stirling (Stirling, 2007), to obtain diversity scores. This measure is 

generally considered to be comprehensive, since it takes into account the three components that 

characterise diversity: variety, balance and disparity (Leydesdorff, 2018; Mutz, 2022; van Dam, 

2019). 

 The method of Bache et al. (2013) can be divided into three steps. Firstly, they train a Latent 

Dirichlet Allocation (LDA) topic model with collapsed Gibbs sampling on a corpus of 

documents – in our case, all tweets collected from all users – to form a document-topic count 

matrix. Secondly, on the basis of this matrix, they calculate the similarity between topics based 

on their co-occurrence in the documents, using cosine distance. These similarities are then 

transformed into distances between pairs of topics. Finally, they calculate a diversity score per 

document – in our analysis, per user – by applying Rao’s diversity measure. In this section, we 

will develop in detail the method applied to our data. Firstly, a pre-processing step was 

performed on the content of the tweets and, based on the tokens obtained, a document-topic 

count matrix was constructed. Secondly, co-occurrence similarity calculations between topics 

were performed. Finally, based on these results, a diversity score for each user was found. The 

figure below (Figure 4) visualizes and summarizes the method applied to our data. 
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3.1.3.1.Pre-processing stage 

The first step to be implemented is a pre-processing stage to obtain tokens that can then be 

analysed.  

When linguistically pre-processing tweets, we rely on NLP libraries such as Stanza and NLTK 

to clean, lemmatize and filter the texts.  

First, a cleaning step is necessary within the collected tweets. We first put all the words in lower 

case. Next, we remove all URLs from tweet texts. This step makes sense for our analysis, given 

that the scraper collected URLs in their simplified form. No words can be used for our 

subsequent analysis, as the addresses contain only numbers and letters with no real meaning if 

we keep them. Then, we also remove non-alphanumeric characters.  

Secondly, we set up the processing step to apply tokenization and lemmatization with stanza. 

Stop words, numbers and very short tokens are also filtered out. The result is a string of 

lemmatized tokens separated by spaces. 

 

3.1.3.2.Creation of the document-topic count matrix 

Once the content of the tweets is ready for use, we create the document-topic count matrix as 

done in Bache et al. (2013). To obtain it, a corpus of D documents is represented as a count 

matrix such as D x T. In this matrix, each row d corresponds to a document – a tweet in the 

context of our analysis – and each column j represents a topic. A user is thus represented in this 

matrix by a set of rows containing the tweets he/she has written or shared. The entry (d, j) 

indicates the number of words (tokens) within a tweet assigned to a given topic. 

Figure 4: Summary of Bache et al.’s method applied to our study 
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To associate words with topics, a latent Dirichlet allocation (LDA) model with collapsed Gibbs 

sampling is used to learn the topics. We decided to use the LDA model rather than more recent 

approaches based on large-scale language models (LLMs) – which consist of a foundation 

model trained on huge amounts of self-supervised textual data, designed to be adapted to a wide 

variety of downstream tasks (Bommasani et al., 2022) – since these models present several 

limitations and risks in the context of our research.  

Firstly, LLMs are opaque and difficult to interpret, making it challenging to reliably and 

explainably extract the thematic distributions (Bommasani et al., 2022) required to measure 

informational diversity. Conversely, LDA is a well-founded probabilistic model that represents 

each document as an explicit distribution on latent topics (Blei et al., 2003), which makes it 

more suited to our objective. 

In addition, LLMs can reproduce or amplify the biases present in their training data while 

posing risks of misuse (e.g. disinformation campaigns) (Bommasani et al., 2022). These issues 

are particularly sensitive in a study dealing specifically with the propagation of fake news. 

In addition, LLMs require considerable computational resources and are often only accessible 

via proprietary platforms, which limits their transparency and reproducibility (Bommasani et 

al., 2022). In contrast, LDA is lightweight, open source and fully controllable, guaranteeing the 

independence of the research (Blei et al., 2003). 

Finally, LDA can be used to model multi-theme documents (Blei et al., 2003), which is essential 

for analysing the thematic diversity of tweets from the same user. LDA is therefore a 

reproducible and well-established method for analysing large social network databases. For all 

these reasons, we consider that LDA is a more suitable solution for our study. 

 

The LDA model learns on the basis of different hyperparameters. The first is β, which is the 

prior over the topic-word distributions (George, 2015). It is symmetric, and set to 0.01 as done 

in the method we draw on Bache et al. (2013). The second hyperparameter is the prior α, which 

corresponds to the prior probability distribution of the topic-document distribution (Du, 2022; 

George, 2015). It is initialized based on the formula 0.05
𝑁

𝐷  𝑇
 , where N corresponds to the 

number of tokens in the corpus (= 1,214,706 tokens in our corpus), D is the number of 

documents (= 99,422 tweets in our corpus) and T is the number of topics. In order to determine 

the most appropriate number of topics based on our data, a topic coherence measure is applied 

for different topic values. We use the CV coherence measure as it has been empirically validated 

in the literature as being correlated with human assessments of topic quality. It enables 
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automatic, robust and interpretable evaluation of topic models. This measure is a combination 

of the Boolean sliding window, normalized pointwise mutual information (NPMI) and indirect 

cosine measure (Röder et al., 2015). As we can see from the accompanying graph (Figure 5), 

the number T of topics should be equivalent to 30, since we obtain a better coherence score 

there. The value of parameter α is therefore equivalent to 0.05 
1,214,706

99,422 𝑥 30
= 0.02. Optimization 

of these hyperparameters is activated every 10 iterations.  

 

 

An iteration of the collapsed Gibbs sampler traverses all the tokens in the corpus and assigns a 

topic to each of them. Each sampler is run for 5,000 iterations, retaining only the final sample. 

At the end of the sampling, a D x T matrix is constructed, with ndj corresponding to the number 

of tokens in document d assigned to topic j. 

If we look at the quality of the tweet-topics assignations, we can note that it is good overall. 

The table below (Table 7) shows some examples of tweets from our database and the topics 

assigned to them by the model. For example, the first tweet in the table has been assigned to 

topics 5 and 11. Looking at the most representative words for each topic (see Appendix 4), we 

can see that topic 5 is about contests, prizes, etc. and topic 11 is about sport. Indeed, the author 

of the tweet suggests offering beers depending on the score of a football match. 

Figure 5: CV coherence scores based on the numbers of topics 

Table 7: Examples of tweet-topics assignations 
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3.1.3.3.Topic co-occurrence similarity 

To obtain diversity scores based on the formula presented by Rao, we need an inter-subject 

similarity measure to find the distance values between each pair of topics on which the diversity 

calculation depends.  

In their research, Bache et al. (2013) identified that the similarity measure between two topics 

that provides the best results is the cosine similarity, based on the co-occurrence of subjects in 

documents (D x T matrix). We therefore decided to apply this similarity to our D x T matrix 

with columns i and j. The similarity cosine calculation is: 

𝑠(𝑖, 𝑗) =
𝛴𝑑𝑛𝑑𝑖𝑛𝑑𝑗

√𝛴𝑑𝑛𝑑𝑖
2  √𝛴𝑑𝑛𝑑𝑗

2

 

where ndi is the number of words in tweet d assigned to subject i. 

 

3.1.3.4.Rao’s diversity measure 

The measure of thematic diversity of a document d is defined by Rao’s formula such as: 

𝑑𝑖𝑣(𝑑) = ∑ ∑ 𝑃(𝑖|𝑑) 𝑃(𝑗|𝑑) 𝛿(𝑖, 𝑗)

𝑇

𝑗=1

𝑇

𝑖=1

 

In our study, we use this measure to calculate a diversity score for each user. Therefore, in this 

formula d does not correspond to a single tweet (seen as a document in the matrix of document-

topic counts) but to all the tweets assigned to the user. From this perspective, 𝑃(𝑗|𝑑) 

corresponds to the proportion of tokens in the user’s tweets assigned to topic j, estimated by 
𝑛𝑑𝑗

𝑛𝑑
 

and 𝛿(𝑖, 𝑗) represents the distance between topics i and j. To convert similarity s(i,j) into 

distance 𝛿(𝑖, 𝑗), we use the transformation 𝛿(𝑖, 𝑗) = 1 − 𝑠(𝑖, 𝑗).  This transformation makes 

sense with our data and allows us to keep a final diversity score between 0 and 1, which is easy 

to interpret. 

 

3.1.3.5.Method used to answer the research question 

Once the diversity score has been found for each user, it is interesting to interpret these results 

to answer RQ1. We aim to test the following hypothesis: “users who share fake news on social 

media are more likely to be trapped in a filter bubble”. Firstly, we are going to perform a 

descriptive analysis of the sample. We will look at the distribution of diversity scores for the 

two groups of users (“real”/“fake” users). Statistical calculations will be carried out to see if 

there is a central tendency and dispersion within the two groups. A statistical analysis will also 



 37 

be applied to test our hypothesis. After showing that the data are not normally distributed, the 

Mann-Whitney test will be used to compare diversity scores between users associated to real 

or fake news. The descriptive analysis of the thematic diversity scores can be found in the 

“Experimental results” section. 

 

3.1.4. Calculation of sentiment scores  

While the first part of our analysis focuses on content diversity as a structural indicator of the 

filter bubble effect, we now turn our attention to the possible consequences of this information 

lock-in on user attitudes. Indeed, the literature review highlighted that repeated exposure to 

homogeneous content can not only reduce information diversity, but also reinforce user’s 

opinions. That is why in a second phase, we will analyse whether users who share fake news 

tend to have stronger opinions (RQ2). By “stronger opinions”, we mean views that are more 

marked, positively or negatively, and more distant from neutrality. We are then referring to 

emotional intensity.  

To investigate this, we carried out a sentiment analysis of tweets from all users. We followed 

the method described by Pandarachalil et al. (2015), which is well suited to our study. It consists 

of a lexicon-based approach, adapted to the processing of tweets, which is unsupervised and 

domain-independent. The authors try to assign a polarity score to the terms (four-grams, tri-

grams, bi-grams and uni-grams) present in the tweets, based on three lexical resources. Unlike 

most machine learning-based approaches, it does not require tweets to be annotated, and its 

accuracy does not depend on a target domain (Y. Wang et al., 2022). However, the drawbacks 

of lexicon-based methods are that they do not take context into account and some words may 

not be found in the lexicon used (Y. Wang et al., 2022). Nevertheless, the work of Pandarachalil 

et al. tends to reduce the impact of these limitations by considering n-grams in the evaluation 

of the polarity of tweets, rather than just isolated terms. In addition, it broadens the scope of the 

terms being considered by using several lexical resources with varied content. 

 

3.1.4.1.Pre-processing stage 

Firstly, we pre-processed the tweets in a similar way to what is done in Pandarachalil et al. 

(2015). This step is essential before proceeding with the sentiment analysis, given that the 

tweets are often noisy and presented in an informal manner. We removed URLs, hashtags and 

mentions starting with the “@” character and replaced word contractions with their extended 

form. We then tokenised the tweets. To do this, we used the TweetTokenizer included in the 
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nltk package6, which is specifically adapted to the processing of tweets so as not to eliminate 

elements that are crucial to our analysis, such as emojis and abbreviations. We also processed 

elongations by reducing repeated characters until we had a meaningful word. We then 

proceeded to the lemmatisation with WordNet using the WordNetLemmatizer included in the 

nltk package7, except for the slangs, which we kept intact. One difference from the work of 

Pandarachalil et al. is that we also took care to keep the emojis and emoticons present in the 

tweets, since we believe they are strong indicators of emotion that should not be ignored. 

Finally, we also replaced words preceded by the negations “not” or “never” with an antonym 

where possible, using WordNet. We applied this pre-processing phase to the English translation 

of each tweet (text_translation column in the filtered_user_timelines table of our database), to 

ensure that we were always starting from a usable input. At the end of these various operations, 

the tweets were converted into a series of tokens, which we then transformed into four-grams, 

tri-grams, bi-grams and uni-grams in order to perform the sentiment analysis. 

 

3.1.4.2.Calculation of a sentiment score per tweet 

To assign polarity scores to the terms contained in the tweets, Pandarachalil et al. (2015) use 

three lexical resources: SenticNet for analysing n-grams (four-grams, tri-grams, bi-grams, uni-

grams), SentiWordNet as a complement for analysing uni-grams, and SentislangNet for 

analysing slangs and acronyms. We followed a similar logic, but with a few differences. As 

SentislangNet was not made publicly available by the authors, we used the VADER lexicon 

from the vaderSentiment package (Hutto & Gilbert, 2014), which contains the polarity score of 

slangs as well as emoticons and uni-grams, thus enriching our analysis. To process n-grams, 

we used the latest version of SenticNet, i.e. SenticNet 8 (Cambria et al., 2024). We downloaded 

the lexicon8 and scraped its python script to create a SenticNet dictionary in JSON format that 

is easy to use. The latest version of SenticNet contains over 300,000 concepts, including 

emoticons and a wide range of emojis, allowing us to extend our analysis compared with the 

study by Pandarachalil et al. (2015). Finally, we also used SentiWordNet (Baccianella et al., 

2010) to analyse uni-grams. 

For each tweet, we assigned a sentiment score from its list of n-grams. We began by searching 

for a polarity score for four-grams, tri-grams and bi-grams via SenticNet. Then we tried to 

assign polarity scores to uni-grams, searching successively in SentiWordNet, then SenticNet 

 
6 https://www.nltk.org/_modules/nltk/tokenize/casual.html  
7 https://www.nltk.org/_modules/nltk/stem/wordnet.html  
8 https://sentic.net/downloads/  

https://www.nltk.org/_modules/nltk/tokenize/casual.html
https://www.nltk.org/_modules/nltk/stem/wordnet.html
https://sentic.net/downloads/
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and finally VADER. To avoid multiple counts of identical terms, polarity scores are not taken 

into account if the term (uni-gram, bi-gram or tri-gram) is contained in a n-gram already taken 

into account previously. Finally, an overall sentiment score is assigned to the tweet using this 

formula: 

𝑠𝑒𝑛𝑡_𝑠𝑐𝑜𝑟𝑒 =  
∑ 𝑝𝑜𝑠𝑡 − 𝑛𝑒𝑔𝑡∀𝑡∈𝑡𝑒𝑟𝑚 

|𝑡𝑒𝑟𝑚|
  

where pos and neg represent respectively the positive and negative polarity score assigned to 

each term based on the three lexicons and term corresponds to the total number of terms taken 

into account in calculating the sentiment score. Regarding polarity scores (see Table 8), 

SentiWordNet returns two scores per uni-gram: a positive score (pos) and a negative score 

(neg), both within the interval [0,1]. SenticNet and VADER, on the other hand, associate a 

single score with each term, representing positive or negative polarity. Consequently, the 

second score is assumed to be 0 in the global sentiment calculation. For example, if SenticNet 

returns a positive score for the term, the negative score associated with the term will be defined 

as zero, and vice versa. In terms of value ranges, the score returned by SenticNet is within            

[-1,1], while the score assigned by VADER is within [-4,4]. Consequently, we applied a 

normalisation to the scores returned by VADER, so that these scores are contained within            

[-1,1]. This ensures that there are no differences between scores from different lexicons. The 

overall sentiment score of the tweet is a value between -1 and 1. A negative score means that 

the tweet is globally associated with a negative sentiment, whereas a positive score reflects a 

positive sentiment overall.  

 

Table 8: Comparison between the raw score returned by each lexicon for a term and the associated 

revised score 

 

3.1.4.3.Calculation of a sentiment score per user 

In order to analyse our second hypothesis, i.e. “users who share fake news tend to have stronger 

opinions”, we need a score that is representative of each user’s opinions. Since we are interested 
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here in the intensity of the user’s sentiments and, more specifically, his deviation from 

neutrality, we have chosen to take the average of the absolute value of the sentiment scores 

associated with each user’s tweets:  

𝑢𝑠𝑒𝑟′𝑠 𝑠𝑐𝑜𝑟𝑒 =  
1

𝑁
∑|𝑠𝑐𝑜𝑟𝑒𝑖|

𝑁

𝑖=1

 

where N is the total number of tweets analysed for the user and scorei is the sentiment score 

associated with tweet i. Each user will therefore have a score between 0 and 1. The closer the 

score is to 1, the more emotionally polarised the user is (very negative and/or very positive 

opinions). On the other hand, if the score is close to 0, this means that the user shares tweets 

that are generally more moderate (rather neutral opinions). 

 

3.1.4.4.Method used to answer the research question 

Once a sentiment score has been found for each user, we seek to confirm or refute the existence 

of a more pronounced emotional intensity among users who have shared fake news. In a similar 

way to the analysis of diversity scores, a descriptive and statistical analysis will be carried out 

on the sentiment scores obtained in order to answer our research question. This analysis can be 

found in the “Experimental results” section. 

 

3.1.5. Method used to analyse user publication behaviour 

Following these first two research questions, we are also interested in the influence that the 

platform’s algorithm can have on user behaviour. We can ask ourselves whether people who 

share fake news are more sensitive to the content that is recommended to them, which could 

potentially explain why they end up sharing false information. To explore this question, it is 

relevant to look at the types of tweets users are sharing. On the one hand, original tweets 

published directly by the user can be seen as self-initiated content, resulting from the user’s 

autonomous thinking. On the other hand, non-original tweets reposted by the user, such as 

retweets and quoted tweets, can be seen as received content, potentially influenced by 

Twitter/X’s algorithm. Consequently, the proportion of retweets and quoted tweets shared by 

the user can be considered as an indirect indicator of algorithmic influence. This leads us to the 

third research question (RQ3). We will test the following hypothesis: “users who share fake 

news are more sensitive to content that is recommended to them, and therefore tend to share 

more relayed content (retweets/quoted tweets)”. To do this, we will calculate the proportion of 

original and non-original tweets among the tweets collected for each user, and analyse the 
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distribution of these proportions for the two categories of users. Using a Mann-Whitney 

statistical test again, we will be able to determine whether fake news broadcasters share more 

non-original content than other users. As this part of the work does not really require any 

preliminary processing of the data collected, the analysis can be found directly in the 

“Experimental results” section. 

 

3.1.6. Method used to analyse user explicit features 

Finally, we will achieve an analysis that focuses on the explicit features of the users, in an 

attempt to find characteristics that differentiate users who share fake news from those who share 

real news (RQ4). By “explicit features”, we refer to observable attributes directly available 

through user metadata on Twitter/X. 

This final stage serves to contextualise the previous findings and evaluate whether there are any 

variables that influence the conclusions we have drawn regarding the presence of filter bubbles 

among users and their publication behaviour. Consequently, it will enable us to assess the 

robustness of the findings. To this end, we will draw on the work proposed by Shu et al. (2018). 

In their research, the authors divided their database into two groups: one group of users more 

likely to share fake news and one more likely to share real news. For each of these groups, 

comparative analyses for each feature are carried out. In line with our research and the data we 

have collected, the features we are going to study on are based on profile (whether the account 

is verified and when it was registered), content activity (number of posts and favourite actions 

taken), social network (number of followers and followings) and tweets (time period of activity, 

replies and retweets generated). Again, the characteristics we are going to analyse are already 

included in the data we have collected, so we do not really need to go through any processing 

steps. The statistical analyses of user features performed to check whether the differences 

between the two groups of users are statistically significant can therefore be found directly in 

the next section. 

 

3.2.  Experimental results 

This part of the work presents the results of the analyses carried out on the data previously 

processed, in order to answer the various research questions.  

Table 9 provides a summary of the hypotheses we have tested, with their statistical test and the 

p-value associated with each of these tests. 
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3.2.1. Descriptive analysis of thematic diversity scores 

We seek to test our hypothesis that users who share fake information have a lower thematic 

diversity (RQ1), potentially indicating that they are trapped in a filter bubble. For this purpose, 

a descriptive analysis was carried out on the thematic diversity scores obtained previously by 

separating the “real” and “fake” groups of users. Starting by applying a descriptive analysis 

helps us to identify trends visually and numerically before testing their statistical robustness 

with a formal test. The two distributions of diversity scores are visualised using a histogram. 

This histogram highlights any differences in shape, dispersion or centring between the diversity 

scores of the two groups of users. Descriptive statistics (mean, median, standard deviation, 

minimum and maximum) were also calculated to give a better understanding of the 

distributions.  

Finally, a Mann-Whitney U test was applied to our data to statistically assess whether or not 

there is a significant difference between users who share fake news and those who do not. This 

non-parametric test was chosen because it does not rely on the assumption of normality of the 

data (Winters et al., 2010), which is appropriate for the non-Gaussian distribution of our 

diversity scores. 

 

We now turn to the interpretation of the results of the descriptive analysis. We can see that the 

descriptive statistics of Rao’s diversity scores reveal differences between the two groups of 

users. Indeed, we see that users who shared real information have on average a higher diversity 

Table 9: Summary of the hypotheses, their statistical test and associated p-value 
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score (≈ 0.74 versus ≈ 0.71 for the “fake” group). Another difference can be noted regarding 

the median. We notice a higher median among the users identified by the “real” label (around 

0.77 while the median for the “fake” group of users is close to 0.74), indicating that their content 

is generally more diversified from a thematic point of view. In addition, both groups show some 

variability, but fake users show a slightly higher dispersion (higher standard deviation: 0.1356 

> 0.1255).  

When we look at the histogram showing the distributions of thematic diversity scores on Figure 

6, we see that both groups have a distribution concentrated between 0.6 and 0.9, but the “real” 

group has a more marked concentration around 0.8, while the “fake” group has a distribution 

tail more marked towards the low scores. On the basis of our dataset, we can therefore assume 

that a sub-group of “fake” users has a particularly low level of diversity, reinforcing the idea 

that their content is potentially confined to certain themes. 

 

Figure 6: Distribution of users’ Rao diversity scores by label 

The graph shows that the diversity scores attributed to the two groups of users are distributed 

in the shape of a bell, despite a relatively stretched tail on the right-hand side. It is therefore 

relevant to check whether the data follow a normal distribution, in order to subsequently apply 

the appropriate statistical test to verify our initial hypothesis. As a first step, we carried out a 

visual diagnosis by forming the normal Q-Q plots associated with the two distributions (see 

Appendix 5). We can already see graphically that neither of the two distributions appears to 

follow a normal distribution. Indeed, the blue dots deviate overall from the red diagonal 

representing the theoretical normal distribution, especially at the extremities. To formally 

validate this intuition, we also performed a normality test. The scientific literature presents 

several tests for assessing the normality of the data. Mohd Razali & Yap (2011) have shown 

that of the most common normality tests, the Shapiro-Wilk test is the most powerful. This is 

why we decided to apply this test. Regarding the distribution of the diversity scores of users 
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who shared fake news, the p-value is equal to 1.0654 x 10-24, which is well below the 0.05 

threshold. This means that the null hypothesis, which assumes the normality of the data, is 

rejected. The same applies to the distribution of diversity scores associated with users who have 

shared real news (p-value = 4.7979 x 10-25). 

 
Since the normality assumption is not satisfied, we need to apply a non-parametric statistical 

test to verify our initial hypothesis. In our case, the null hypothesis assumes that there is no 

difference between the diversity scores associated with the “fake” and “real” groups. In 

contrast, the alternative hypothesis assumes that users who shared fake information have lower 

diversity scores than users who shared real information. The Mann-Whitney statistical test gives 

a very low p-value (2.4433 x 10-7), confirming that the difference observed between the two 

groups is statistically significant, even if the average difference may appear moderate. 

 

To conclude, the results statistically support our initial hypothesis, which states that users who 

share fake news are characterised by a lower diversity of content. This indicates that these users 

are potentially trapped in a filter bubble on Twitter/X, as the recommendations algorithm 

always provides them with similar content, generally tailored to their preferences and/or beliefs. 

 

3.2.2. Descriptive analysis of sentiment scores 

To test our second hypothesis (RQ2), we followed the same approach as for our first hypothesis 

concerning the thematic diversity of users. Firstly, we built the distribution of scores for the 

two groups of users in order to have a visual representation of the data. Next, we calculated the 

corresponding descriptive statistics so that we could analyse the trends from a numerical point 

of view. Finally, after checking the normality of the data, we performed a Mann-Whitney 

statistical test with the aim of confirming or refuting our observations with a more robust 

approach. 

 

At first glance, the histogram of score distributions (Figure 7) shows that there does not appear 

to be any significant difference between the intensity of the opinions of users who share fake 

news and those who do not. Contrary to our hypothesis, it even seems that the distribution of 

scores for users associated with real news has a tail that is slightly skewed towards higher 

scores, with one outlier even having a score above 0.7, indicating more extreme sentiments. 

The descriptive statistics confirm our intuition. The means and medians of the two groups are 

very close, although slightly higher for the “real” group (0.2488 > 0.2414 for the mean and 



 45 

0.2419 > 0.2388 for the median). The dispersion of scores is also slightly higher for “real” users 

(0.0639 > 0.0541). 

 

Once again, the graphical distribution of the sentiment scores suggests that the scores assigned 

to users in the two groups potentially follow a normal distribution. It is therefore necessary to 

verify this hypothesis, which is decisive for the choice of the statistical test to be used 

subsequently. From a visual point of view, the normal Q-Q plots (Appendix 6) associated with 

the two distributions show that the blue points generally follow the theoretical diagonal in the 

central zone. However, the points deviate from the red line at the extremities, especially on the 

right-hand side, which differs from a normal distribution. From a statistical point of view, the 

Shapiro-Wilk test formally rejects the normality assumption for both distributions, with p-

values well below the 0.05 threshold (3.9072 x 10-7 for the “fake” group and 7.8609 x 10-19 for 

the “real” group). This indicates that the Mann-Whitney test is more appropriate for our further 

analysis. 

Finally, the Mann-Whitney test definitively refutes our hypothesis. Indeed, our data does not 

allow us to assert that there is a significant difference between the two groups of users in terms 

of the intensity of their opinions, and more specifically that users who share fake news tend to 

have stronger opinions. The p-value of the statistical test is 0.17186, which is above the 0.05 

threshold. 

 

In conclusion, this analysis has enabled us to show that users in our data who share fake news 

do not necessarily have stronger opinions. Even though we have shown that these users are 

characterised by a lower diversity of content, this does not necessarily go hand in hand with 

greater emotional intensity. 

 

Figure 7: Distribution of users’ sentiment scores by label 
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3.2.3. Descriptive analysis of user publication behaviour 

In order to deepen our understanding of the publication behaviour of users of our database, we 

also analysed the type of tweets they shared. Our hypothesis is as follows: “Users spreading 

fake news would be more inclined to share recommended (non-original) content, such as 

retweets or quoted tweets, rather than original tweets” (RQ3).  

To test this hypothesis, we calculated for each user the proportion of non-original tweets 

(retweets and quoted tweets) among all the user’s publications we collected. A descriptive 

analysis was then carried out, followed by a Mann-Whitney statistical test to compare the 

distributions of these proportions between “fake” and “real” accounts. 

 

If we interpret the descriptive statistics for the proportions of non-original tweets, we can see 

that, on average, users who share false information publish a higher proportion of retweets 

and/or quoted tweets (mean ≈ 0.46) than users who share real information (mean ≈ 0.37). This 

observation is even more marked for the median (median for the “fake” group ≈ 0.43 vs ≈ 0.24 

for the “real” group). This means that at least 43% of the content shared by users in the “fake” 

group is non-original content for half of them, while half of the users in the “real” group have 

less than a quarter of their content that corresponds to retweets and/or quoted tweets. With 

regard to the standard deviations of the two distributions, we note that the two groups are 

characterised by a similar variability (0.3871 for the “fake” group of users and 0.3816 for the 

“real” group). These values indicate that there is some heterogeneity in behaviour within each 

group. This shows, for example, that not all users in the “fake” group systematically share non-

original content, but the central trend remains that these users share a higher proportion of 

retweets and/or quoted tweets overall than “real” users. 

According to the histogram (Figure 8), “fake” and “real” accounts are mainly distributed around 

the extremes (proportion of retweets and/or quoted tweets close to 0 or 1). On the right-hand 

side, we can see that a higher proportion of users in the “fake” group share a high proportion of 

non-original content (between 0.7 and 1), compared to users in the “real” group. 
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From the histogram, we can directly conclude that the data from the two groups do not follow 

a normal distribution. Consequently, the Mann-Whitney test is well suited to testing our 

hypothesis. From a statistical point of view, the null hypothesis assumes that there is no 

difference between the proportions of non-original tweets associated with the “fake” and “real” 

groups. On the other hand, the alternative hypothesis postulates that users who shared fake news 

are characterised by higher proportions of retweets or quoted tweets than users who shared 

“real” news. The Mann-Whitney test shows that there is a statistically significant difference 

between the two groups, with a p-value (= 2.8115 x 10-4) lower than the 0.05 threshold. “Fake” 

users therefore tend to share more non-original content than “real” users. 

 

All these results confirm the hypothesis that users who share fake news are more inclined to 

share relayed content, such as retweets and quoted tweets, than users who share real news, who 

rely more on personal contributions. This may be explained by the fact that “fake” users are 

more sensitive to the content that is recommended to them, potentially influenced by 

Twitter/X’s algorithm.  

 

3.2.4. Analysis of user features 

Following all these analyses, we asked ourselves whether users disseminating fake news exhibit 

different behavioural or profile-based characteristics compared to those sharing real news 

(RQ4). The aim is to determine whether user-specific features explain the differences we have 

observed between the two groups of users so far, and therefore influence our interpretations. 

To carry out this analysis, we drew inspiration from the work carried out by Shu et al. (2018). 

In their research, the authors compared the profiles of users sharing fake news with those 

Figure 8: Distribution of users’ proportions of retweets/quoted tweets by label 
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sharing real news. Their approach enabled them to identify whether or not there were significant 

differences between the two groups in order to better understand their behaviour and guide the 

detection of fake news. To this end, Shu et al. (2018) used t-tests to test for significant 

differences between the two groups, and analysed the distribution of values via the use of box 

plots or log-log cumulative rank curves.  

 

Our analysis will focus on explicit characteristics obtained directly via profile metadata 

available on Twitter/X. These data were collected during the data collection phase by the second 

scraper when we collected user data. Four types of explicit features are studied to understand 

user behaviour.  

As done in the work of Shu et al. (2018), the first type of feature is related to the profile of the 

user. To do this, we look at two attributes: account verification and registration date. Observing 

the distribution of verified accounts between the two groups of users could enable us to identify 

that users who share real news are more likely to have a verified account than users who share 

fake news. The registration date, meanwhile, lets us know whether accounts associated with the 

“fake” label in our database tend to be older, for example.  

The second type of feature relates to the content. The attributes considered are the number of 

posts and the number of favourite tweets of the users. Analysis of these attributes could enable 

us to see that “fake” users generally publish more than “real” users, and that they also bookmark 

more often other users’ tweets. 

The social network aspect is the third type of feature explored. We use the number of followers 

and followings for this part of the analysis. These attributes could allow us to demonstrate that 

“fake” users have fewer subscribers on average than “real” ones, or that they follow more 

accounts. A TFF ratio calculation (𝑇𝐹𝐹 =
#𝐹𝑜𝑙𝑙𝑜𝑤𝑒𝑟+1

#𝐹𝑜𝑙𝑙𝑜𝑤𝑖𝑛𝑔+1
) is also applied to this data, enabling us 

to see if one type of user is more popular than another.  

Finally, the last type of feature to be analysed is based on tweets. This kind of characteristic has 

not been applied by the authors Shu et al. (2018) as they only focus on user data. Analysing the 

data on users’ tweets makes sense in the context of our research, given that we have this data. 

We may be able to discover a specific trend regarding the tweets of users in the “fake” group 

that does not exist in the tweets of users in the “real” group. We observe whether there is an 

impact in terms of their activity time (how long it is between their oldest tweet and their most 

recent tweet among the users’ tweets we collected), the number of replies received on their 

tweets, and the number of times their tweets have been retweeted by other users. 
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Let’s now look at the results of these different analyses to see whether or not there are any 

significant differences between our two analysed groups.  

Various approaches were used to analyse these results. First, box plots and cumulative log-log 

rank curves were used to perform visual and statistical analyses on the examined characteristics. 

Then, we performed a Shapiro-Wilk normality test. This test enabled us to determine which test 

is more appropriate between a t-test (if the distributions are normally distributed) and a Mann-

Whitney test (if the distributions do not follow a normal distribution), to assess whether there 

is a significant difference between the two groups of users for each studied attribute. 

Appendices 7 to 14 show that our data never follow a normal distribution. This is why Mann-

Whitney tests were systematically applied to our data.  

 

With regard to the first profile attribute, we note a low proportion of verified users overall (less 

than 4% of users in each group). This indicates that the vast majority of users, whether sharing 

fake news or not, are not verified. The graph provided (Appendix 15) confirms the similar 

proportions of verified accounts between the two groups of users, allowing us to assert that a 

verified user is not a distinguishing criterion between the two groups.  Within our sample, we 

can therefore affirm that there is no strong link between being verified and the veracity of the 

content shared (fake vs real news). 

For user account registration dates, the box plot (Appendix 16) represents the distributions of 

the number of days elapsed since user registration. The median of the “fake” group is close to 

the median of the “real” group, indicating that the accounts were created around 13 years ago. 

Our sample therefore includes rather old accounts, whether they share fake news or not. We 

can also add that the distributions are largely overlapping. Furthermore, the p-value confirms 

that there is no significant difference between the two groups of users (0.717 > 0.05). The date 

of creation of the Twitter/X account is therefore not a clear discriminating factor between the 

two groups in our sample.  

 
If we now look at the content-related features and, more precisely, at the total number of tweets 

posted by each user, we obtain a p-value close to 1.81 x 10-4, which is well below the 0.05 

threshold. Hence there is a statistically significant difference between the two groups. There is 

also a difference in the medians for the number of tweets within the groups. The median of the 

“fake” group is equal to 19,586, while the median of the “real” group is 11,419. The log-log 

plot (Figure 9) used for this attribute represents the inverse cumulative distributions of the 

number of tweets. The X axis is logarithmic and shows the number of tweets, while the Y axis 
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indicates how many users have posted at least x tweets. In this graph, we can see that the “fake” 

and “real” curves show a clear separation: “fake” users tend to have published more tweets than 

“real” users over the whole distribution. Indeed, we can see that up to a certain threshold 

(around 105 tweets), the “fake” curve is positioned above the “real” one. But from a very high 

threshold (above 105-106 tweets), the “real” curve rises above the “fake” one, meaning that 

more “real” accounts post a very high number of tweets than “fake” accounts. In view of this 

change, we wanted to find out more about the users who have posted a number of tweets greater 

than 106. Looking at our data, we saw that only one “real” user has a number of tweets well in 

excess of 106. This is the ‘AmazonHelp’ account, which has 12,817,192 tweets. This Twitter/X 

account is Amazon’s official support service, dedicated to answering questions and resolving 

customer problems in several languages, which explains why this user has a very large number 

of posts published. The graph therefore shows that “fake” users are on average more active 

(confirming the median analysis and the statistical test), although a “real” user is associated 

with the highest number of tweets published in our sample. We can therefore say that “fake” 

users seem to publish significantly more tweets than “real” users, which allows us to state that, 

based on our sample, “fake” accounts tend to publish more posts than “real” accounts. 

 

Figure 9: Log-log cumulative rank curves of the number of tweets posted 

The total number of tweets liked per user is a discriminating feature. The “fake” group has a 

higher mean value equal to 32,070.39, compared with a mean value of 21,755.5 for the “real” 

group. We also see a higher standard deviation value for the group of “fake” users (79,402.58 

> 68,999.68). Analysing the results obtained (as we can see in Figure 10), we note that the curve 

representing “fake” accounts is systematically above the curve for “real” accounts. Users who 

share fake news in our sample are therefore more likely to like more content than the others. A 

difference in median is also observed for users in the “fake” group, with a value almost four 

times higher than that associated with users in the “real” group (3,939 > 1,063). This finding is 
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confirmed by the p-value of 3.23 x 10-5 obtained by the Mann-Whitney test, which indicates a 

statistically significant difference. These results therefore show that “fake” users seem to like 

more content than “real” users. 

 

Figure 10: Log-log cumulative rank curves of the number of tweets liked 

Now let’s take a look at the network-related attributes. The box plot (Appendix 17) showing 

the number of users’ followers reveals very similar distributions between the two groups, but 

with a slight tendency for “fake” users to have more followers. The median for the “fake” group 

is 529 and that for the “real” group is 422. The box plots also show a wide dispersion within 

the two groups. Although the median for “fake” accounts is slightly higher, this difference is 

not statistically significant. Thus we cannot clearly distinguish users who share fake news from 

users who share real news in our sample, based on their number of followers. 

However, a different observation can be made for the number of followings. Despite similar 

distributions and almost identical medians (492 accounts followed by “fake” users and 445 

accounts followed by “real” users), Figure 11 shows that “fake” users tend to follow more 

accounts than “real” users. Furthermore, we can confirm that there is a significant difference 

within our database, as the Mann-Whitney test returns a p-value equivalent to 0.035357. In 

view of these results, we can conclude that the number of accounts followed by a user can be a 

useful behavioural indicator regarding the sharing of fake news. 

The TFF ratio is used in our research as an indicator of influence or reputation. A high ratio 

means that a user has more people following him/her than he/she follows people. Based on our 

data, we can see on Figure 12 that “real” users have a higher average TFF (2,263.64 > 1,534.66), 

suggesting greater perceived credibility or a wider audience. The visualisation of the ratio 

shows an asymmetrical distribution and an overlap of the two histograms, suggesting that the 
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differences between the groups are subtle. We can also note that the majority of both groups 

have a ratio close to or less than 1.  

 
Let’s now analyse the time window of the tweets. When we look at the temporal extent of user 

activity on Twitter/X (time interval between the oldest and the most recent tweet), we obtain 

very close medians between the groups (226 days for the “fake” group and 235 days for the 

“real” one). The Mann-Whitney test we applied to these data gave a p-value of 0.935, indicating 

that there was no significant difference between the two groups. The box plots in Appendix 18 

and the cumulative curves in Appendix 19 show extremely similar distributions. At all levels 

of activity (short, medium or long duration), the groups show equivalent profiles. This 

characteristic therefore does not allow us to differentiate between the two types of users. 

To conclude this behavioural analysis, we look at the engagement generated by users, i.e. the 

average number of replies and retweets per tweet. The average number of replies per tweet is 

very low (less than one reply per tweet). Although “fake” users have a slightly higher median, 

the p-value of 0.082 indicates that there is no significant difference with the group of “real” 

users. The boxplot (Appendix 20) and cumulative curves (Appendix 21) confirm this by 

showing overlapping distributions. “Fake” accounts appear to receive slightly more replies per 

tweet than “real” accounts, but this difference is not significant. This result suggests that “fake” 

accounts can sometimes generate interactions, but not systematically enough to be 

differentiated from “real” accounts on this criterion.  

On the other hand, accounts disseminating fake news seem to generate more retweets, 

indicating a greater potential for virality. The p-value of 3.64 x 10-5 indicates a significant 

difference proving that “fake” users receive on average more retweets than “real” users. This 

finding is supported by the huge difference between the medians. Indeed, the median obtained 

for the “real” group (38.1 retweets/tweet) is much lower than the median obtained for the “fake” 

group (418.8 retweets/tweet). The box plots (Figure 13) support this difference and show a 

Figure 12: Comparison of TFF ratio distributions by label Figure 11: Box plots of the number of followings 
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greater dispersion of retweets for users belonging to the “fake” group. The cumulative log-log 

curve (Figure 14) shows that, for almost all retweet values, more “fake” users reach high levels. 

We can therefore say that “fake” users generate significantly more retweets per tweet than 

“real” users, which is a good indicator for differentiating the label associated to each account.  

This analysis of features reveals that many of the attributes studied (related to profile, activity, 

network and tweets) clearly differentiate the two groups. In fact, several elements proved to be 

significantly discriminating: the number of tweets posted, the number of likes given, the number 

of followings and the number of retweets per tweet. These results lead us to say that, based on 

our sample, users sharing fake news tend to publish more tweets, to like more content and to 

obtain a greater number of retweets under their tweeted posts – suggesting a higher potential 

for virality. They also tend to follow more people on Twitter/X than users from the “real” group. 

These results enrich our study while highlighting specific behaviours associated with 

misinformation. 

 

One limitation can be raised following this analysis. We ourselves selected the features to be 

analysed on the basis of the data we were able to collect. However, there are potentially other 

relevant attributes that could be analysed to differentiate users who share fake news from those 

who do not, such as implicit user features that are more difficult to identify.  

 

 

  

Figure 13: Box plots of the number of retweets 
Figure 14: Log-log cumulative rank curves of the number 

of retweets 
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4. Discussion 

With this study, we sought to determine whether a link could be established between the sharing 

of fake news on social networks and the filter bubble phenomenon. In addition, we also wanted 

to take a closer look at the behaviour of people who share fake news online.  

 

Firstly, we wanted to evaluate whether users who share fake news are more likely to be trapped 

in a filter bubble by studying the diversity of their content (RQ1). The aim of this first analysis 

was to verify our hypothesis that users who share fake news are characterised by a lower 

thematic diversity of content than users who share real news. The results we obtained confirm 

this hypothesis, given that users who have shared false information have significantly lower 

thematic diversity scores than others. This finding leads us to believe that those users are more 

likely to be trapped in a filter bubble on the social network because their recommendation 

algorithm tend to provide them with less diverse content, potentially similar to their preferences, 

ideas and beliefs.  

Even if the results show that there does indeed seem to be a relationship between enclosure in 

a filter bubble and the sharing of fake news, the direction of causality between these two 

phenomena is difficult to determine. On the one hand, it is the enclosure in a filter bubble that 

could lead users to share fake news. As Bakshy et al. (2015) have shown, algorithmic 

personalisation reinforce user bias through repeated exposure to similar information. As a 

result, users’ ability to identify fake news could be altered, leading them to become more 

credulous about this type of content and to share it more easily. In this case, the reinforcement 

of cognitive biases, altering the user’s judgment, is a mediating variable that explains the causal 

relationship. On the other hand, the fact that users share false information could reinforce their 

informational confinement. Indeed, Pariser's (2011) theory of algorithmic personalisation 

warns that users are increasingly exposed to homogenous content aligned with their past 

behaviour. Fake news often has specific presentation characteristics (Wogalter & Mayhorn, 

2008) and is generally sensationalist content that generates engagement. The algorithm could 

thus tend to react more strongly to this type of content shared by the user and recommend even 

more similar content to him/her, thus reinforcing the user’s bubble. The algorithmic 

engagement generated by the sharing of fake news therefore explains this causal link. 

It should be noted that certain variables can also influence the relationship between filter 

bubbles and the sharing of fake news. Among the moderating variables we can identify the 

level of digital literacy and the age of the user. People who are more comfortable using digital 

technologies and have a deeper understanding of how they work will tend to be potentially less 
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influenced by algorithmic bubbles. Complementarily, people from Generation Z have grown 

up with the Internet and will therefore be less likely overall to be fooled by filter bubbles, while 

children and older people might tend to be more easily influenced and therefore be more likely 

to share false content. Finally, the user’s level of social interaction may also have an impact. 

Users who are highly engaged in online communities may already be more inclined to face 

informational confinement, which already amplifies the filter bubble phenomenon beyond the 

effect that sharing fake news can have on algorithmic engagement.  

All these assumptions could be tested empirically. For mediating variables, mediation analyses 

should be carried out, for example using the Baron and Kenny method or the Sobel test to verify 

the significance of the mediating effect. For the validation of moderating variables, interaction 

analyses can be conducted. 

 

Secondly, we looked at filter bubbles from the perspective of the emotional intensity of 

opinions, by testing the hypothesis that users who share fake news on social media tend to have 

stronger opinions (RQ2). However, the results obtained following this second descriptive 

analysis did not allow us to affirm that there is indeed a link between the intensity of opinions 

and the veracity of the news shared by the user. The Mann-Whitney test refuted our hypothesis, 

showing no significant difference between the sentiment scores of the two groups of users. 

Consequently, “fake” users do not necessarily have stronger opinions. Even if these users are 

enclosed in a filter bubble in terms of the diversity of content they are confronted with, we have 

been unable to show that their opinions tend to be more extreme.  

However, this does not prevent users who share fake news from having reinforced opinions. 

Andrea (2022), Karlsen et al. (2017), Pariser (2011), Rowland (2011), and Sunstein (2001) 

argued that repeated exposure to homogeneous content leads to belief reinforcement and 

polarisation. As demonstrated through RQ1, “fake” users are more likely to encounter less 

diverse content, which can therefore lead to them being more polarised in their opinions. Our 

findings may therefore simply suggest that polarisation does not necessarily manifest itself 

through visible emotional intensity. Users may be ideologically polarised without resorting to 

emotionally extreme language or they may deliberately moderate their tone to appear credible 

or avoid confrontation on the platform. 

 

We then looked at the type of content that users publish. We sought to show that users who 

share fake news tend to share more relayed content (retweets and quoted tweets) than original 

tweets (RQ3). A significant difference was demonstrated by the Mann-Whitney test, 
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confirming our hypothesis. This finding leads us to the following assumption: since they are 

confronted with more restricted content, potentially aligned with their preferences, users who 

share false information are more sensitive to this recommended content. As a result, they are 

more likely to re-share this content via retweets and quoted tweets, than to post original, self-

initiated tweets. This may reflect a more passive behaviour, reactive to algorithmic flows, while 

“real” users seem more proactive in publishing original content. Such passivity can facilitate 

the viral spread of false information, often shared without prior verification. We can notice that 

it is consistent with the “passive sharing” behaviour described by Pennycook & Rand (2019), 

where content is circulated impulsively without deep reflection. Furthermore, it supports Cinelli 

et al. (2021)’s insights that algorithmically recommended content is more likely to be shared 

by users exposed to less diversity. The higher reliance on non-original tweets may reflect an 

increased influence of recommender systems, especially those based on collaborative filtering, 

which amplify popular or emotionally salient posts, potentially explaining the higher circulation 

of misleading content (Vosoughi et al., 2018). 

Nevertheless, it is important to keep in mind that certain factors may play a moderating role in 

the relationship highlighted above. For example, a user’s general publishing behaviour (such as 

his/her overall volume of shared tweets) could influence the observed pattern. Very active users 

may naturally produce a greater number of retweets and quoted tweets, regardless of the 

veracity of the content they share. In this case, the difference between the two groups of users 

in terms of retweeting behaviour may be less pronounced, suggesting that the activity levels of 

the users under study may attenuate or amplify the differences observed between the two 

groups. 

 

Finally, we carried out a final analysis based on different user characteristics in order to detect 

any differentiating features between users who share fake news on social media and those who 

do not (RQ4). Such distinctive attributes would enable us to better understand the profile of 

users who share false information, and potentially explain the results highlighted so far. 

Through our analyses, we found that “fake” accounts tend to publish more tweets and to like 

more content on Twitter/X. These users also have a propensity to follow more people on the 

platform than “real” users. Moreover, their tweets tend to generate more retweets within their 

community. This increased social activity can boost their visibility in other people’s news feeds. 

As a result, false information can circulate more widely thanks to algorithmic engagement 

loops, where liked or retweeted content is amplified regardless of its veracity. These 

behavioural features are in line with the idea of algorithmic feedback loops (Narayanan, 2023): 
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increased user engagement (likes, follows, shares) encourages the algorithm to offer similar 

content, thereby reinforcing the filter bubble over time.  

 

Nevertheless, it is important to acknowledge a number of limitations that may have influenced 

the outcomes of our research. 

Firstly, the data on which we are focusing our analyses comes solely from the Twitter/X social 

network. Secondly, we are analysing a limited sample of users/tweets due to restricted 

resources, which may not be representative of reality. In addition, “manual” filtering had to be 

applied to our data in an attempt to retain only as many users relevant to our research as 

possible. However, some users deemed irrelevant to our work could not be filtered out at this 

stage. Moreover, one important limitation lies in the distinction between a news feed with little 

diversity and personal consumption with little diversity. Our analysis evaluates thematic 

diversity based on the tweets users post, retweet or quote. However, a low-diversity timeline 

does not necessarily mean that the user is not exposed to diverse content overall. It is possible 

that some users actively seek out divergent opinions or explore varied topics privately (e.g., via 

searches,  passive reading, etc.), without necessarily sharing these contents. Therefore, what we 

observe may reflect visible expression more than personal exploration. Our methodological 

approach, focusing on publicly shared content, does not allow us to capture such exploratory 

or non-public consumption behaviour, which constitutes a significant limitation in identifying 

the full extent of the filter bubble effect. Finally, we separate users into two groups on the basis 

of whether or not they shared at least one fake news item according to the website Gossip Cop. 

This definition of “fake” and “real” users does not fully represent the real complexity that exists 

on social networks: users can share both real news and fake news. Consequently, the stated 

hypotheses may simplify a more nuanced reality. 

On the basis of these various limitations, we can identify various tracks for future research. One 

idea would be to extend our analyses to other platforms such as TikTok, for example. Su (2023) 

states that the large number of users on TikTok leads to the rapid spread of fake news. This 

assertion confirms that extending our analysis to this platform makes sense. Another possibility 

of research would be to carry out the analysis on a larger sample of data that could provide a 

more concrete representation of reality. Finally, integrating clustering methods to identify 

typical user profiles within users who share fake news and those who share real news could be 

a potential area for future research. Also, we are focusing on explicit behavioural dimensions, 

but looking at implicit behavioural dimensions or psychological characteristics could be 

relevant for further research. 
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To conclude, our results as a whole show a consistent behavioural profile among users who 

share fake news. These users are characterised by greater activity on the platform (high number 

of posted tweets and likes), a tendency to follow many accounts, and a marked tendency to 

reshare recommended content (retweets and/or quoted tweets). These elements suggest a form 

of intense interaction with the Twitter/X algorithmic system, which could play a key role in 

reducing the diversity of the content faced by those users. Consequently, these variables could 

explain the fact that users who share false information seem to be more confined in filter 

bubbles. It is therefore not only what users post that matters, but also how they interact with the 

platform itself. In other words, it is not only the algorithm that passively traps these users in an 

information bubble, but a feedback loop between their behaviour and the recommendations they 

receive. 

This complex self-reinforcing dynamic between interaction with the algorithm, enclosure in a 

filter bubble and the sharing of fake news ultimately shows us that the fight against fake news 

cannot be limited to fact-checking. It also requires more refined regulation of recommendation 

mechanisms and greater accountability on the part of platforms. It is therefore essential to 

consider the implications of these findings in terms of algorithmic design, platform governance 

and public information policies. 

 

5. Managerial implications 

In the light of the results we have obtained, it is now relevant to analyse their concrete 

managerial implications, in order to identify possible levers for action to limit the spread of 

false information and mitigate the effects of filter bubbles. 

Our analyses have shown that users who have shared fake news are exposed to content that is 

less diversified and consequently, are more likely to be stuck in a filter bubble. As a result, 

managers of platforms such as social networks should try to incorporate more explicit 

diversification mechanisms into their algorithms to avoid informational lock-in. Indeed, it is 

important to seek to improve diversity given that focusing solely on relevance can be 

detrimental to the discovery of new content or long-term user satisfaction, reinforcing filter 

bubbles and self-confirmation (McNee et al., 2006; Nguyen et al., 2014; Ziegler et al., 2005). 

A great deal of work in this area already exists. Among this work, researchers have explored a 

number of different approaches: simulation and reranking (L. Zhang et al., 2025), integrating 

fairness with diversity (Zhao et al., 2025), taking into account individual preferences for 

diversity and serendipity (Yin & Zhao, 2024), etc. 
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In addition, our analysis of user features enabled us to identify specific attributes that 

distinguish users who share fake news from those who share real information. This shows that 

it is possible to identify to a certain extent profiles at risk of spreading fake news. The people 

responsible for combating misinformation could develop preventive detection models based on 

the distinctive characteristics of profiles that are potentially more vulnerable to the spread of 

false information. In addition to our work, other studies have sought to identify profiles at risk 

of propagating fake news on the basis of behavioural, social, linguistic or psychological 

characteristics (Grinberg et al., 2019; A. Guess et al., 2019; Shu et al., 2018). 

Another element that caught our attention when writing this thesis is that users are not always 

aware that they may be facing restricted content, sometimes manipulated by the algorithm. For 

this reason, we believe it is crucial to make users aware of their informational exposure in the 

current societal context, where we feel ironically overloaded with a variety of information. It 

would be the responsibility of platform managers (especially communication managers) to set 

up awareness campaigns to help users understand how their actions influence what they see 

online. For example, information messages on social networks aimed at educating users on the 

subject could be an idea worth developing. 

Finally, still with the aim of limiting the filter bubble phenomenon on social networks, 

integrating diversity metrics into performance indicators is a potential future solution to be 

implemented by these large companies. Platforms often measure algorithmic performance in 

terms of engagement (clicks, likes, page views, etc.) (Bozdag, 2013; Helberger et al., 2018) but 

rarely in terms of diversity. Thus, including an informational diversity indicator as a Key 

Performance Indicator (KPI) could help balance performance and quality of user experience.  
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6. Conclusion 

In a context where social networks are a growing part of our relationship with information, our 

study aimed to analyse in more detail the relationship between the sharing of fake news and 

enclosure in a filter bubble on social media. Furthermore, we also sought to learn more about 

the behaviours that characterise users who share fake news online. 

To this end, we adopted a quantitative approach based on descriptive analyses, combining 

natural language processing methods, topic modelling, sentiment analysis and user profile 

analysis. These different approaches have been applied to data that we collected ourselves. The 

data collection phase is based on news articles verified by the website Gossip Cop. After various 

stages of scraping and filtering, we analysed the tweets of 864 users divided into two groups: 

429 users who had shared at least one piece of real news and 435 users who had shared at least 

one piece of fake news according to Gossip Cop. 

The various results we obtained from our analyses confirmed several of our hypotheses. We 

were able to demonstrate that within our data, users who share fake news are characterised by 

a significantly lower thematic diversity. This result therefore supports the idea that these users 

are more likely to be trapped in a filter bubble. In addition, we observed that “fake” users tend 

to share more non-original content (in the form of retweets and quoted tweets), indicating 

potentially a greater sensitivity to the content recommended to them. We also identified that 

users who share fake news on Twitter/X are more likely to post, like content and generate more 

retweets. They also tend to follow more accounts on the platform than users who share real 

news. However, no significant difference was found in the emotional intensity of opinions 

between the two groups of users. Hence lower thematic diversity is not necessarily 

accompanied by stronger opinions. Without claiming to establish strict causalities, these results 

consequently suggest a link between low informational diversity, enclosure in a filter bubble, 

user behaviour and the sharing of fake news. These findings underline the need for further 

reflection on the role played by digital platforms in structuring information. They also remind 

us of the importance of promoting greater algorithmic transparency and strengthening users’ 

critical skills with regard to online information. 
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7. Appendices 

 
 
  

Appendix 1: Examples of spam users on Twitter/X 
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Appendix 2: User with a limited number of posts in his/her timeline 
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Appendix 3: Example of a user’s Twitter/X timeline 

 
 
Appendix 4: Extract from the output of the MALLET command providing the most 

representative words for each topic 
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Appendix 5: Normal quantile-quantile plots of users’ Rao diversity scores by label 

 
 

Appendix 6: Normal quantile-quantile plots of users’ sentiment scores by label 

 
 

Appendix 7: Normal quantile-quantile plots of users’ registration time by label 
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Appendix 8: Normal quantile-quantile plots of users’ number of tweets by label 

 

Appendix 9: Normal quantile-quantile plots of the number of tweets liked per user by label 

 
Appendix 10: Normal quantile-quantile plots of users’ number of followers by label
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 Appendix 11: Normal quantile-quantile plots of users’ number of followings by label 

 
 
Appendix 12: Normal quantile-quantile plots of users’ tweeting time range by label 

 
 

Appendix 13: Normal quantile-quantile plots of the average number of replies generated per 

user by label 
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Appendix 14: Normal quantile-quantile plots of the average number of retweets generated per 

user by label 

 
 
Appendix 15: Percentage of verified users by label 

 
Appendix 16: Box plots of user registration time 
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Appendix 17: Box plots of the number of followers 

 
 
Appendix 18: Box plots of the tweeting time range 

 
 
Appendix 19: Log-log cumulative rank curves of the tweeting time range 
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Appendix 20: Box plots of the number of replies 

 
 
 
Appendix 21: Log-log cumulative rank curves of the number of replies 
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