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Abstract 
 

An empirical study aiming to assess the impact of  
YouTube’s recommendation algorithm on diversity and pluralism of 
information 

This study presents the results of an empirical study carried out by the Conseil which aims to 
understand how a platform’s recommendation algorithm works and what its impacts are on 
pluralism of information and on the diversity of opinions presented to users.  

Platforms, and especially social networks, play an increasingly important role in access to 
information, particularly for younger generations: 62% of internet users state that they use social 
networks to gather information1. The immediacy and freshness of the available information and 
the personalisation of content based on users’ interests explain the ever-growing role played by 
social networks in access to information2.  

Recommendation algorithms - which select which information is provided to the user - play a 
pivotal role in the consumption of information content on these platforms. The main criteria 
governing such algorithms are known: the user’s preferences and consumption history, the 
content’s characteristics (source, duration), their level of popularity (number of views, shares, 
comments), etc. However, the importance given to each criterion and their articulation are much 
vaguer and more difficult to study. The question then arises of how an algorithm’s 
recommendations are able to offer a diversity of points of view on a given subject, allowing for 
full and varied information. 

This study focuses on the video sharing platform YouTube, which occupies a leading position in 
the consumption of video content on the Internet and offers significant diversity in the topics 
addressed, the types of publishers (TV channels, Internet professionals, amateur video makers, 
etc.), the formats used and even the duration of content. Moreover, YouTube makes a large 
amount of data public, facilitating the characterisation of content. Lastly, YouTube has an auto 
play feature, based on a recommendation algorithm which continues to play videos without the 
video watcher’s intervention. In this respect, it is similar to linear television broadcasting. This 
study was performed based on the recommendations made by this feature.  

                                                        
1 Kantar for La Croix. Baromètre de la confiance dans les médias. 01/2019. 
2 Médiamétrie. La place croissante des réseaux sociaux dans l'accès à l'information. 29/11/2016. 
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Principle of the study and methodology: 
study of the recommendations of YouTube’s auto play mode  
to each of the participants  

The idea of the experiment is to launch videos on various topics using each participant’s Google 
account. The videos were the same for all participants. From each starting video, the 10 videos 
successively recommended by the auto play feature were analysed through the prisms of 
diversity of points of view and proximity with the participants’ interests. 

The starting videos covered 23 widely varied topics, selected for they were likely to polarize 
opinion, such as secularism, global warming and vaccinations 1. Between 3 and 5 videos 
presenting different points of view were selected for each topic, i.e. a total of 101 starting videos.  

The experiment was carried out using 42 user profiles, including 38 Conseil officers2 and 
4 fictitious profiles created especially for the study. The participants answered a questionnaire on 
their YouTube consumption habits and preferences, in compliance with the legal framework on 
personal data protection 3. The information provided by the participants and the videos 
suggested by YouTube’s auto play feature (over 39,000 in total) are the raw material of this study.  

Results and lessons  

The results of the experiment carried out by the Conseil provides several lessons on how 
YouTube’s auto play recommendation algorithm works. 

In the first recommendations, the algorithm seems to give less importance to the number of 
views, the date of publication or the number of reactions than to the key words associated 
with the initial topic of the videos.  

The analysis of the videos recommended to participants based on their number of views and 
date of publication shows that these are not the most viewed or the most recent on the platform. 
Half of the videos recommended have less than 150,000 views and 80% have less than 500,000. 
Similarly, only 22% of the videos recommended are less than 6 months old. Nor does the 
algorithm seem to recommend as a priority recent videos that have created a “buzz”: the two 
videos of less than two months old that were most recommended during the experiment had 
757 and 1,215 views respectively. 

The most recommended videos (over 40 times during the experiment) were generally on the 
initial topic and were mainly recommended immediately after the starting video. The analysis of 
the characteristics of these videos did not show any common features: the number of views, the 

                                                        
1 Exhaustive list of the 23 topics: “The Great Replacement”, Bitcoin and cryptocurrencies, Corrida, Flirting in 
the street, Sexual and reproductive rights, Sexual education in school, Hair removal, Euro, Homosexuality, 
Artificial intelligence, Secularism, Machismo v. Feminism, Missions to the moon, Death of Michael Jackson, 
Global warming, SNCF reform, Sects, AIDS, Telephones at school, Occupied Palestinian territories, 
Vaccinations, Veganism, Extra-terrestrial life.  
2 The number of participants chosen is mainly a result of practical considerations. 
3 GDPR, General Data Protection Regulation. 
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number of “likes”/”dislikes” and the publishing channel’s number of subscribers to the varies 
widely. 

Thus, in its first recommendations, the algorithm seems to focus on the original topic and 
suggest to users the same corpus of videos, regardless of the videos’ characteristics. To suggest 
content that is supposedly relevant to users, the algorithm relies on key words in channel names, 
titles and tags1 in order to link videos together using a common denominator.  

The algorithmic recommendation could result in echo chamber phenomena within the group 
of participants, which could affect the diversity of suggested content and the pluralism of 
opinions expressed in the recommended videos. 

Of all the recommended videos, 18% contribute to the debate on the starting topic (27% when 
taking into account the videos relating to said topic in a broader sense). However, this figure 
varies considerably between topics and can range from 2% to 33%. Among the factors possibly 
explaining these differences are the number of videos available on the topic on YouTube and the 
dynamism of the user community supporting the said topic, which is materialized by the number 
of comments, shares or reactions.  

Furthermore, the results of the study highlight that the channel’s power, the likelihood that a 
user who has just watched a video on a given channel is then recommended a video from the 
same channel, is an important recommendation factor: of all of the videos recommended, 41% of 
videos played are from the same channel as the video played just before. An echo chamber 
phenomenon2, in which users could be recommended videos of the same type or from the same 
source for a long period of time, could therefore appear.  

As regards the diversity of the points of view expressed in the videos recommended on a given 
topic, over a third of videos recommended on the initial topic present the same views as the 
starting video. Of all recommendations, 44% of the videos suggested by the auto play feature 
follow the same views as the video directly preceding them. This phenomenon could be due to 
tags which can express the opinion put forward in the video and therefore prioritise videos 
presenting the same point of view in the recommendations made. The community’s dynamism 
also seems to play a central role. 

                                                        
1 A tag is a key word linked with information (e.g. a video), which describes one of the object’s characteristics 
and allows for easy regrouping of information containing the same key words. Tags are usually chosen by 
the author; they are often not part of a pre-defined ranking scheme. 
2 An echo chamber is an expression generally used to describe a situation in which a individual is presented 
with information, ideas or beliefs which are amplified or reinforced through repetition. 
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The algorithm appears to personalise recommendations without necessarily taking account 
of user profiles.  

This experiment has shed light on a “pivot” around which the algorithm appears to definitively 
deviate from the initial topic and customise recommendations. 

After the third video suggested by the auto play feature, the algorithm recommends increasingly 
popular (number of views) and recent videos: over 80% of videos with over one million views and 
75% of videos less than 2 months old were recommended after the third iteration.  

The analysis of consumption paths shows that during the first recommendation, 7 of the 42 
participants watch the same video. This number then continues to drop with each iteration 
before reaching 1.6 by the tenth recommendation, which suggests that the content offered to 
participants is individualisation.  

However, the high number of videos recommended several times (6,000 videos of the 16,700 
different videos recommended) indicates that participants were recommended the same videos, 
regardless of their profile. Personalisation, i.e. the correspondence between the 
recommendations and the participants’ interests, appears to be relatively limited. Based on a 
study of an admittedly limited sample, it appears that only 11% of the videos recommended to 
participants actually match their habits or stated preferences.  

The videos become more individualised, yet without completely squaring with users’ preferences 
and habits. Whether for the topics most viewed by participants on YouTube or for searches 
already performed by participants on the initial topics, the algorithm does not appear to go 
beyond individualisation by personalising the recommendations.  
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Introduction  
 

 

The Conseil Supérieur de l’Audiovisuel (CSA) is responsible for safeguarding pluralism and fair 
expression of different schools of thought and opinions in audio-visual media1. To fulfil this 
objective, the Conseil ensures that the deontological principle of diversity of information, 
whether in the opinions presented, in its sources, in its treatment and in its presentation, is at the 
heart of the publishing processes used by the bodies that it regulates. 

Gathering information on the Internet has become common practice, particularly among the 
younger generations, who sometimes have a tendency of forgetting “traditional” media2. The 
slightly-declining trend of spending time watching television (-5 minutes in four years up until 
December 2018 for individuals aged 4 and over) or listening to the radio (-4 minutes for 13 year 
olds and over) demonstrates a shift of patterns towards digital platforms for all types of content, 
both entertainment and information. 

On the Internet, many platforms act as aggregators of informational content for users. On these 
platforms, they can find traditional media, new media Internet-native and content created by 
users themselves. These digital platforms, and particularly social networks, suggest content by 
using recommendation, ranking or referencing algorithms whose transparency in how they work 
is subject to debate. The capacity of these algorithms to inform citizens in a pluralist manner is 
therefore questionable.  

This issue has been a main preoccupation for public authority for several years. At national level, 
in an opinion issued in 2014 on platform neutrality3, the Conseil National du Numérique 
(CNNum) – French Digital Council - introduced the general principle of platform honesty towards 
users, which implies greater transparency on how their algorithms work.  

The CNNum’s conclusions were repeated by the Conseil d’État (French Council of State) in its 
2014 annual report4, and later by the legislator in Act no. 2016-1321 for a Digital Republic5, which  
imposes a certain number of obligations on “platform operators” relating to transparency in terms 
of how the goods and services that they offer are listed, ranked and de-listed6.  

                                                        
1 Article 13 of Act no. 86-1067 of 30 September 1986 on freedom of communication provides that “the CSA 
ensures that the expression of schools of thought and opinion are respected by radio and television services [...]”  
2 CSA. Vidéos en ligne ou télévision chez les jeunes publics : étude économétrique. 01/2018. 
3 In its opinion no. 2014-2, the Conseil National du Numérique considers that “the requirement for honesty 
also implies that the relevance criteria and principles governing how algorithms work are explained to users as 
part of a digital literacy approach”, page 33. 
4 Conseil d’État. Étude annuelle 2014. Le numérique et les droits fondamentaux. 09/09/2014. 
5 Act no. 2016-1321 of 7 October 2016 for a Digital Republic. 
6 Articles L .111-7 to L.111-8 of the Consumer Code 
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For its part, in 2017, the Commission Nationale de l’Informatique et des Libertés (CNIL, French 
data protection authority) questioned the effects of algorithmic personalisation on democratic 
and cultural pluralism1. 

In 2016 and later in 2017, the CSA studied the role played by algorithms in digital platforms’ 
economic model 2  and in the access to audio-visual content 3 . Furthermore, among the 
20 proposals for a reform of audio-visual regulation made public in September 2018, the Conseil 
recommended increased transparency and honesty in algorithms in order to promote cultural 
diversity and reduce the risk of confining the user to pre-defined choices4.  

Lastly, the Parliament adopted the Act of 22 December 2018 relating to the fight against the 
manipulation of information, which imposes obligations on online platform operators, 
particularly in terms of algorithm transparency, and entrusts the CSA with the task of monitoring 
their proper implementation and how digital platforms perform their duty.  

At European level, the expert report on disinformation requested by the Commission considers 
that platforms must provide users with all useful information on how algorithms involved in 
access to information work5.  

In this context, the Conseil wishes to launch a new approach for public authorities, both in terms 
of method and of objectives, by carrying out a study aiming to better understand how algorithms 
are able to provide information. The empirical approach taken by the Conseil in this study 
provides an “vision of reality” that completes the theoretical analyses developed by the research 
community. 

This study attempts to determine whether Internet users have access to information that is as 
pluralist as television viewers who gather their information from a regulated environment. On 
any given subject, do the recommendations made by an algorithm offer a variety of points of 
view, enabling individuals to gather information in a diverse and honest manner? 

The study first focuses on the different ways of accessing information in France and on the role 
played by algorithms in this context. The two other parts of the study are dedicated to analysing 
the recommended videos on the video sharing platform YouTube in order to have a first 
understanding of how its algorithm works. The second part explains the principles of this 
analysis, and the third presents its results.  

                                                        
1 Commission Nationale Informatique & Libertés. The ethical matters raised by algorithms and artificial 
intelligence: how can humans keep the upper hand?. 12/2017. 
2 CSA. Platforms and access to audiovisual content. 23/09/2016. 
3 CSA Lab. The impact of data and algorithms on accessing content. 01/2017. 
4 CSA. Refonder la régulation audiovisuelle. 09/2018. 
5 European Commission. A multi-dimensional approach to disinformation. 03/2018. 
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In cooperation with digital platforms, the Conseil shared the aims and results of this report with 
YouTube and its parent company Google prior to its publication. The platform’s representatives 
were able to submit their comments to the Conseil. The latter has taken into account those which 
it considered relevant for the final drafting of the report. Furthermore, it offered YouTube a place 
to express itself in this report in order to provide any details that the company considered useful, 
notably regarding the efforts that it makes in terms of content regulation. 
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YouTube’s comments 
 

With over five hundred hours of videos posted online every minute, and over a billion hours of videos 
viewed every day, YouTube attaches great importance to enabling our users to find videos that are high-
quality, relevant and diverse on its platform. Our users have several means of accessing such video 
diversity, whether from the platform’s home page, using its search engine or through video 
recommendations. 

This study focuses on one of these features, the automatic playing of videos recommended through the “up 
next” feature, particularly on information topics on which there is a wide diversity of points of view on the 
platform, both for creators and users. Through various examples, this study suggests that this diversity is 
reflected in the recommendations made, particularly by establishing that 56% of videos shown express a 
different point of view to the preceding video or that video recommendations quickly diverge from the 
starting topic. 

YouTube continually works towards improving the quality of recommendations made to our users. As an 
example, several hundreds of changes have been made between the performance of the study and its 
publication with a view to improving the recommendation algorithms. 

Among these updates, in January 2019, we announced1 several improvements aiming to highlight high 
quality authoritative information, particularly on general interest topics, and to reduce recommendation 
relating to videos at the boundaries of the YouTube community rules or which are likely to provide users 
with disinformation and might be harmful (for example, videos boasting the virtues of a miracle cure for a 
serious disease, or asserting that the Earth is flat or even those whose clear aim is to misinform users on 
certain historical events). 

In June 20192, we also announced the addition of features giving our users more control over the 
recommendations made to them on the homepage and in “up next” video recommendations concerned by 
this study. Thus, our users can now explore subjects and videos linked to those that they usually watch 
more easily, directly from their homepage, delete suggestions for channels that they might not want to 
watch or, even better, understand why a video has been suggested to them in their recommendations. 

The improvement of recommendations on the YouTube platform remains a constant objective for all our 
teams. In this respect, feedback from the community and authorities is valuable to us.  

                                                        
1 YouTube Official Blog. Continuing our work to improve recommendations on YouTube. 25/01/2019. 
2 YouTube Official Blog. Giving you more control over your Homepage and Up Next videos. 26/06/2019. 

https://youtube.googleblog.com/2019/01/continuing-our-work-to-improve.html
https://youtube.googleblog.com/2019/06/giving-you-more-control-over-homepage.html
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Access to information 
 

Media used to gather information  

In this study, the term ‘information’ is broadly interpreted, taking into account news and all 
content providing knowledge on a given subject.  

Citizens have access to many means of information: “traditional” channels such as printed press, 
television and radio and means that appeared with the Internet such as pure players of online 
information (Slate, Rue 89, Médiapart, Huffington Post, etc.), news pages1 and social networks, 
with the latter two aggregating a significant portion of the information available on the Internet.  

The last edition of the survey on the level of trust in media, led by Kantar2 for the La Croix 
newspaper, demonstrates that in France, 46% of people gather their information mainly by 
watching television (-8 points since 2016). Internet comes in second position with 29% of people 
using it as their main source of information (+9 points since 2016). Radio and printed press are 
used as a priority by 18% (stable since 2016) and 6% of respondents (-1 point since 2016) 
respectively. These results show in particular that users are switching from television to digital 
technologies. 

Different means of accessing information in France in 2016 and in 2019 

 

Source: Kantar for La Croix. Baromètre de la confiance dans les médias. 01/2016 and 01/2019. 
Base: entire population aged 18 years and over. 
Note: NSP = unknown. 

                                                        
1 This can be a search engines news page (e.g.: https://fr.yahoo.com/) or that of an Internet Service Provider 
(e.g.: https://www.orange.fr/portail). 
2 Kantar for La Croix. Baromètre de la confiance dans les médias. 01/2019. 
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On the Internet, the digital versions of printed press actors are the first source of information for 
28% of individuals who state that they gather information online. Social networks rank second 
with 18% of respondents stating that they use them as their main source of information on the 
Internet. In total, 62% of respondents state that they use social networks to gather information.  

A study led by Médiamétrie in early 2016 showed that 51% of individuals gathering information 
on social networks in fact read articles from traditional media pages1. Used by 9% of 18-year-olds 
and over, the websites and applications belonging to actors from the audio-visual sector rank 
fifth. Thus, information content consumption on the Internet often occurs through digital 
variations of traditional media. However, it should be underlined that these figures do not take 
account of youths under the age of 18, who are customary Internet and social network users. 

Accessing information in France in 2019 

 
Source: Kantar for La Croix. Baromètre de la confiance dans les médias. 01/2019 
Base: entire population aged 18 years and over. 
Note: NA = not applicable 

 
A study carried out by the General Directorate of Media and Cultural Industries (DGMIC, Direction 
générale des médias et des industries culturelles) on information consumption by under 18-year-
olds demonstrates that 79% of 15-34-year-olds use the Internet every day or nearly every day to 
gather information2. For them, social networks are the first medium to access information on the 
Internet (71%), but they do not exclude other more traditional means: respondents declare that, 
on average, they use four sources of information, including news broadcasts (49%) and online 
video websites (46%). 

                                                        
1 Médiamétrie. La place croissante des réseaux sociaux dans l'accès à l'information. 29/11/2016. 
2 Médiamétrie for the DGMIC. Les jeunes et l’information. 07/2018. 
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Sociodemographic characteristics influence the choice of media used to gather information, but 
also the extent to which the information offered is subject to critical analysis. Thus, the second 
wave of the study on conspiracy theories led by Ifop for the Fondation Jean Jaurès and 
Conspiracy Watch1 reveals that the degree of permeability to conspiracy theories declines with 
age (28% of 18-24-year-olds believe in 5 theories or more against 18% of 50-64-year-olds). 
Similarly, individuals who mainly gather their information from the Internet (therefore mainly 
youth) more often believe in conspiracy theories (27% compared with 15% for those gathering 
their information mainly from the radio).  

Yet, social networks are considered the least credible means of accessing information by the 
respondents of the survey on trust in the media (25% credibility rating). Radio is the media in 
which the French people have the most confidence (50%), followed by written press (44%) and 
television (38%). However, while this level of confidence remained stable for the Internet between 
2018 and 2019, it plummeted for traditional media (-6 points for radio, -8 for newspapers and  
-10 for television). 

According to the abovementioned Médiamétrie study2, social networks meet two of users’ key 
expectations: immediate information and information that is preselected for them. For half of 
respondents, “quick updating of information” is given as a reason to use social networks to gather 
information. Social networks’ ability to offer personalised content, and to aggregate, sort and 
select information that interests users is one of the main factors explaining the use of the 
Internet and of social networks. 

Ranking, referencing and recommendation algorithms therefore play a central role in the use and 
attractiveness of social networks.  

 

The role of algorithms in access to information on the Internet 

Among information aggregators, news portals (such as Google News or Yahoo News) use ranking 
or referencing algorithms which assign characteristics to contents and subsequently sort them 
based on these characteristics3. The algorithmic approach is therefore centred around the 
content itself. Social networks use algorithms which go a step further than these sorting features 
by personalising which information content is highlighted. The algorithm’s role is then to match 
the content’s attributes with those of the user. 

In a note published by the CSA Lab in 20174, the Conseil identified three types of matching 
algorithms: 

- menu algorithms: the content suggested is sorted by genre and sub-genre, according to a 
predefined typology, and the user chooses from said menu; 

                                                        
1 Ifop for Fondation Jean Jaurès and Conspiracy Watch. Enquête sur le complotisme. 01/2019. 
2 Médiamétrie. La place croissante des réseaux sociaux dans l'accès à l'information. 29/11/2016. 
3 Some news portals also use recommendation and personalisation algorithms. 
4 CSA Lab. The impact of data and algorithms on accessing content. 01/2017. 
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- statistical algorithms: content is “pushed” towards the user based on his/her own past 
consumption as well as on content “liked” by other platform users (case for YouTube); 

- semantic algorithms: content is analysed and indexed by the platform using keywords. For 
its part, the user enters keywords matching his/her tastes. The algorithm then matches the 
keywords describing the content and those used by the user. 

The two last categories specifically use consumer’s tastes and preferences. By nature, statistical 
algorithms reveal consumers’ proven preferences for certain types of content and then exploits 
this information to recommend the same type of content to the user. Semantic algorithms add 
an exploration aspect by suggesting content which matches the user’s stated tastes, but which 
are not necessarily similar to his/her past consumption. 

The specific case of YouTube’s algorithm 

YouTube’s algorithm has recently been the topic of several studies, including empirical studies, 
aiming to examine its video recommendation mechanisms or their effects. An article from the 
Guardian1 highlighted that, in the months preceding the American presidential election and 
based on an equal number of pro-Trump and pro-Clinton videos, the algorithm had 
recommended six times more videos promoting the candidate who became the President of the 
United States. The Algo Transparency project2 (which provided the data resources necessary for 
the Guardian’s study) demonstrated that the algorithm often recommended sensationalist, 
conspiracy or hate-promoting videos. 

These studies were criticised by YouTube, who refutes the methods used and, ultimately, their 
results. Furthermore, with a view to improving its recommendations, YouTube has since changed 
its algorithm on several occasions in order to ensure news transparency on the platform3. On 
26 June 2019, YouTube announced that it had created additional features to afford users more 
control over the homepage and automatic recommendations. This evolution allows users to 
remove channel suggestions that they no longer wish to see in their recommendations. It also 
consists of adding an inset below videos recommended to users based on videos liked and 
viewed by other users with similar interests, in order to better explain why certain videos are 
recommended to them. 

Nevertheless, these descriptive studies do not explain why YouTube’s algorithm recommends 
some contents more than others. YouTube’s statistical algorithm takes account of many criteria 
to determine which content should be suggested to the user. A large portion of such criteria is 
documented by YouTube4 and by users themselves. The latter rely on their own experience and 
on the details provided by YouTube5 to increase the visibility of their videos. However, the rules 

                                                        
1 The Guardian. Fiction is outperforming reality. 02/02/2018. 
2 https://algotransparency.org/  
3 https://youtube.googleblog.com/2018/02/greater-transparency-for-users-around.html 
4 https://www.youtube.com/creators/  
5 See, for example: How-To Geek. How does the YouTube Algorithm Work?. 10/09/2018. 

https://algotransparency.org/
https://youtube.googleblog.com/2018/02/greater-transparency-for-users-around.html
https://www.youtube.com/creators/
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governing the articulation between the different criteria and the logic behind the algorithms 
remain unknown.  

There are different kinds of recommendation criteria used by YouTube. First, to be listed, videos 
are classed into main categories (comedy, music, cooking, autos, etc.). Video tags, provided by the 
creator of the publication but which are not visible to the user, are then used by the algorithm to 
catalogue the videos in more detail and match videos together. The algorithm is therefore able to 
play videos with a certain degree of proximity one after the other. 

Another category of criteria is based on the consumption of videos on YouTube by other users. 
The number of views and the play time (in proportion to the total duration of the video) measure 
how popular the video is. Similarly, the number of “likes” (and “dislikes”) is meant to reflect users’ 
satisfaction (dissatisfaction) and approval (disapproval). The click-through rate, i.e. the ratio 
between the number of clicks on a video and the number of times the video’s thumbnail 
appeared on users’ screens, is a measure of its attractiveness. 
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Recommendation criteria on the scale of one video 

 

Source: YouTube with CSA additions 

 
During one session in which several videos are played, criteria are used to distinguish common 
consumption paths among users and to suggest videos that a user is likely to want to watch. User 
A, with similar behaviour to user B, has a high chance of being recommended a video that has 
already been watched by user B. Among the criteria used to measure this behavioural proximity 
between users are1: 

- the number of views of the same video by a user,  
- the time elapsed between playing the same video,  
- the play time for each video played2,  
- total duration of the viewing session,  
- the time elapsed between videos during the session3,  
- the duration of connection to the platform,  

                                                        
1 List appearing in several sources, including: tubefilter. Reverse Engineering the YouTube Algorithm: Part I. 
23/06/2016. 
2 Particularly in proportion to the total duration of the video. 
3 Which ranges from 0 (for autoplay) to the time taken by the user to choose the next video. 

Video play time Total duration of the video 

Number of views of 
the video 

“Like”  “Dislike”  
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- the period of the day when the session starts and finishes. 

These criteria can also be used to compare a user’s session to his/her previous sessions and 
determine this user’s play behaviour at a given time in order to suggest suitable content. 

All these criteria have been summarised by a Google research team in a publication on the use of 
machine learning with a view to improving YouTube’s recommendations system and better 
predicting which videos will be watched for longer and by which user1.  

To be recommended, videos must pass through two filtering phases. The first is called “candidate 
generation” and is defined as the user’s history on YouTube (videos watched and play behaviour). 
The second is the ranking phase. It consists of cross-referencing the user’s data with other users’ 
data (‘collaborative filtering’) and with videos’ characteristics. The algorithm then assigns a score 
to each video based on objectives set out by YouTube. Recommended videos are those having 
received the best score.  

Researchers state that hundreds of characteristics are taken into account in the video ranking 
model, including the click-through rate and their date of publication. They also explain that 
particular importance is granted to criteria describing the user’s behaviour in respect of a video 
or similar videos. 

 
 
 
 
 
 

                                                        
1 Paul Covington, Jay Adams, Emre Sargin. Deep neural networks for YouTube Recommendations. 09/2016. 
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Architecture of YouTube’s recommendation system 

 
Source: Paul Covington, Jay Adams, Emre Sargin. Deep neural networks for YouTube Recommendations. 09/2016. 

 
A study by the Pew Research Center1 revealed two other criteria which are likely to be considered 
when ranking videos on the YouTube platform. The study showed that as recommendations 
were made, YouTube’s algorithm recommended increasingly long videos and with a growing 
number of views. This appears to meet the platform’s objective of maximising its users’ view 
time. Even if it is not watched in full, a longer video will likely be watched for longer (with equal 
proportion of playing time). Similarly, a more popular video is more likely to be appreciated by 
users and therefore to be watched for longer. 

This study by the Pew Research Center is based on a high number of popular YouTube channels 
published in English (30,481). Based on one of each channel’s five most viewed videos, the study 
consisted of choosing one of the first five videos recommended at random and then continuing 
until reaching five videos (including the starting video). 

The study presented here by the Conseil follows a similar logic, presented in the following 
section. However, it strives to analyse the opinions expressed by the videos2 and is based on a 
much smaller volume of data. 

                                                        
1 Pew Research Center. Many Turn to YouTube for Children’s Content, News, How-To Lessons. 07/11/2018. 
2 The online newsfeed Buzzfeed News also performed a similar study, but on a limited number of videos and 
on only one topic. Based on a few tens of searches on the topic of vaccinations, the journalists attempted to 
identifying anti-immunisation videos and the order in which they appeared. Source: Buzzfeed News. 
YouTube Continues To Promote Anti-Vax Videos As Facebook Prepares To Fight Medical Misinformation. 
20/02/2019. 
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Principles of the study 
 

The data used for the study were collected based on a modus operandi designed to collect and 
attempt to understand the recommendations suggested by YouTube’s algorithm from a given 
starting video. Starting with videos on different topics chosen by the team leading the project for 
the diverse range of points of view that they offer, the URLs and metadata (video titles, channel, 
publication date, etc.) of the ten videos successively recommended by YouTube’s auto play 
feature were collected in order to characterise these recommendations. 

 

Choice of YouTube 

The video sharing platform YouTube was chosen for several reasons.  

It occupies a leading position in video content consumption on the Internet: it attracted over 23 
million unique video watchers in France in June 20181, representing 82% of the population having 
watched a video. In comparison, Facebook, the second most visited platform2, attracted a total of 
11 million unique users over the same period3. Furthermore, still in June 2018, close to one billion 
videos were viewed on YouTube, representing a total of over 44 million hours4 (i.e. twice as many 
as Facebook)5. 

Also, YouTube offers a wide variety of topics, content producers (television channels, Internet 
professionals, amateur video makers, etc.), formats and content length. The diversity of topics is 
an important criterion given that the study aims to analyse the recommended videos based on a 
selection of videos on various topics (see below). 

Moreover, YouTube disclose a large amount of data which provides an understanding of the 
typology of videos: number of views and number of channel subscribers (popularity), date of 
publication (age), number of comments (amount of discussion generated by the video), number 
of “likes” and “dislikes” (video watchers’ involvement, satisfaction and approval) or tags6 which 
organise each video into themes. The large majority of such data was used to analyse the videos 
recommended. 

                                                        
1 June 2018 is used here as the experiment was conducted during the same month. 
2 Brand Players: Aggregation of the audience of one broadcaster’s video player(s) regardless of the website 
on which it is broadcast (Médiamétrie//NetRatings definition). 
3 The second position on this ranking is usually occupied by Dailymotion (with over 11 million unique video 
watchers per month). However, for technical reasons, the number of this platform’s unique video watchers 
could not be measured in June 2018.  
4 Brand Support: Aggregation of the audience of a website’s pages on which videos were viewed, regardless 
of the player on which the video is played (Médiamétrie//NetRatings video). 
5 Médiamétrie//NetRatings. L’Audience Vidéo Ordinateur en France en juin 2018. 11/01/2019. 
6 Video tags are not visible on the YouTube video page but can be viewed using Google’s API. 
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Lastly, YouTube has an auto play feature, based on a recommendation algorithm which 
continues to play videos without the video watcher’ intervention. This feature, which imitates a 
passive behaviour, similar in some ways to a viewer’s behaviour in front of a television, was 
chosen for the sequencing of the recommendations studied 1. Other similarities between 
YouTube and the television can be highlighted, such as the presence of videos similar to flow 
programmes and others to stock programmes2 (due to their consumption statistics) and the 
advanced editing of some channels (publication at specific times to create a wait)3. 

Auto play on YouTube 

 

Source: YouTube with CSA additions 

 
Furthermore, it is important to note that the Conseil’s approach which consists of collecting the 
URLs of the videos recommended to different people by an algorithm does not affect the 
statistical measurement of the number of views of videos on the platform. Even if all participants 
(42) had been recommended the same videos4, their restricted number would only marginally 
increase the total number of views of each video, with the average number of views of the videos 
recommended during the study being over one million5. In addition, YouTube uses algorithmic 

                                                        
1 It should be noted that in the questionnaires on study participants’ consumption habits and preferences, 
65% of them using YouTube stated that they “used autoplay from time to time”, 24% “never use it”, 5% “use it 
most of the time” and 5% “systematically”. 
2 Stock programmes can be broadcast several times: after their initial broadcast, they are still of interest to 
the television viewer (e.g.: cinema). On the contrary, interest in flow programmes is short lived (e.g. news 
broadcast).  
3 CSA. Vidéos en ligne ou télévision chez les jeunes publics : étude économétrique. PP19-21. 01/2018. 
4 In practice, some videos were recommended a maximum of 57 times. 
5 Average determined based on a sample without duplicates. 

Activated  
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techniques which enable it to revise the number of views downwards should it detect clearly 
fictitious views1.  

YouTube’s economic model, based on video popularity measured through the number of views, 
which conditions the sale of advertising spaces to advertisers and the sharing of income with 
creators, is therefore not affected by this study. 

 

Sample population 

To bring together a sufficiently large group of participants in order to have a large sample of 
videos recommended, a call for voluntary participation was sent out to Conseil officers in early 
June 2018.  

The only condition for participation in the study was to have a Google account2. If an Internet 
user is connected to his/her Google account when watching videos on YouTube, his/her Google 
email address is automatically used to create a YouTube login. This login is then used on each 
visit to the platform, except if the user has disconnected from his/her Google account. Thus, the 
history of consumption on the platform is available from any device when the user is connected 
to his/her Google account. This is important given the study’s aim of identifying the influence of 
consumption profiles on the algorithm’s recommendations. 

After presenting the principles and aims of the study and implementing a protocol ensuring the 
protection of their personal data in accordance with regulations in force (see below), 38 officers 
decided to take part in the study.  

Although it has been demonstrated that sociodemographic data (gender, age, professional 
category, etc.) can play an important role in behaviour relating to accessing information (see 
above), no information of this nature was collected on the sample population, to ensure that 
participants could not be identified, pursuant to the provisions of the General Data Protection 
Regulation (GDPR). 

Four fictional profiles were added to the Conseil’s officers, created especially for the study, two 
centred around the topic of “football”, the two others on the topics of “practical life”, “fashion” 
and “make up”. The fictional profiles, whose consumption patterns and preferences are 
particularly pronounced, allow for an understanding of the link between the videos 
recommended and the user’s interests, in comparison with the real profiles. 

In practice, fictional Google (and therefore YouTube) profiles were created and fuelled with a high 
number of videos on the chosen topic during several viewing sessions. The browsing history of 
the computer used had first been erased. These accounts then followed the same principle of 
launching starting videos as followed by the real participants. 

                                                        
1 YouTube’s website. How video views are counted. 30/01/2018. 
https://support.google.com/youtube/answer/2991785?hl=en.  
2 YouTube has been owned by Google since October 2006. 

https://support.google.com/youtube/answer/2991785?hl=en
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Selection of topics and starting videos 

The idea of the experiment is to launch videos on various topics using each participant’s Google 
account. The starting videos were the same for all participants. From each starting video, the 10 
videos successively recommended by the auto play feature were analysed through the prisms of 
diversity of points of view and proximity with the participants’ interests. 

The starting videos covered 23 pre-selected topics, listed in the table below. These topics discuss 
social matters which can generate a significant divide of opinions. These different points of view 
are referred to as “opinion A” and “opinion B” and may represent different types of divides, 
specified in the table for each topic.  

Furthermore, it should be highlighted that the Conseil’s approach does not fall within fact-
checking and fighting information manipulation efforts. Differences in opinion are addressed in 
the strict sense, without any bias regarding the opinions expressed, even though public interest 
may sometimes call for one opinion to be highlighted more than another. The points of view 
expressed are not subject to any judgment and the idea is not to determine whether an opinion 
put forward in the videos is right or not. The qualification of the opinions expressed in the videos 
is purely descriptive. 

For each of the chosen topics, 3 to 5 videos were selected, raising the number of starting videos 
to 101 (complete list appended). For each topic, videos present a diverse range of points of view 
based on the nomenclature below and in equal proportions if permitted by the availability of 
videos. Neutral videos, which contribute towards the debate by presenting the arguments put 
forward by all parties, were added where possible. 

List of topics selected and associated points of view 

Topics Opinion A Opinion B 

“The great replacement” True theory (2) False theory (2) 

Bitcoin and cryptocurrencies Opportunity (2) Danger (2) 

Corrida For (2) Against (2) 

Flirting in the street For (2) Against (2) 

Sexual and reproductive rights For (2) Against (1) 

Sexual education at school For (2) Against (2) 

Hair removal For (2) Against (2) 

Euro Beneficial (2) Harmful (1) 

Homosexuality Gay-friendly1 (2) Homophobic (2) 

Artificial intelligence Opportunity (2) Danger (1) 

Secularism Liberal (2) Strict (2) 

                                                        
1 Gay-friendly is a term referring to places, policies, individuals or institutions that are open to and accepting 
of members of the LGBT community. 
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Machismo-Feminism Feminism (2) Machismo (2) 

Missions to the moon Happened (2) Did not happen (2) 

Michael Jackson’s death Happened (2) Did not happen (2) 

Global warming Exists (2) Does not exist (2) 

SNCF reform For (2) Against (2) 

Sects Life choice (1) Danger (2) 

AIDS Natural origin (2) Artificially created virus (2) 

Telephones at school For (1) Against (2) 

Palestinian occupied territories  One state (1) Two states (2) 

Vaccinations For (2) Against (2) 

Veganism For (2) Against (carnism) (2) 

Extra-terrestrial life Exists (2) Does not exist (2) 

Note: the figure in parentheses refers to the number of starting videos expressing the associated opinion. 

 
The choice of starting videos should satisfy other requirements: be in French, with a minimum 
number of views set at an intentionally-low 200 views1; it was indeed found during the opening 
tests that YouTube sometimes recommended video with few views.  

Next, the starting videos were launched in a random but identical order for each participant. 
Once the titles of the 10 following videos launched by the auto play feature after the starting 
video were known, the following starting video was launched according to the pre-determined 
order. To take into account YouTube’s watch time criterion, the play time for each video was set 
randomly between 10 and 45 seconds. Due to the number of starting videos and of participants, 
collection of the videos’ URLs, in late June 2018, lasted 10 days.  

 

Questionnaire on consumption habits and preferences  
on YouTube 

In order to determine whether the videos recommended to participants by the auto play 
recommendation algorithm bore any relation to their interests, the participants filled out a 
questionnaire on their consumption habits and preferences on YouTube2.  

The few habit and preference statistics presented below are based on a limited sample of 
population and should therefore be considered with precaution. However, the number of videos 

                                                        
1 In comparison, the average number of views in the study’s video sample is 932,388. Only 0.4% of videos in 
the sample have under 200 views. Very few videos have a number of views under this number, which makes 
it an appropriate lower bracket. 
2 This questionnaire is appended to this study. 
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recommended (39,000) provides a sufficiently large sample to conduct a robust analysis of the 
results presented in the third part of this study. 

The participants were first asked about the type of equipment used to watch videos on YouTube. 
Personal computers rank first (84% of respondents 1 ), ahead of smartphones (81%) and 
professional computers (68%). Over a third of respondents declared that they use all three of 
these devices to watch videos on YouTube. 

Use of personal computers coincides with hours when YouTube is used: evenings (from 8pm to 
11pm) are the preferred time to watch content (86% of respondents) when participants are at 
home and are more likely to use their personal computer. Furthermore, close to 54% of 
participants stated that they watched videos on YouTube between 10am and 7pm on their 
professional computer.  

One of the aims of this study being to determine whether the history of consumption on 
YouTube has a significant influence on recommendation, participants were asked to choose 
among several main topics2 which type of content they viewed most often on YouTube. Music 
videos are the most viewed (78% of respondents); comedy content ranks second (70%), in front 
of informational content (65%).  

Finally, 70% of participants state that they “occasionally” follow the recommendations made by 
the algorithm. Similarly, auto play is used “occasionally” by 65% of respondents 3. Lastly, 
participants were able to give their opinion on the recommendations made to them: 86% of them 
consider that the algorithm suggests content “that seems similar”. Of these, 47% are indifferent, 
31% state that they are annoyed and 22% appreciate recommendations. 

 

Compliance with the General Data Protection Regulation (GDPR) 

Participants used their Google logins and passwords to connect to their account prior to 
launching the starting videos. Such information was not stored nor collected or processed by the 
Conseil. 

However, two other types of personal data were processed: 

- information provided in the questionnaire on consumption habits and preferences on 
YouTube; 

- the videos suggested by YouTube’s auto play feature. 

Such data are the main source of the study and were subject to statistical processing. No 
sensitive data (in the meaning of the GDPR) was processed. 

                                                        
1 Excluding fictional profiles and respondents not using YouTube. 
2 Information, politics, music, comedy, sport. 
3 In addition, 15% of respondents to the Pew Research Center study (4,594, United States) state that they 
regularly follow recommendations, 66% follow them occasionally and 19% never follow them. Source: Pew 
Research Center. Many Turn to YouTube for Children’s Content, News, How-To Lessons. 07/11/2018. 
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Based on the drafting of an impact assessment on data protection determining the origin, nature, 
particularity and seriousness of the potential risks posed by the experiment to persons’ rights, 
two types of measures were taken: 

- gathering the freely-given, specific, informed and unambiguous consent of participants to 
the experiment by informing them of their rights and of the optional nature of their 
participation1; and, 

- implementing organisational and technical security measures to ensure participants the 
maximum level of confidentiality as regards the responses provided or generated within 
the experimental framework (minimisation and pseudonymisation of the data collected). 

 

Elements on the study’s operating method requiring attention 

Besides the limits imposed by the GDPR as listed above, several points relating to this study 
require attention.  

First, the analysis is carried out on a tool that is not easily cognizable. The analysis was performed 
at a given time in the algorithm’s development and therefore does not take account of any 
changes that may have been made since then. In fact, platforms often update their algorithms, as 
demonstrated by Google’s recent communication in the example below. During the dialogue 
phase, YouTube informed the Conseil that, with a view to constantly improving its 
recommendation system, its algorithm had been subject to around one hundred changes in 
2018. 

                                                        
1 Art. 6.1.a. Regulation (EU) 2016/679. 
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Google announcement on 2 June 2019 on an update to its algorithm  

 

Source: GoogleSearchLiaison official Twitter account 
 
 
Furthermore, the effects of the paid indexing of channels and their videos, which also affects the 
weighting system applied to recommendation criteria, could not be isolated as indexing 
agreements are protected by trade secrecy. Similarly, as Google and YouTube belong to the same 
group and consumption data may be pooled among both services, the fact that Google searches 
could have an influence on the YouTube algorithm’s recommendations and vice versa cannot be 
excluded1. YouTube’s representatives informed the Conseil that this was not the case.  

Moreover, there is the hypothesis that the time at which the videos’ URLs were collected could 
have had an impact on recommendations, without it being possible to measure said potential 
impact. For example, certain types of content could have been recommended more during the 
evening, depending on their type or their duration. 

Furthermore, YouTube recalled the importance of other users’ consumption in the criteria take 
into account by the algorithm. Thus, as the algorithm is based in particular on what other users 
have watched, the fact that participants were asked to watch the same starting videos could have 
resulted in the algorithm offering them more similar recommendations.  

The Conseil is also aware of the questions raised by the representativeness of the participants in 
the sample. For practical reasons, this sample could not be opened to people outside of the 

                                                        
1 It appears that this could be the case for Google News for example, the news portal’s help centre states that 
“Algorithms personalize for your Google News settings, like your interests and sources. They also personalize for 
your past activity on Google, like in Google Search and YouTube.”  
Source:https://support.google.com/googlenews/answer/9005749?hl=en  

https://support.google.com/googlenews/answer/9005749?hl=en
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Conseil. Given that the automation of data collection processes required the sedentarisation of IT 
tools, it was more practical for volunteers to be able to access such tools without needing to 
commute. This also made it easier to ensure that the rules relating to personal data protection 
were complied with. 

Lastly, the choice of analysing the auto play feature alone focuses the analysis on only one of the 
aspects of YouTube’s recommendation system. This tool was chosen due to it imitating passive 
behaviour on the video watcher’s part, which is similar to that adopted by the television viewer 
when watching the successive programmes on a given television channel. However, both on 
YouTube and in front of the television, the user can also take a pro-active approach, respectively 
by searching or selecting the following video from recommendations and by changing channel. 
As the proportion of passive and active behaviour as regards total viewing time (on YouTube and 
in front of the television) is not known nor easily modelled, arbitrary choices needed to be made.  
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Results 
 

The recommended videos collected were analysed based on several criteria and indicators. 
These elements and the resulting conclusions are presented in this section. 

 

Types of videos recommended 

In total, 39,007 videos were recommended to participants. Some participants were 
recommended the same videos: 6,086 different videos were recommended on several occasions. 
Some videos were even viewed several times by the same participant (number of occurrences 
higher than the number of participants, i.e. 42). The total number of different videos (videos 
viewed once and first occurrence of videos viewed several times) is 16,701, or 43% of all videos1.  

Number of videos recommended and number of recommendation occurrences 

 
Base: all recommended videos (39,007). 
Note: a recurring video recommended 9 times shall be counted as many times. 

 

Popularity of the recommended videos 

The videos recommended to participants are not those with the most number of views on the 
platform. The average number of views is 932,388. Yet, half of the recommended videos each 
have less than 150,000. Over 30% of videos have between 100,000 and 500,000 views and 18% of 

                                                        
1 Unless stated otherwise, results are calculated based on all videos in order to take account of all videos 
having been recommended to all participants. 
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videos have between 10,000 and 50,000 views. It would have been interesting to compare the 
distribution of the number of views of the videos in the study to those of all videos that can be 
find on YouTube. However, the Conseil does not have this information. 

Distribution of videos recommended by the auto play feature by number of views 

 
Base: all recommended videos (39,007). 
Note: metadata collected on 04 July 2018. 

 
The distribution of recommended videos by the number of views for each topic is, in most cases, 
similar to that for all topics and videos analysed1. Only 5 topics set themselves apart: the topics 
“Telephones at school” and “Euro” have a higher number of videos with few views, whereas the 
topics “Flirting in the street”, “Machismo-Feminism” and “Michael Jackson’s death” have more 
videos with a high number of views.  

The disparities observed depending on the starting topic could be explained by the popularity of 
the topic itself. However, for each starting video, the number of videos on the starting topic is 
relatively limited (see page 40). For this reason, the topic’s popularity cannot be used as the main 
explanation for the distribution curve for all videos recommended. However, the algorithm often 
suggests videos from the same channel (see page 36), which could change the distribution curve 
on the number of views, depending on its popularity and the number of views that it has.  

                                                        
1 Similarly, the distribution curve on the number of unique video views is similar to that for all 
videos. 
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Date of publication of recommended videos 

Recommended videos are not the most recent videos either. Their average age is a little over 
2 years, and the median is 1 year and 4 months. Close to 30% of videos were published between 
2 and 5 years prior to the collection of metadata (which occurred after the collection of videos).  

Distribution of videos recommended by the auto play feature according to age  
(time elapsed since their publication date) 

 

Base: all recommended videos (39,007). 
Note: reference date set to 4 July 2018. 

 
The distribution of recommended videos according to their age varies widely depending on the 
topic. For example, videos on the Euro and on the Corrida are on average older (32% of videos 
are over 5 years old and 60% of videos are over 2 years old respectively). While videos on 
cryptocurrencies and artificial intelligence are more recent (62% of videos are under one year old 
and 75% are under two years old respectively). This phenomenon could be due to current events 
and the presence of such topics in the public debate. However, this is an indirect effect: the 
algorithm may suggest recent videos, but which are not necessarily in relation with the starting 
topic, and the recent nature of a topic appears to result in the recommendation of recent videos 
without such videos being on the same topic. 

Overlap between the number of views and the date of publication  

Over 10% of recommended videos less than two months old had over one million views. This rate 
only increases to 16% when taking into account all videos (regardless of their date of publication), 
despite the older videos having had more time to accumulate views. After a period during which 
the number of views increases significantly right after the publication of the videos, the increase 
of the number of views slows over time. 
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Of the videos less than two months old that are most recommended, it seems that the algorithm 
does not recommend those having generated a “buzz” at the time the data is collected (a high 
number of views in a short time) as a priority.  

List of most-recommended videos under two months old  
(Number of occurrences above 20, in decreasing order) 

Title1  Views Occurrences 

Interdiction des portables au collège  757 35 

Le portable déjà interdit au collège de Truchtersheim  1,215 34 

On a visité le repaire d'un mineur de cryptomonnaies  297,997 33 

Comment muscler et libérer votre cerveau ? - Idriss ABERKANE  91,184 31 

Draguer une fille devant son copain -Part 2 (IbraTV) 3,402,187 28 

Banlieues : la méthode Macron  133 26 

Téléphones portables à l'école - On nous demande d'interdire une (…) 1,382 22 

J'ai reçu ma machine de bitcoin ! feat. Hasheur  785,414 21 

À Besançon, un collège a déjà interdit les portables dans son enceinte 698 20 

Base: all recommended videos (39,007). 
Key: the video “Interdiction des portables au collège” was viewed 757 times on YouTube and recommended 35 times  
to participants. 

 
Furthermore, half of the videos less than two months old with a higher number of views than the 
maximum in the list above are of international origin. It should also be noted that, in this 
category, there is a high proportion of videos on the football World Cup which took place from 
mid-June to mid-July 2018, when the data were collected. These videos are from the same 
channel (FIFATV) and were recommended to 3 participants, 2 of which had indicated that they 
watched clips from sporting competitions or football respectively2. However, they were not 
recommended to the fictional profiles with an interest in “football”.  

Lastly, having created a buzz at the time3, the video “Childish Gambino - This Is America (Official 
Video)” sets itself apart with over 320 million views (worldwide), two months after its publication. 
However, this video clip by an American musician was only recommended on one occasion in all 
videos, to one participant having stated that he/she regularly watch RnB and Pop video clips from 
the United States on YouTube. The second video under two months old has “only” 60 million 
views (United States RnB video clip, recommended to the same person). 
                                                        
1 Both here and in the rest of the document, video titles shall be left as published by their authors, without 
any changes. 
2 The third participant having been recommended these videos did not provide his/her most viewed topics 
on the platform. 
3 See, for example: Europe 1. La vidéo choc "This is America" de Childish Gambino fait le buzz sur Internet. 
08/05/2018. 
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Most recommended videos 

The most recommended videos (over 40 recommendation occurrences1) are on the topics 
selected for the starting videos. This means that on a given topic, the algorithm can suggest 
identical videos to different video watchers, who therefore have access to the same information. 
They appear most often right after the starting video (1st iteration), and more rarely in second 
position.  

List of videos most recommended by the algorithm  
(Number of recommendation occurrences above 40, in decreasing order) 

Title  Occ. Ite. 

Téléphones portables et très jeunes enfants - hi-tech 57 1 (26) 

« Grand remplacement » : complot, fantasme ou réalité ? 57 1 (57) 

L'homme a-t-il réellement marché sur la Lune ? 56 1 (46) 

Faut-il interdire l'usage du téléphone portable dans les établissements scolaires ? 53 1 (32) 

Complément d'enquête. Les millionnaires du bitcoin - 12 octobre 2017 (France 2) 50 2 (26) 

Comment sécuriser vos Bitcoins ? 45 1 (37) 

SNCF : D'où vient (vraiment) la dette ? 44 1 (34) 

Galères de train : qui veut tuer le rail français ? 43 2 (33) 

Mickael Jackson en vie (retour le 07/07/2016) 42 2 (35) 

Peut-on donner la parole à un théoricien du « Grand remplacement » sur la radio publique ? 42 1 (25) 

Martin Weill rencontre le rédacteur en chef de Valeurs Actuelles - Quotidien du 28 Avril 41 1 (30) 

Le 3 minutes - Laïcité à l'école - #flashtalk 40 1 (34) 

Marion Sigaut - Le programme LGBT de Macron 40 2 (18) 

Mort de Michael Jackson, les rumeurs les plus folles 40 2 (10) 

Base: all recommended videos (39,007). 
Key: Occ. = occurrences, Ite. = iteration. 
Read: the video ”Téléphones portables et très jeunes enfants - hi-tech” was recommended 57 times, 26 of which immediately 
followed the starting video (1st iteration). 
Note: the video ”« Grand remplacement » : complot, fantasme ou réalité ?” is also a starting video (not counted). 

 
The most recommended videos have a relatively low number of views. Only two of them have 
more than 400,000 views, most likely due to the popularity of the topic they cover: Michael 
Jackson. One of the videos was even viewed less than 1,000 times (on the topic of telephones at 

                                                        
1 A number of recommendation occurrences above 40 is equal to 0.10% of all videos and was chosen to 
avoid falling under one zero after the point. 
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school). In the same vein, videos have more “likes” than “dislikes”, as is often the case on the 
platform.  

“Likes” and “dislikes” do not seem to have an incidence on how the most recommended videos 
are selected by the algorithm. This could be the result of a lesser importance afforded by the 
algorithm to involvement (“like”/”dislike”) in the first stages of the recommendations, which seem 
to rely first and foremost on starting video’s topic and its associated tags (see page 56). However, 
this raises the question of the weight afforded to “likes” and “dislikes” in the following 
recommendations. 

Number of views, “likes” () and “dislikes” () of the most recommended videos 
(Similar order to the preceding table) 

Title  No. of views   
Rate of  in 

reactions 

Téléphones portables et très jeunes enfants - hi-tech 4,486 25 2 7.4% 

« Grand remplacement » : complot, fantasme ou réalité ? 22,589 583 40 6.4% 

L'homme a t-il réellement marché sur la Lune ? 124,202 485 56 10.4% 

Faut-il interdire l'usage du téléphone portable dans les (…) 741 5 0 0% 

Complément d'enquête. Les millionnaires du bitcoin (…) 203,965 1,209 113 8.5% 

Comment sécuriser vos Bitcoins ? 206,314 4,286 123 2.8% 

SNCF : D'où vient (vraiment) la dette ? 68,542 4,728 89 1.8% 

Galères de train : qui veut tuer le rail français ? 22,539 1,428 19 1.3% 

Mickael Jackson en vie (retour le 07/07/2016) 577,937 2,582 508 16.4% 

Peut-on donner la parole à un théoricien du « grand (…) 282,668 2,162 1,576 42.2% 

Martin Weill rencontre le rédacteur en chef de Valeurs (…) 294,255 2,154 428 16.6% 

Le 3 minutes - Laïcité à l'école - #flashtalk 1,581 4 1 20% 

Marion Sigaut - Le programme LGBT de Macron 71,506 867 739 46% 

Mort de Michael Jackson, les rumeurs les plus folles 419,847 5,532 397 6.7% 

Read: the video “L’homme a t-il réellement marché sur la Lune ?” has 124,202 views, 485 “likes” and 56 “dislikes”, these represent 
6.4% of all reactions (“likes” + “dislikes”). 

 
The number of subscribers to the channels that published the most recommended videos ranges 
from 200 to over 700,000 and does not reveal any common characteristics. The number of 
subscribers to a channel is not always instrumental in the number of views that the videos 
published by said channel have: the video with the most views (see table above) is from a 
channel with less than 2,000 subscribers. Similarly, the channel with the least subscribers has 
over 120,000 views of its video. 
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Number of subscribers to channels having published the most recommended videos 
(Similar order to the preceding tables) 

Title  Channel No. of 
subscribers 

Téléphones portables et très jeunes enfants - hi-tech euronews (in French) 345,967 

« Grand remplacement » : complot, fantasme ou réalité ? Radio Sputnik 12,365 

L'homme a t-il réellement marché sur la Lune ? MrKershouw 199 

Faut-il interdire l'usage du téléphone portable dans les (…) Kaina.tv 794 

Complément d'enquête. Les millionnaires du bitcoin (…) Complément d'enquête. 33,461 

Comment sécuriser vos Bitcoins ? STEVEN 701,930 

SNCF : D'où vient (vraiment) la dette ? Le Fil d’Actu - Officiel 73,808 

Galères de train : qui veut tuer le rail français ? Le Fil d’Actu - Officiel 73,808 

Mickael Jackson en vie (retour le 07/07/2016) Stv event saji tv 1,728 

Peut-on donner la parole à un théoricien du « grand (…) Quotidien 324,872 

Martin Weill rencontre le rédacteur en chef de Valeurs (…) Quotidien 324,872 

Le 3 minutes - Laïcité à l'école - #flashtalk #flashtalk 2,551 

Marion Sigaut - Le programme LGBT de Macron ER Lille 2,494 

Mort de Michael Jackson, les rumeurs les plus folles Investigations et Enquêtes 332,403 

Base: all recommended videos (39,007). 

 
To conclude on this analysis of recurring videos, the algorithm appears to first focus on the 
starting topic in the first iterations, regardless of the number of views, of reactions (“likes” and 
”dislikes”) or of subscribers to the channels publishing them. 

Most recommended channels 

The most recommended channel is the channel of France 2’s programme “On n’est pas couché”, 
accounting for 2% of all videos recommended (i.e. 798 videos). In general, television broadcasters 
account for close to half of the most-recommended channels listed below (8 out of 17). 
Furthermore, all channels contained in this list bear the YouTube verification badge1. Only two of 
these channels have under 100,000 subscribers (the media Brut and the children’s cartoon “Il 
était une fois”). The channel TEDx Talks has the most subscribers, likely due to its international 
reach. 

                                                        
1 When a    or   verification checkmark appears next to a YouTube channel's name, it means that the 
channel belongs to a recognised creator or that it is the official channel of a brand, company or 
organisation. Source: https://support.google.com/youtube/answer/3046484?hl=en. 

https://support.google.com/youtube/answer/3046484?hl=en
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List of channels most recommended by the algorithm  
(Number of recommendation occurrences above 200, in decreasing order) 

Channels Subscribers Occurrences Successive plays 

On n'est pas couché  359,612 798 505 

C'est mon choix - La chaîne officielle 826,162 635 581 

Europe 1 195,345 513 345 

Brut 91,267 498 374 

Quotidien 324,872 419 306 

C à vous 156,595 366 136 

C'est pas sorcier 611,123 343 296 

Lama Faché 3,694,933 321 173 

L'Effet Papillon 247,691 314 256 

TEDx Talks 13,209,307 261 220 

Ça commence aujourd'hui 101,873 259 190 

iletaitunefoisVEVO 43,740 238 205 

madmoiZelle 422,306 236 201 

1 jour, 1 question 110,844 229 188 

SYMPA 1,471,831 225 117 

France Inter 223,518 210 149 

Le Monde 224,203 205 124 

Base: all recommended videos (39,007). 
Read: of the 798 videos recommended from the channel “On n’est pas couché”, 505 were suggested immediately after a video 
from the same channel. 

 
These high occurrence numbers translate a “channel’s power” on YouTube. The path to powerful 
channels is always the same. On any given topic, the algorithm plays videos from different 
channels until it reaches a “powerful” channel and stays there for a few videos, or no longer 
leaves, regardless of the topic addressed. The channel’s power appears when the algorithm 
recommends a channel for the first time and then continues to recommend it. The powerful 
channel then takes precedence over the starting topic. 

Of all the recommended videos, 41% of the videos played are from the same channel as the 
video played immediately before. This average rises for the videos that are most recommended, 
for which it reaches 72%. On average, participants arrive at a “powerful” channel from the sixth 
iteration and then stay there until the tenth. Thus, in total, they see five successive videos from 
the same channel. Although the topics addressed by one channel vary, the editorial approach 
(direction of ideas, handling of topics, images used, etc.) is usually the same. A redundancy 
phenomenon, in which users are recommended videos that follow the same editorial standards 
for a long period of time, could therefore appear. In some ways, this phenomenon could be 
likened to an echo chamber phenomenon. 
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The power of a channel can stem from several factors. Its management (publication frequency, 
homogeneity in title format, etc.) could potentially play an important role. The percentage of 
YouTube users who, after having watched a video, voluntarily click on a recommended video 
from the same channel - which is a sign of the user’s satisfaction - could also have an impact.  

The graph below links the number of subscribers to channels (size of the circles) to the number 
of videos following each other from each channel. It shows that the number of subscribers to a 
channel is not necessarily a determining factor of said channel’s “power”. If the number of 
subscribers to a channel was the only criteria for the latter being put to the forefront, the 
channels “TEDx Talk”, “Lama Faché” and “SYMPA” would have occupied the upper right area in the 
graph and not “C’est mon choix - La chaîne officielle” and “On n’est pas couché”. 

Distribution of the most recommended channels based on their number of occurrences 
and the number of successive plays of their videos

Note: the size of the circles represents the number of subscribers to the channel. 

The algorithm deviates from a logic of recommending based on topic to a logic of recommending 
based on channel. It sometimes happens that it returns to a logic based on topic or that it 
combines a given topic and a given channel. In any case, an articulation appears between each 
video: regardless of the channel, the algorithm appears to recommend the following video by 
selecting keywords contained in tags or in the title of the video currently being played (see 
below).  
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Example of a path leading to one of the most recommended channels  
and keeping the participant there 

Ite. Title Channel 
0 Israël–Palestine : comprendre le conflit par les cartes Le Figaro 

1 Israël / Palestine – Le conflit expliqué sur carte – Partie 2 Histoire Géo 

2 Israël / Palestine – L’Histoire du peuple juif – Partie 1 Histoire Géo 

3 Pourquoi Israéliens et Palestiniens se font-ils la guerre ? Le Professeur Gamberge Les Z’animés 

4 C’est où la bande de Gaza ? – 1 jour, 1 question 1 jour, 1 question 

5 C’est où Jérusalem ? – 1 jour, 1 question 1 jour, 1 question 

6 À quoi ça sert la reine d’Angleterre ? – 1 jour, 1 question 1 jour, 1 question 

7 À quoi ça sert la tour Eiffel ? – 1 jour, 1 question 1 jour, 1 question 

8 Qui a inventé le foot ? – 1 jour, 1 question 1 jour, 1 question 

9 Qui était le premier homme sur terre ? – 1 jour, 1 question 1 jour, 1 question 

10 Pourquoi les dinosaures ont disparu ? – 1 jour, 1 question 1 jour, 1 question 

 

A channel’s power also depends on the topic addressed. For example, channels exclusively on 
veganism will be recommended more often on this topic than another. This is certainly why the 
channels listed in the table page 36 are the most recommended, due to the diversity of the topics 
that they address. 

The position of “traditional” publishers  

Over 23% of the videos recommended are from traditional written press, radio and television 
publishers. This figure includes off-air programmes belonging to audio-visual groups and those 
belonging to their multi-channel networks1 (MCN) (category titled “TV net” in the graph). For 
example, these are the channel Culturebox published by France Télévisions, Golden Moustache 
by the M6 group or Studio Bagel for the Canal Plus group.  

Among traditional publishers, the television publisher category is most represented given that 
they offer the same type of content as video sharing platforms. They account for 16% of all 
videos recommended (18% including their MCN’s videos). Radio arrives in second place, far 
behind television, with only 3% of recommended videos. Written printed press represents 2.5% 
of all videos recommended. 

                                                        
1 A multi-channel network or MCN is a company that accompanies content creators on video sharing 
platforms and social networks.  
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Breakdown of recommended videos according to the type of publisher  

 

Base: all recommended videos (39,007). 

 
These results, particularly for television, are the result of the digital strategies led by many audio-
visual groups who use both their own online services (websites and apps) and third-party 
platforms such as YouTube to air their content. Some publishers choose to create a YouTube 
channel bearing their group name, their channel(s) name(s) or the name of their star 
programme(s). All of these eponymous YouTube channels are verified by the platform. 
 

Video offer on the starting topic 

To measure the depth of the offer associated with the 23 topics selected, a work of qualifying the 
videos was carried out “by hand”. Starting with each starting video on a given topic, the videos 
recommended were qualified according to the nomenclature associated with said topic (see page 
24). The number of videos discussing opinion A, opinion B and a neutral approach were then 
added together to calculate the total number of videos contributing towards the debate in 
question on the starting topic. 

Depth of the handling of selected topics 

Over 18% of all videos recommended by the auto play feature contribute towards the debate 
associated with the starting topics. Although the median is similar to the average, this figure 
differs significantly according to the topic (see graph below). The subject addressed with the most 
depth is AIDS: 33% of videos recommended from starting videos discussing AIDS are on this 
topic. Conversely, the topic of sexual education in school is little discussed: less than 2% of 
recommended videos discuss this topic. 
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Depth of the handling of selected topics  

 
 

Read: from starting videos on the topic of corrida, 1,974 videos were recommended, 26.3% of which were indeed on corrida. 

 
The number of recommended videos on each topic could be partly linked to the total number of 
videos available on the topic on YouTube. Some subjects are easier to discuss in a video. Past 
events could also have encouraged the production of a significant amount of videos on a given 
topic and therefore constitute a large stock of content that can be mobilised when a user 
becomes interested in it again (this is the case for example for the topic of the Euro, for which the 
proportion of associated videos over 5 years old is high).  

Furthermore, the community’s dynamism as regards different topics also plays a vital role1. Some 
topics are discussed by communities that are more dynamic, that communicate more than 
others and that are more inclined to use the digital tools available to them on a wide scale in 
order to reach a wider audience. Some communities that are less represented in traditional 

                                                        
1 The community’s central role in the representation of opinions on YouTube was recently highlighted in an 
academic paper written by Penn State University. See : Kevin Munger & Joseph Phillips. Penn State Political 
Science. A supply and demand framework for YouTube politics. 01/10/2019.   
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media use Internet as a sound box. This explains why the topics carried by an active community 
are more represented in the recommended videos. This community dynamic may be expressed 
through the frequency at which videos are posted online, the amount of comments or the 
intensity of “like”/”dislike” reactions, etc. 

For a broader view of what the algorithm might offer on a topic, a fourth qualification was added. 
It takes into account the videos that discuss the topic, but which do not fall within the debate 
initially described. Furthermore, it opens the starting topic towards other connected topics (e.g.: 
blockchain for videos on cryptocurrencies). In this broader configuration, 27% of videos 
recommended discuss the starting topic with more or less detail (the median remains at the 
same level).  

Depth of the handling of broader topics 

 

 
Although the portion of recommended videos on the starting topic seems low, their number by 
topic is quite high (449 videos on average). This is due in particular to the fact that these statistics 
include recurrences (videos having been recommended to several participants). Among the most 
recommended videos on each topic (over 10 occurrences), close to 60% are on the starting topic 
in a broader sense. This figure rises to close to 93% on the topic of the Euro and drops to 11% on 
the topic of sexual education in school.  
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Unique videos and recurring videos on the selected topics 

The number of unique videos on the topic selected is 129 videos per topic, i.e. 29% of videos on 
the topics. It appears that as the recommendations and viewing sessions on a given topic 
progress, the algorithm reaches a threshold after which it stops recommending videos on this 
topic.  

Number of single videos and recurring videos for each topic 
(Alphabetical order) 

Topics Unique videos Recurring videos Total 
“The great replacement” 117 26.6% 323 440 

Bitcoin and cryptocurrencies 170 23.9% 540 710 

Corrida 275 39.2% 427 702 

Flirting in the street 181 33.8% 355 536 

Sexual and reproductive rights 57 27.5% 150 207 

Sexual education at school 28 31.1% 62 90 

Hair removal 156 34.8% 292 448 

Euro 75 19.9% 301 376 

Homosexuality 101 37.4% 169 270 

Artificial intelligence 178 30.7% 401 579 

Secularism 144 31.4% 315 459 

Machismo-Feminism 66 25.0% 198 264 

Missions to the moon 207 26.0% 590 797 

Michael Jackson’s death 148 26.1% 419 567 

Global warming 101 28.6% 252 353 

SNCF reform 135 25.2% 400 535 

Sects 69 32.7% 142 211 

AIDS 130 22.1% 459 589 

Telephones at school 44 10.3% 383 427 

Palestinian occupied territories 140 28.9% 345 485 

Vaccinations 112 23.5% 365 477 

Veganism 133 25.8% 382 515 

Extra-terrestrial life 190 46.7% 217 407 

 
 
This table is reprised in the two graphs below. The first shows that, on a given topic, the number 
of recurring videos increases with the total number of videos on the topic. The second graph 
shows that the number of unique videos on a given topic rises slower than the number of 
recurring videos. In other words, the more the number of videos on a given topic increases, the 
higher the portion of videos recommended several times, and the lower the portion of videos 
recommended only once.  
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On a given topic, the algorithm tends to offer different users the same limited corpus of videos 
which could fuel a redundancy phenomenon as users are therefore shown more of the same 
videos than a diverse range of videos. Thus, most of the participants to the experiment saw the 
same videos. This phenomenon, which could partly be likened to the echo chamber 
phenomenon, appears in the very first recommendations which are characterised by the fact that 
they remain on the starting topic. Here, the specificity of this phenomenon is that it is seen more 
on the scale of the group of participants than it is for each participant. 

Breakdown of topics according to number of recurring videos 

 

 

Breakdown of topics according to number of unique videos 
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The iteration from which the algorithm completely deviates from the starting topic was calculated 
to measure the amount of information made accessible to participants on said topic. The starting 
topic (broad sense) is abandoned rather quickly, on average just after the third recommendation. 
The topic of sexual education at school is the one in which the algorithm drifts away fastest (on 
average after 1.5 iterations); whereas the algorithm stays longest on the topic of missions to the 
moon (deviation from the fifth iteration on average). 

The recommendation tree below shows the paths taken by 10 participants, sampled for this 
example. The dots represent the 10 videos recommended by the auto play feature after 
launching the starting video “BITCOIN: Comment ça marche et où en acheter ? 💸💸”. The size of the 
dots varies based on the number of participants having watched the video. These dots are blue 
when the video is on the starting topic. For some participants, like the ones represented in purple 
or dark blue (the right-most line), the algorithm deviated on the second iteration. Conversely, the 
left-most participant only watched videos on the topic of cryptocurrencies1. 

                                                        
1 This participant did not indicate any interest in the topic of cryptocurrencies, whether for the question on 
preferred topics on YouTube or in previous searches on the platform. 
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Example no. 1 of recommendation tree 

 
Source: CSA. 

 
Overlaps with some of the topics on the initial list appeared on several occasions in the 
recommendations. For example, on the topic of missions to the moon,  
21% of videos were on the existence of extra-terrestrial life, a relatively close topic. Other 
matches are harder to explain. One hypothesis could be linked to participants’ consumption 
history during the collection of data: as starting videos are played, the algorithm remembers that 
videos on such or such topic were viewed and therefore subsequently recommends others. 

BITCOIN : Comment ça marche et où en acheter ? 💸💸  

●  Videos on the starting topic  

●  Videos not on the starting topic  
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Other recommended topics:  
(Topic most recommended among other identified topics) 

Topics % Other recurring topic % 
Sexual and reproductive rights 55.7% Homosexuality 24.2% 

Sexual education at school 55.6% AIDS 17.3% 

Missions to the moon 78.8% Extra-terrestrial life 20.6% 

Sects 85.1% Veganism 8.5% 

Vaccinations 91% AIDS 6.5% 

Read: starting from a video on the topic of sexual and reproductive rights, close to 56% of recommended videos 
discussing one of the 23 topics selected for this study were indeed on the starting topic of sexual and reproductive rights; 
of the remaining 44%, 24% were on the topic of homosexuality. 

 

Diversity of the opinions expressed in recommended videos 

First, it is important to note that qualifying the opinions set out in the recommended videos can 
involve a certain degree of subjectivity, which the team leading the project has attempted to 
reduce as much as possible with discussions and debates until a consensus was reached1.  

The results of the table below show that, for example, on the topic of secularism, 88% of 
recommended videos contribute towards the debate on this topic in a neutral way, explaining the 
ins and out of this constitutional principle. As regards the opinions expressed, the liberal 
definition of secularism is put forward in 11% of the recommended videos on this topic. Very few 
videos are in favour of the strict definition of secularism (under 1%). Furthermore, how opinions 
are represented in recommended videos can vary depending on the opinion in the starting video.  

                                                        
1 After initially examining the recommended videos, their type and their topic, the project team met to 
decide on a qualification for each category of video.  
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Diversity of the opinions in recommended videos on the starting topic 
(In number of videos and percentage by topic, topics in alphabetical order) 

 

Note: given the very low number of videos on the topic of sexual education in school, these results should be 
interpreted with care. 

 
As explained above, a topic’s community plays an essential role in the place occupied by said 
topic on the platform. Opinions in favour of some schools of thought are carried by dynamic and 
communicative communities. These communities (vegan, the great replacement theory, anti-
vaccination, etc.), which may have a lesser voice in traditional media, use YouTube as a medium 
of sharing and broadcasting their ideas to a wide audience. 

"Le grand remplacement"

Bitcoin et cryptomonnaie

Corrida

Drague dans la rue

Droits sexuels et reproductifs

Education sexuelle à l'école

Epilation

Euro

Homosexualité

Intelligence artificielle

Laïcité

Machisme-Féminisme

Missions sur la lune

Mort de Michael Jackson

Réchauffement climatique

Réforme de la SNCF

Sectes

SIDA

Téléphone à l'école

Territoires palestiniens occupés

Vaccins

Véganisme

Vie extraterrestre

Opinion A

Opinion B

Neutre

93,3% 

52,5% 

44,6% 

74,6% 

19% 

73,6% 

54,1% 

68,9% 

11% 

58,3% 

55,9% 

12,5% 

50,3% 

50,5% 

31,1% 

15,1% 

57,6% 

76,8% 

20,1% 

42,5% 

17,7% 

75% 

26,4% 

65,7% 

37% 

4,8% 

32,2% 

69% 

34,6% 

46,8% 

56,1% 

47,4% 

60,2% 

65,8% 

5,4% 

1,2% 

27,4% 

12,9% 

7,6% 

6% 

28,6% 

8,9% 

26,3% 

88,1% 

40,9% 

11,9% 

18,4% 

15,1% 

48,5% 

39,4% 

2,1% 

65,7% 

36,7% 

19,1% 

37% 

23,2% 

“The great replacement”

    
Bitcoin and cryptocurrencies 

Corrida 

Flirting in the street 

Sexual education at school 

Hair removal 

Homosexuality 

Artificial intelligence 

Secularism 

Machismo-Feminism 

Extra-terrestrial life 

Veganism 

Vaccinations 

Occupied Palestinian territories 

Telephones at school 

AIDS 

Sects 

SNCF reform 

Global warming 

Michael Jackson’s death 

Missions to the moon 

Euro 

Sexual and reproductive rights 

Neutral 
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Thus, some opinions are overrepresented in the recommended videos. It is therefore likely that, 
when starting from any opinion on a given topic, the algorithm will take the user to videos on 
opinions that are more widely presented on the platform. In practice, over one third of the 
recommended videos remain on the opinion expressed in the starting video and 20% of 
recommended videos offer a diverging point of view. When starting with a neutral video, the 
proportion of videos that are also neutral and that of videos expressing one of the two possible 
opinions are identical. Recommended videos that are close to the topic, but do not address it 
explicitly (called “close”), represent over 30% of recommended videos. The high proportion of this 
videos is a result of keyworks which link videos together depending on their type or topic; these 
keywords can be precise or more general. 

Opinions in recommended videos compared with the opinion in the starting video 

 

 

 

Furthermore, 60% of all videos expressing an opinion (Opinions A and B, all starting topics 
combined) are recommended in the iterations following a starting video on the same opinion. 
Thus, the initial opinion is still generally presented in the majority of the recommended videos, to 
the detriment of diversity of opinions. This situation could result in an echo chamber 
phenomenon. 

34.5% 

20% 
15.2% 

30.30% 

Starting with a video expressing an opinion 

Vidéo avec une opinion identique à
l'opinion de départ

Vidéo avec une opinion divergente
de l'opinion de départ

Vidéos neutres regroupant les deux
opinions

Vidéos proches du thème

Video with an identical opinion 
to the starting video 

Video with a different opinion 
to the starting video 

Neutral videos containing 
both opinions 

Videos close to the topic 

35.9% 

36.3% 

27.9% 

Starting with a neutral video 

Vidéos neutres regroupant les
deux opinions

Vidéos présentant une des
deux opinions

Vidéos proches du thème

Neutral videos containing both 
opinions 

Videos presenting one the 
two opinions 

Videos close to the topic 
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Moreover, the breakdown of opinions differs according to topic based on the number of videos 
available for each opinion. Thus, on the topic of veganism for which one of the two opinions is 
overrepresented, the algorithm systematically suggests a higher number of videos promoting 
veganism (opinion A). It should also be noted that, for this topic, neutral videos are offered much 
more than the average when starting with videos against veganism (18%).  

Another example, that of AIDS, demonstrates a certain parity between the number of videos 
reporting the artificial origin of the virus (opinion B) and the number of videos presenting the 
natural origin of the virus (opinion A). As for all topics, 53% of these videos were recommended 
after a starting video expressing the same opinion. This phenomenon could be due to tags which 
can express the opinion put forward in the video and therefore link videos presenting the same 
point of view as a priority. 

Opinions in recommended videos 
based on the opinion in the starting video 

Example of veganism 

 

81  
49% 

7 
4% 

19; 
11% 

59  
36% 

Starting with opinion A 

62  
35% 

8 
4% 54 

31% 

52  
30% 

Starting with opinion B 

70  
40% 

5 
3% 

64 
37% 

34  
20% 

Starting with a neutral video 

∎ Opinion A            ∎ Opinion B            ∎ Neutral             ∎ Close 
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Example of AIDS 

 
Note: there are no “neutral” starting videos for the AIDS topic. 

 
Lastly, 44% of recommendations convey the same opinion as the video directly preceding them 
(starting video or not). In detail, this figure is 52% for videos conveying an opinion and 26% for 
neutral videos. For videos expressing an opinion, participants had one chance in two of staying 
with the same opinion.  

However, the low proportion of neutral videos following each other (compared with that of 
videos conveying an opinion) could suggest that these videos, taken individually, are squeezed in 
between videos expressing other opinions, in order to balance discussions. Furthermore, the 
algorithm’s recommendations only rarely discuss the starting topic (deviation after the third 
iteration on average).  

The next part of the study aims to provide information on consumption paths from the moment 
when recommendations deviate from the starting topic. 

 

Influence of personal profiles on recommended videos 

Individualisation 

As stated above, 16,701 unique videos were counted over a total of 39,007 videos viewed. The 
high number of repetitions indicates that participants were recommended the same videos, 
regardless of their profile. On average, each video is recommended to 2 or 3 participants (2.3 on 
average). However, some videos were recommended several times, up to 57 times, which means 
that participants saw the same video several times given that the experiment has less than 57 
participants.  

Throughout the iterations, the number of unique videos steadily increases; conversely, the 
number of recurring videos drops. On average, just after the starting video (first iteration), close 
to 7 participants watched the same video. Whereas, at the end of the path (iteration no. 10), 

∎ Opinion A            ∎ Opinion B            ∎ Neutral             ∎ Close 

106  
37% 

152 
53% 

5 
2% 

25 
8% 

Starting with opinion B 

159  
53% 97 

32% 

6 
2% 

39 
13% 

Starting with opinion A 



 Recommendation algorithms’ ability to inform, 
an experiment on YouTube 

 

52 
 

between 1 and 2 participants were offered the same video. This information shows a certain 
individualisation of recommendations: each participant watches a different video to those 
recommended to other participants. The indications provided by YouTube specify that, as the 
algorithm is built to recommend videos to each user individually, recommendations become 
individualised statistically. An asymptote appears around the value 1.6 when the number of 
unique videos appears to increase, suggesting that recommendations will never be entirely 
individual.  

Recurring videos, unique videos and number of participants  
per video at each iteration 

 
Base: all recommended videos (39,007). 
Note: a recurring video is counted once as a unique video and (n-1) times as a recurring video  
For example, a video recommended 10 times will be counted as one unique video and 9 times as a recurring video. 

 
Individualisation is particularly clear in the example below. The tree represents the consumption 
path taken by 10 participants selected at random starting with the starting video “« 2 degrés avant 
la fin du monde » - #DATAGUEULE” on the topic of global warming. The black dots represent 
recommended videos; their size varies based on the number of participants having watched 
them. There are as many videos at the tree’s root as there are participants selected for this 
example. Conversely, at the first iteration, only 3 videos were recommended to 10 participants.  
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Recommendation tree example no. 2 

Source: CSA. 

 

« 2 degrés avant la fin du monde » - #DATAGUEULE 
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Individualisation does not take account of the relation between the participant’s profile and the 
videos recommended to his/her, unlike personalisation1. 

Personalisation of recommendations based on users’ profiles 

To analyse the relation between the algorithm’s recommendations and users’ profiles built based 
on their interests on YouTube, a sample of six participants was chosen (representing 16% of 
participants) including one fictional profile (practical life, fashion and make up), two profiles with 
one or two very specific topics (e.g.: “France Inter comedy columns”) and three profiles with several 
different, diverse and more general topics (e.g.: “video games, “science” and “piano”).  

Next, an in-depth search using keywords was carried out based on the main topics2 ticked by the 
participants (seventh question in the questionnaire on their consumption habits and preferences 
on YouTube), as well as their interests on the platform (question no. 8). The topic “Information” 
ticked by 4 of the 6 participants is understood in a broad sense to include news and information 
media, as well as all knowledge-providing content (documentaries, reports, investigations, etc.)3. 

On average, only 11% of the videos recommended to participants matched their declared 
consumption habits and preferences on YouTube. As for all videos, traditional publishers (press, 
television, radio) are overrepresented. This also explains the large proportion of videos for the 
“Information” topic. The lowest match rate is the one of the fictional profile (which, after 
verification, also goes for the other fictional profiles).  

Number of recommended videos close to participant’s profiles 

Participant 1 (diverse)  / total videos recommended: 12% 

Topics of 
interest to the 

participant 
Information Music Comedy France TV IT how-to lessons 

Videos 
recommended 

on the topic 
72 0 24 22 0 

  

 
 
 
 
 
 
 

 

Participant 2 (diverse)  / total videos recommended: 15% 

                                                        
1 Individualisation is a necessary prerequisite for personalisation. 
2 Information, politics, music, comedy and sport. 
3 In Pew Research Center’s study referred to above, 1 respondent in 5 stated that they used YouTube to 
better understand what was going on in the world. Source: Pew Research Center. Many Turn to YouTube for 
Children’s Content, News, How-To Lessons. 07/11/2018. 
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Topics of 
interest to the 

participant 
Information Music Comedy Video games Science Piano 

Videos 
recommended 

on the topic 
113 0 17 0 15 1 

    

Participant 3 
(specialised)  / total videos recommended: 17.8% 

Topics of 
interest to the 

participant 
Politics Music Comedy 

France Inter 
comedy 

Clips  
US RnB 

pop 

Clips 
French rap 

Videos 
recommended 

on the topic 
59 1 57 54 3 0 

       

Participant 4 (fictional)  / total videos recommended: 2.9% 

Topics of 
interest to the 

participant 
Practical life Fashion Makeup 

Videos 
recommended 

on the topic 
17 8 4 

 

Participant 5 (diverse)  / total videos recommended: 24.6% 

Topics of 
interest to the 

participant 
Information Music Comedy Interviews Documentaries 

Multi-
criteria 

Videos 
recommended 

on the topic 
113 0 35 22 24 43 

    
Participant 6 
(specialised)  / total videos recommended: 16.4% 

Topics of 
interest to the 

participant 
Information Politics Music Blockchain Economy 

Videos 
recommended 

on the topic 
125 19 3 14 0 

 
 
29 participants declared that they listened to music and watched video clips on YouTube. A third 
of participants stated that this type of content was the main type they watched on the platform. 
Yet, of them, only 7 were suggested this type of content by the algorithm, for a total number of 
17 music videos. In total, only 19 video clips or concerts were listed in all videos for all 
participants. It is possible that music videos are only suggested by the algorithm when the 
starting video is also a music video. The algorithm would therefore detect that the user came to 
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the platform solely to listen to music or watch video clips and would therefore continue by 
highlighting this type of content1. 

On the selected topics 

In the questionnaire on consumption habits and preferences, participants were asked about 
their past searches on YouTube on the topics selected for the study, with a view to understanding 
whether they would be recommended more videos on these topics. In total, the depth of the 
offer associated with these topics was slightly higher when the individuals had already performed 
searches on these same topics (28% compared with 26% for all participants).  

However, this slight difference in rate can conceal very different realities depending on the topic, 
which prevents us from drawing any conclusions from these results. We cannot exclude that, 
although the participants had performed searches on the topics, their past nature or their low 
recurrence may have made the criteria of past consumption obsolete, in such a way that 
YouTube does not recognise them as having a particular interest in these topics. 

Paradoxically, one of the participants that had indicated that they regularly watched 
documentary videos on astronomy was offered less videos on missions to the moon than the 
average (35% against 49%).  

The relatively limited personalisation of recommendations can be explained in two ways. First, it 
is possible that the videos recommended by the auto play feature and those recommended in 
the banner on the right of the YouTube page are chosen by two different algorithms. Unlike the 
videos from the auto play feature, some videos contain the indication “recommended for you”: it 
is likely that the algorithm personalises these videos and the videos recommended by the auto 
play feature.  

                                                        
1 This hypothesis could not be confirmed as none of the starting videos were music videos. 
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Video “recommended for you” by YouTube 

 

Source: YouTube with CSA additions 

 
Secondly, it is possible that, due to the systematic viewing of videos recommended by the auto 
play feature, the algorithm did not recognise any past consumption scheme, whether by the 
users themselves or by other users, and therefore does not have enough information to 
personalise recommendations. 

 

Reverse engineering 

The analysis carried out by the Conseil reveals a few of the YouTube recommendation algorithm’s 
main operating principles. This algorithm seems to follow a two-part logic. 

①  On the starting topic 

First, the recommendation algorithm suggests content on the selected topic. To do so, it bases 
itself on the videos watched by the other users having watched the same starting video. The 
videos recommended to participants are therefore probably those which, after the starting video, 
have been most clicked on by these users or for which the algorithm notes a significant play time. 
The algorithm cross references this information with the keywords describing the videos, using 
their titles and their tags. Thus, it is able to recommend the most relevant videos in relation to 
the original topic. 

On a given topic, the algorithm recommends videos without taking account of the opinions 
expressed in them, which are not always in the title or the tags and which are also not 
identifiable just by looking at those. The overrepresentation of some schools of thought in the 
recommended videos is therefore a result of the dynamism of the communities supporting these 
opinions and their ability to make use of digital communication tools. Thus, this selection 
mechanism creates a bias in the diversity of opinions represented. 
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The availability of videos and the overrepresentation of some opinions can result in a potential 
echo chamber risk. By nature, recommendation algorithms are built to successively suggest 
similar content that the user is likely to appreciate. Therefore, based on the breakdown of 
opinions in the total number of videos on a topic, the user can be faced with a recurrence of 
ideas and approaches. This is all the more the case in videos on topics supported by active 
communities. 

The first recommendations on the starting topic are chosen by the algorithm almost 
independently of users’ profiles and of the video’s characteristics (channel, views, dates, 
reactions, etc.). However, after the third video recommended on the starting topic, the auto play 
feature drifts away from said topic and starts to rely on these different criteria to suggest 
recommendations. The earlier this second stage occurs in iterations, the less the algorithm allows 
for pluralist information on a given topic. 

②  On users’ profiles 

During the second part of its logic, the algorithm deviates from the original topic and 
individualises recommendations in order to suggest videos which are meant to please users and 
maximise the time they spend on the platform. To do so, the algorithm recommends videos that 
are increasingly popular (number of views) and increasingly recent. This phenomenon was 
identified from observations made before and after the third iteration, which serves as a “pivot”: 
it is at this moment that the algorithm deviates from the original topic and individualises 
recommendations. 

As regards the increasing number of views as the iterations continue, 48% of videos with under 
1,000 views were recommended during the first three iterations, whereas this rate falls to only 
21% for videos with over one million views. An analysis of the number of views of 
recommendations after the third iteration compared with the average of the first three iterations 
confirm these observations: over 80% of videos with over one million views were recommended 
after the third iteration, i.e. a 70% increase in comparison with the average of the first three 
iterations. This increase rockets to close to 109% (over double) for videos with over five million 
views. 
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Evolution percentages for the number of views of videos before  
and after the third iteration 

 
Base: all recommended videos (39,007). 
Read: compared with all iterations (1 to 10), there is an extra 58% of videos with less than 1000 views during the first 3 iterations. 
Conversely, the number of videos with over 5 million views had more than doubled (percentage above 100%) between iterations 
1 and 3 and iterations 4 to 10. 

 
A similar observation can be made for the date on which recommended videos were published 
but is less pronounced than for the number of views: 75% of videos under two months old were 
recommended after the third iteration when there are 66% over five years old. More particularly, 
after the third iteration, there are 32% more videos under two months old than during the first 
three iterations. 
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Evolution percentages for the publication dates  
of recommended videos 

 

 
Base: all recommended videos (39,007). 
Read: compared with all iterations (1 to 10), there are 18% less videos under two months old during the first 3 iterations. 
Conversely, the number of videos under two months old increased by close to 32% between iterations 1 to 3 and iterations 
4 to 10. 

 
Furthermore, a cross view of the publication date and number of “likes” on videos shows that 
these two variables tend to increase together. Thus, like the publication date, it is likely that the 
number of “likes”1 is also one of the many criteria taken into account by the algorithm to make its 
recommendations.  

                                                        
1 The number of “dislikes” could have a similar opposite effect. However, the number of “dislikes” is 
generally lower than the number of “likes”, with the latter being much more usual, particularly on social 
networks, and therefore more easily used. 

-18,3% 

13,7% 

31,9% 

-17,2% 

[0
;2

 m
oi

s]

[2
;6

 m
oi

s]

[6
 m

oi
s;

1 
an

]

[1
;2

 a
ns

]

[2
;5

 a
ns

]

[>
5 

an
s]

[0
;2

 m
oi

s]

[2
;6

 m
oi

s]

[6
 m

oi
s;

1 
an

]

[1
;2

 a
ns

]

[2
;5

 a
ns

]

[>
5 

an
s]

    
     

Iterations 4 to 10 
% compared to the average if 
iterations 1 to 3 



 Recommendation algorithms’ ability to inform, 
an experiment on YouTube 

 

61 
 

Breakdown of videos according to date of publication  
and number of “likes” 

 

 

Base: all recommended videos (39,007). 

 
Lastly, a similar study established that the duration of videos increases as the user browses 
YouTube1. The underlying aim would be to keep users on the platform: statistically speaking, a 
longer video will be watched for longer. However, the sample used for the Conseil’s study2 does 
not clearly confirm this phenomenon. The results show a very slight yet constant decrease in the 
average duration of videos recommended as the iterations progress (close to 19 minutes at the 
first iteration compared with a little over 16 minutes at the tenth). Similarly, the proportion of 
videos over 30 minutes long drops by 18% between the first and last iteration. 

The videos become more individualised, yet without completely squaring with users’ preferences 
and patterns. Whether for the topics most viewed by participants on YouTube or for the searches 
already performed by participants on the starting topics, the algorithm does not seem to venture 
beyond individualisation and does not personalise its recommendations. This conclusion shows 
the importance of users’ behaviour and consumption paths on the platform. It would be 
interesting to compare these results obtained on the auto play feature with the degree of 
personalisation of the videos labelled “recommended for you”. 

                                                        
1 Pew Research Center. Many Turn to YouTube for Children’s Content, News, How-To Lessons. 07/11/2018. 
2 It should be noted that for 6.2% of the video sample, video duration could not be collected; this is not of a 
nature to affect the lessons drawn from the results. 
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To suggest content that is supposedly relevant to users, in addition to the criteria of popularity 
and recency, the algorithm relies on the key words present in channel titles, video titles and tags 
in order to link videos together using a common denominator. This study has demonstrated that 
the channel’s power, that is the likelihood that a user who has just watched a video on a given 
channel then voluntary clicks on a video from the same channel, is an important 
recommendation factor. Beyond this, once all of the videos available on the starting topic have 
been watched, the algorithm deviated from said topic by linking it to a more general channel or 
topic. 
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Conclusion 

 

This piece of work aims to fuel the public discussion on the responsibility of content-sharing 
platforms in our democratic societies. They shed light on the effects of the recommendation 
algorithm used by YouTube for its auto play feature on access to information, within the limits of 
this exercise: the a posteriori examination of recommendations made by the platform does not 
allow us to determine the weight and effects of each of the criteria taken separately.  

Although these observations are not conclusions which can necessarily be generalised to all 
algorithms, they do confirm the pivotal role played by platforms in access to information when 
they use sequencing and recommendation features. In particular, by highlighting phenomena 
which in some ways can be likened to echo chambers, cemented by the individualisation of 
recommendations, we could question the algorithm’s ability to offer users content presenting 
different points of view.  

In keeping with ongoing initiatives based, for the most part, on co-regulation tools, this study 
underlines the need to improve media education and strengthen relations between public 
authorities and platforms in order to increase algorithm transparency and ensure that users 
have clear information on the recommendations made to them. 
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Annexes 
 

List of selected starting videos 

The list of selected starting videos reflects the aim of diverse points of view, with, where available, 
as many videos supporting opinion A as videos supporting opinion B (see nomenclature of points 
of view in Part 2, point 3 of the study). Neutral videos, which contribute towards the debate by 
presenting the arguments put forward by all parties, were added when possible.  

Some video titles can be misleading, the videos were all watched in order to determine the point 
of view that they present. Some videos may no longer be available on the platform.  

The topics marked “W” are more discussed on the Internet, “M” refers to a topic mainly discussed 
by traditional media, “m” refers to more limited media coverage (particularly depending on 
current events) and online presence. 

 

“The great replacement” M 

« Le Grand remplacement stupéfie le monde entier! » - Renaud Camus Opinion A 

Le Grand remplacement des blancs Européens est voulu et facilité Opinion A 

« Grand remplacement » : complot, fantasme ou réalité ? Neutral 

Les détricoteuses : Le grand méchant remplacement Opinion B 

Théorie du grand remplacement - Désintox - ARTE Opinion B 

  

Bitcoin and cryptocurrencies m 

BITCOIN : Comment ça marche et où en acheter ? 💸💸 Opinion A 

Questions Réponses Bitcoin Ethereum & Blockchain Opinion A 

La bitcoin mania : révolution ou bulle prête à éclater ? Neutral 

10 Choses qui prouvent que le bitcoin est voué à l’échec | Lama Faché Opinion B 

L'arnaque des cryptomonnaies et scandales à venir | Bitcoin - Ethereum Opinion B 

  

Israeli-Palestinian conflict M 

Tel-Aviv-sur-Seine : entretien avec un citoyen pro-israélien Opinion A 

Israël–Palestine : comprendre le conflit par les cartes Neutral 

Palestine: un député français ose dire la vérité sur Israël Opinion B 

Gaza : les pressions sur Israël continuent Opinion B 
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Corrida m 

250 réponses sur la Tauromachie (Arles) Opinion A 

Découvre la tauromachie en t'amusant ! Opinion A 

La corrida mise à mort ? Avec Jean-Pierre Garrigues (CRAC Europe) Neutral 

Journée de mobilisation contre la corrida Opinion B 

Reportage sur le combat contre la corrida dans l'écho des lois Opinion B 

  

Flirting in the street m 

Comment aborder une fille dans la rue (caméras cachées) Opinion A 

Ma réaction quand une fille n'est pas intéressée et vous dit NON Opinion A 

#53: La Limite entre « Séduire » et « Harceler » (Exp. Sociale) Neutral 

Harcèlement de rue | expérience sociale (IbraTV) Opinion B 

Harcèlement de rue - Cam Clash Opinion B 

  

Sexual and reproductive rights m 

Sexual and reproductive rights Opinion A 

Droits sexuels et reproductifs – animation Opinion A 

La déclaration internationale des droits sexuels (Marion Sigaut) Opinion B 

  

Sexual education at school m 

Éducation à la vie sexuelle et affective en école primaire Opinion A 

Être jeune : l’éducation complète à la sexualité Opinion A 

Geoffroy Lejeune : « Il est urgent de supprimer l'éducation sexuelle à l'école » (LCI,20/11/17,17h49) Opinion B 

M. BERGER - Les dangers de l'éducation à la sexualité pour les enfants et les adolescents Opinion B 

  

Hair removal W 

Poils, Hygiène et Épilation !!! Opinion A 

Je n'ai plus de poils... 😨😨 Mon Secret ! Opinion A 

Micro trottoir : Êtes-vous pour ou contre l'épilation des poils ? Neutral 

Pourquoi j'ai arrêté de m'épiler Opinion B 

Voici pourquoi il ne faut plus s’épiler ! Opinion B 

  

Euro M 

Avec l'euro tout a augmenté sauf mon pouvoir d'achat ! Vraiment ? #DecodeursUE Opinion A 

France 24 JT de l'éco - L'Euro un accélérateur de la hausse des prix Opinion A 

La catastrophe de l'Euro - Avec Jean-Jacques Rosa (21 novembre 2014) - 1ère partie Opinion B 
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Homosexuality m 

L'homosexualité n'est pas contre-nature mais l'homophobie oui Opinion A 

Pourquoi les rapports homosexuels ne sont pas « contre-nature » Opinion A 

Comment vaincre l'homosexualité ? - David Storm Opinion B 

De la réalité cruelle de la pratique de l'homosexualité ! Opinion B 

  

Artificial intelligence m 

La réalité de l'intelligence artificielle, c'est ça Opinion A 

Laurent Alexandre : Intelligence artificielle [EN DIRECT] Opinion A 

Intelligence artificielle : CESPEDES VS Dr ALEXANDRE Neutral 

[Documentaire] Lintelligence artificielle: Le règne des robots Opinion B 

 

Secularism M 

#generationlaicité - Le port de signes distinctifs à l'école Opinion A 

Quand elle impose de manger du porc, la laïcité, c'est la boucherie Opinion A 

La laïcité un concept à géométrie variable ? Neutral 

« Radicalisation de la laïcité »: « On ne gagne jamais à stigmatiser quiconque », estime Griveaux Opinion B 

Marine Le Pen demande un sacrifice aux Juifs de France (interdiction du port de la kippa) Opinion B 

 

Machismo-Feminism M 

#TesFéministeMais... tu suces ? (Marion Seclin) Opinion A 

[France] Sexisme au travail : on s'laisse pas faire ! Opinion A 

« Les femmes aiment les machos mais elles ne se l'admettent pas » - GIUSEPPE LFM SHOW Opinion B 

C'est mon choix : Je suis macho, et alors Opinion B 

 

Missions to the moon W 

Top 5 des preuves irréfutables qu’on n’a jamais marché sur la Lune Opinion A 

Le dernier homme sur la lune - APOLLO 17 Opinion A 

★ Missions lunaires : Une Chose étrange s'est passée avec Apollo 17... Opinion B 

Conquête de la lune : Supercherie dévoilée par les principaux acteurs de l'époque Opinion B 

 
 

Michael Jackson’s death W 

20h France 2 du 26 juin 2009 - Mort de Michael Jackson - Archive vidéo INA Opinion A 

Michael Jackson - L'histoire d'une tragédie Opinion A 

Michael Jackson n'est pas mort ! Opinion B 

7 Choses étranges sur la mort de Michael Jackson Opinion B 
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Global warming M 

« 2 degrés avant la fin du monde » - #DATAGUEULE Opinion A 

J'ai vu les preuves du réchauffement climatique Opinion A 

Réchauffement Climatique - On vous ment Opinion B 

Réchauffement Climatique c'est faux la Banquise découpée au Laser Opinion B 

 

SNCF reform M 

« La SNCF est une anomalie en Europe » - La réforme de la SNCF vue par les médias étrangers Opinion A 

VIDEOS. Grève SNCF : soutien, colère, résignation... qu'en pensent les usagers ? Opinion A 

Le TFUE ou la privatisation de la SNCF Neutral 

Ce que les médias ne disent pas sur la SNCF Opinion B 

Le scandale de la privatisation de la SNCF - Vincent Lapierre Opinion B 

 

Sects m 

C'est Mon Choix : Je suis devenu adepte d'une secte Opinion A 

C'est quoi une secte ? - le Professeur Gamberge Neutral 

Vivre dans une secte et s'en sortir, Amoreena Winkler témoigne - Mille et une vies Opinion B 

Les sectes et leurs dangers Opinion B 

 

AIDS m 

La vérité sur Le SIDA ! Opinion A 

Grandes tueuses : Sida Opinion A 

Le SIDA, un complot médical de masse Opinion B 

LE SIDA - Le plus gros mensonge du 21eme siecle-.wmv Opinion B 

 

Telephones at school m 

« Interdire le téléphone portable dans les écoles ? Une mauvaise idée » Opinion A 

JMI L'émission 16 - Pour ou contre le droit au téléphone au collège ? Neutral  

Que pensent les enfants du téléphone portable ? - La Maison des Maternelles Neutral 

Les téléphones portables bientôt interdits à l'école !! Opinion B 

Parents : Pour ou contre le téléphone portable à l'école ?? Opinion B 

 

Vaccinations m 

La vérité sur les vaccins - Dossier #11 - L'Esprit Sorcier Opinion A 

9 Bullshits sur les vaccins [MYTHOBUSTER] Opinion A 

L'arnaque de la vaccination Opinion B 

Vaccins: mort, autisme ou abrutissement assuré?... Opinion B 
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Veganism m 

Les Carnistes ont-ils un Cerveau ? Pas sûr ... Opinion A 

Pourquoi devenir végétarien ? - L214 Opinion A 

Faut-il arrêter de manger de la viande ? Débat Neutral 

Le végétarisme est-il vraiment plus éthique que le carnisme ?, Frédéric Bisson Opinion B 

Manger de la viande n'est pas un crime, et s'en abstenir n'est pas une vertu Opinion B 

 

Extra-terrestrial life W 

Documentaire // L'Armée américaine cache l'existence d'une vie extraterrestre // 2018 Opinion A 

6 témoignages d'astronautes sur les extraterrestres Opinion A 

C'est pas sorcier - Vie extraterrestre Opinion B 

7 minutes pour comprendre : La vie extraterrestre (Partie 1) Opinion B 
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Questionnaire on consumption habits and preferences 
on YouTube 

PROFILE SHEET 
 
 

Volunteers must have a Google account (Gmail, YouTube, etc.). 

Participant’s identification: _________________________________________________________________________________ 

1. How often do you watch television? 
 Daily (between 25 and 31 times a month) 
 Several times a week (between 15 and 25 times a month) 
 Occasionally (between 5 and 15 times a month) 
 Rarely (less than 5 times a month) 

2. Do you use YouTube? 
 Yes (please answer the following questions) 
 No (answer only questions 8, 9 and 10) 

3. On YouTube, have you changed your recommendation settings in any way? 
 Yes 
 No  

4. You use YouTube on your (multiple possible answers): 
 Professional computer (desktop or laptop) 
 Personal computer (desktop or laptop)  
 Smartphone 
 Tablet 
 Others (specify): _____________________________________________________________________ 

5. How often do you use YouTube? 
 Daily (between 25 and 31 times a month) 
 Several times a week (between 15 and 25 times a month) 
 Occasionally (between 5 and 15 times a month) 
 Rarely (less than 5 times a month) 

6. What time of the day do you most use YouTube (multiple possible answers)? 
 Between 8am and 10am 
 Between 10am and 1pm 
 Between 1pm and 5pm 
 Between 5pm and 8pm 
 Between 8pm and 11pm 
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7. On YouTube, you tend to watch the following types of videos (multiple possible answers): 
 Informative 
 Political 
 Musical 
 Comedic 
 Sports related 
 Others, specify: _____________________________________________________________________ 

8. On YouTube, what are the three video topics (topic such as football, channel such as Golden 
Moustache, subject such as net neutrality, public figure such as Beyonce, etc.) that you watch most: 

①  ___________________________________________________________________________________ 
② ___________________________________________________________________________________ 
③ ___________________________________________________________________________________ 
 

9. In the following list, what topic(s) are you particularly interest in (none or multiple possible 
answers)? 

 Space exploration 
 Sustainable development 
 International diplomacy 
 Europe 
 Secularism 

 Protection of minorities 
 Equality of the sexes 
 Sexual education 
 Health 

 Animal protection 

 Alternative diets 
 Artificial intelligence 
 Blockchain 

10. In the following list, what topic(s) have you already searched on Google or YouTube (none or 
multiple possible answers)? 

 Space exploration 
 Sustainable 

development 
 International diplomacy 
 Europe 

 Secularism 
 Protection of minorities 
 Equality of the sexes 
 Sexual education 
 Health 

 Animal protection 

 Alternative diets 
 Artificial intelligence 
 Blockchain 

 
11. On YouTube, you tend to watch videos published by (multiple possible answers): 

 An “Amateur” (video created with little resources) 
 A “Professional amateur” (e.g. Enjoy Phoenix) 
 An “Internet professional” (e.g. Brut) 
 A “Television professional” (e.g. The Voice, L’Effet Papillon, etc.) 

12. If you ticked the box “television professional”, how often do you watch this type of content on 
YouTube? 

 Systematically 
 Most of the time 
 Occasionally 

13. On YouTube, do you let the auto play feature launch the next video? 
 Systematically 
 Most of the time 
 Occasionally 
 Never 
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14. On YouTube, do you watch the videos selected as recommendations? 
 Systematically 
 Most of the time 
 Occasionally 
 Never 

15. On YouTube, do you feel that the algorithm recommends content that seems “similar” to you?  
 Yes, and I like it 
 Yes, and it bothers me 
 Yes, and I’m indifferent to it 
 No 
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