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ABSTRACT 
 
In today’s informationally rich world, YouTube recommendation algorithms act as an 

efficient tool to help users navigate through the vast array of content available on the 

platform. These sophisticated socio-technological systems enact great social, cultural 

and political power over young people and their sense-making around paramount 

topics. Nevertheless, their characteristics and functioning are kept undisclosed to the 

general public. This thesis closely examines the young audience’s understanding and 

attitude towards algorithmic content curation on YouTube. As a result of research, 

several influence factors users deem to be affecting video recommendations were 

identified, and trends related to them were analysed. Another significant aspect 

studied was users’ opinions on algorithmic transparency and the business rationale 

behind algorithmic content curation. Ultimately, this research confirmed that users 

already possess a good level of awareness of YouTube recommendation algorithms and 

their data inputs. However, their understanding of the algorithm’s inner workings was 

limited and vague, primarily based on their observations and intuition. The second part 

of the research was dedicated to users’ attitude towards YouTube recommendation 

algorithms’ operation. While participants have demonstrated their awareness of 

concerns related to algorithmic content curation on YouTube and the business rationale 

behind it, they have expressed a high level of trust towards the platform and its 

data-sharing practices, as well as satisfaction with the quality and diversity of content 

recommended. 
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INTRODUCTION 
 
 
We live in an era of informational abundance when online platforms allow users to 

communicate, share and exchange opinions freely. In this informationally rich 

environment, algorithmic recommendation systems are meant to facilitate content 

discovery and information retrieval (Davidson et al., 2010). 

 
Today, algorithms act as a powerful decision-making tool that can strongly 

influence our day-to-day experience with information systems (Willson, 2020). 

 
Nevertheless, despite the sizable impact on user experience online, algorithms’ 

nature and functioning are often inaccessible to the public and kept secret from 

any inspection (Pasquale, 2015). That is why recommendation algorithms are often 

referred to as ‘black boxes’, increasing the demand for transparency and 

accountability in algorithmic decision-making to ensure user empowerment (Koene 

et al., 2019). 

 
Social media platforms have grown from a network for virtual communication to a 

facilitator of news consumption. Seeking economic benefit, online platforms can 

affect our cultural presumptions on many topics and manage our interactions with 

others (Gillespie, 2014). Moreover, users are constantly contributing to algorithmic 

mechanisms’ functioning by providing them with the data inputs (likes, dislikes 

comments, shares, etc.) that will then be used to propose an even more 

personalized content (Rader & Gray, 2015). 

 
Today, the shift of paradigm from users’ consumption of information towards a 

prosumption implies that social media platforms are not only acting as a referral 

source but are also publishing unique user-generated content (Welbourne & Grant, 

2016). 

 
Being the second-largest online platform, YouTube has become extremely popular 

over the last decade, especially among the younger audience (Anderson & Jiang, 

2018). The success of YouTube increased dramatically after its acquisition by 

Google in 2006, which brought along its strengths in recommendation and search 
 
algorithms. Arguably, YouTube algorithms not only anticipate the already existing 
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preferences of users and but also introduce discovery kind of content based on 

these preferences (Zhou et al., 2010). This is what allows the platform to keep 

users in its ecosystem for an extensive period. 

 
Already back in 2017, the reach of YouTube was so vast that if “YouTube’s user 

base was a country, it would be the third-largest in the world” (Wagner, 2019, 

para. 3). Around 70% of videos watched on YouTube are recommended content 

(Solsman, 2018). This illustrates why learning how YouTube’s algorithms work, 

whether there is any place for bias in their functioning and what are users’ 

attitudes towards these systems is so crucial. 

 
YouTube’s recommendation algorithms are believed to be running on a hybrid 

filtering principle that analyses content and user data to provide recommendations 

(Davidson et al., 2010). By looking at YouTube’s Application Programming Interface 

(API), we can find several metrics that are used to generation recommendations: 

number of views, comments, likes, dislikes, time watched, earnings from ads, 

playbacks (Google Developers, 2019). However, with the constantly updating and 

changing nature of algorithms, it is hard to tell how these mechanisms are working 

at a specific point in time. 

 
While the algorithmic content selection’s purpose is to provide relevant, 

personalized information to users, critics are concerned that it might encapsulate 

viewers in filter bubbles where they will only be exposed to content that 

corresponds to their current views and beliefs (Bozdag, 2013). 

 
Another concern revolves around the lack of transparency recommendation 

algorithms provide. While the most recent publication of Covington et al. (2016) 

suggests that the platform’s recommendation algorithms are based on two neural 

networks (Covington et al., 2016), there is no blueprint for calculating the 

outcomes of recommendation algorithms’ operations or investigating whether the 

approach mentioned above is still implemented. The lack of a complete information 

about algorithmic functioning raises a question about users’ awareness and 

empowerment online. 
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Given the public relevance of YouTube’s recommendation algorithms, highlighted 

by Gillespie (2014), it is essential to study how users, especially those who grew 

up with social media platforms and recommendation algorithms, understand these 

mechanisms and what their attitude towards them is (Gillespie, 2014). 

 
Thus, this research aims to evaluate users’ level of comprehension of YouTube’s 

algorithms. We will study young audience’s sense-making of these mechanisms 

and find out how they usually learn about their existence. We will also observe how 

they feel about YouTube algorithmic curation of the content – whether they feel 

empowered and in control or not and how they evaluate the extent of algorithmic 

transparency on the platform. 

 
Consequently, the research questions are as follows: 
 
 
RQ1: How do users understand the inner workings of YouTube recommendation 

algorithms? 

 
SQ1: How do users of the platform learn about YouTube recommendation 

algorithms? 
 

SQ2: In users’ opinion, what data inputs do YouTube algorithms use to 

provide recommendations? 

 
RQ2: What is users’ attitude towards algorithmic curation of content on YouTube? 
 
 

SQ1: Do users feel empowered and in control while using YouTube? 
 

SQ2: How do users feel about algorithmic transparency on YouTube? 
 
 
Before moving further with the research, several concepts need to be defined. A 

general notion of what algorithmic recommendations are will be explained in the 

theoretical framework, and different types of algorithms will be presented. We will 

further elaborate on social media algorithms and discuss concerns often related to 

them: fairness, accountability, transparency, and privacy. 
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This section will provide valuable context to the discussion about YouTube’s 

recommendation systems, their functioning, and data inputs used for their 

operation. 

 
In the same chapter, we will discuss key related topics such as users’ agency and 

algorithmic empowerment, media, digital and algorithmic literacy, as well as the issue 

of power asymmetry between users and algorithms. We will also look into the concepts 

of users’ algorithmic experiences, folk theories and algorithmic beliefs. 

 
This empirical research will be of explorative perspective and will take on an 

in-depth qualitative approach to study users’ attitudes and beliefs about YouTube’s 

algorithmic content curation. In-depth interviews will be carried to get an insight 

on participants' comprehension and feeling about algorithms adopted on YouTube. 

Grounded data analysis will be employed to develop a theory based on results of 

observation. 

 
Finally, conclusions will be drawn and an extensive discussion of the results will be 

presented. Limitations and possibilities for further research will be described in this 

section as well. 
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1. THEORETICAL FRAMEWORK 
 

1.1 Algorithmic recommendation systems 
 
 
 
The development of Web 2.0 on a global scale created an array of new possibilities, 

such as simplified sharing of content, rapid access to information, and instant 

online communication. 

 
It created a favourable environment for many industries to thrive, but it also 

brought about certain obstacles. Indeed, the ever-growing amount of digital 

information generated a need for mechanisms that would allow users to better 

navigate the digital space. 

 
Originally, this need was met by the introduction of keyword-based search engines 

such as Google, although it did not yet enable the creation of an online universe 

where everyone would find content that corresponds precisely to their needs or 

preferences. At the time, the Internet was still seen as the Great Equalizer, backing 

a wide-spread positive image of globalization (Jeanne Dugan, 1996). 

 

1.1.1 Definition of algorithmic recommendation systems 
 
 
The problem of lack of prioritization and personalization of information was solved 

with the introduction of recommendation systems. Algorithmic recommendations 

can be described as “tools for filtering and sorting items and information” (Asanov, 

2011, p.1). Arguably, they make life easier for everyone: while users benefit from 

a simplified information/product search, service providers are enjoying reduced 

transaction costs and increased revenues (Hu & Pu, 2009; Pu & Chen, 2010, as 

cited in Isinkaye et al., 2015). 

 
Recommendation systems can also be defined as “the use of computational 

processes to sort, classify, and hierarchize people, places, objects, and ideas, and 

also the habits of thought, conduct, and expression that arise in relationship to 

those processes” (Hallinan & Striphas, 2016, p.3). 
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While these systems' primary function is to assist users and content providers in 

finding what they were searching for, their operations' main outputs are 

recommendations or predictions (Vozalis & Margaritis, 2003). 

 

1.1.2 Functioning of algorithmic recommendation 

systems 
 
Any recommendation system's functioning consists of three subsequent phases: an 

information collection phase, a learning phase, as well as a recommendation phase. 

The first phase is oriented towards collecting data that will serve as an input for the 

last phase of the recommendation process. Here, both explicit (provided by users 

themselves) and implicit (generated through the system monitoring of user activity) 

types of feedback are considered (Isinkaye et al., 2015). 

 
Consequently, the inputs that can be “fed” to the recommendation algorithms 

depend on the nature of the filtering algorithms deployed. While these inputs vary, 

they predominantly include ratings or votes, demographic data and content 

metadata (Vozalis & Margaritis, 2003). 

 
During the learning phase, the algorithms are being designed by developers to 

learn how to properly filter the content based on users' previous online activity 

(Isinkaye et al., 2015). 

 
Finally, in the last recommendation phase, the items and information are presented 

to users to see what created the most significant engagement rate. This last phase 

acts as a valuable asset in a constant feedback loop between users and algorithms 

(Isinkaye et al., 2015). 

 
Today, different algorithms filtering and sorting content are constantly upgraded 

and re-written to find out the most efficient way to boost user engagement and 

satisfaction. A brief overview of recommendation algorithms discussed in this 

Master's thesis can be found in Fig. 1 below. 
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Figure 1: Algorithmic Recommendation Models (Isinkaye et al., 2015, p. 264) 
 
 

1.1.3 Different types of algorithmic recommendation 

systems 
 
Essentially, there are three basic approaches to the creation of every personalized 

recommendation algorithm that we know of: collaborative filtering, content-based 

filtering, and hybrid filtering (Asanov, 2011). Below, we will go through each of 

them and identify their strengths and shortcomings. 

 
Collaborative filtering was first introduced in 1997 by Paul Resnick and a chief 

economist of Google, Hal Varian (Resnick & Varian, 1997). This algorithm relies on 

similar users' behavioural patterns to make predictions and propose certain 

content or items (Linden et al., 2003). 

 
Collaborative filtering techniques can be divided into memory-based and 

model-based algorithms (Bobadilla et al., 2013). In memory-based techniques, the 

recommendation process is being based on ratings previously provided by users. It 

can either be performed through a user-based or an item-based approach. The 
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former compares ratings of items provided by users, the latter observes similarities 

between these items (Isinkaye et al., 2015). 

 
While memory-based techniques of collaborative filtering rely on data from the 

database directly, model-based techniques seek to build a model that will generate 

recommendations rather than hand-pick algorithmic inputs. If we had to compare 

these two collaborative filtering approaches, we would see that each of them has 

its strengths and shortcomings. Namely, even though memory-based algorithms 

are flexible and can be adapted to new data inputs, they require a long time for 

computing the outcomes. At the same time, model-based algorithms do not need 

much time to provide recommendations, but they are not as adaptive to data 

changes (Aditya et al., 2016). 

 
Content-based filtering is an extension of an early version of collaborative filtering. 

This filtering method usually recommends items the user has already selected in 

the past. Therefore, there is no need to gather any data on other users to support 

this model (Li et al., 2012). Because almost all content-based algorithms are 

considering user's and item's profiles to provide further recommendations, it is 

possible to recommend a very niche content specific for a particular individual. It is 

often used when web pages, documents, or publications are to be recommended 

(Isinkaye et al., 2015). 

 
One of the technique's shortcomings is its requirement of great scope of metadata 

on every item and a very well-structured user profile to provide relevant 

recommendations (Isinkaye et al., 2015). This type of algorithm also does not go 

beyond user preferences already indicated in their profiles. This relates to content 

over-specialization, a concept introduced by Zhang and Iyengar (2002) in their 

work on the use of linear (statistical) classifiers in model-based recommendation 

systems (Zhang & Iyengar, 2002). 

 
Meanwhile, hybrid filtering combines the strengths of both content-based and 

collaborative filtering to compensate for their corresponding weaknesses (Isinkaye 

et al., 2015). The combination of methods introduces several new types of hybrid 

algorithmic models: “weighted hybridization, switching hybridization, cascade 

hybridization, mixed hybridization, feature-combination, feature-augmentation, 
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meta-level” (Isinkaye et al., 2015, p. 263). The main reason of why hybrid filtering 

became so popular is its flexibility and adaptivity to systems’ needs, meaning that 

it is possible to combine two or more recommendation methods to obtain the best 

results possible (Li et al., 2018). 

 

1.1.4 Challenges faced by algorithmic recommendation 

systems 
 
There are several problems commonly faced by recommender systems: the 

cold-start problem, the data sparsity problem, and the scalability problem. 

 
The cold-start problem refers to a situation where a new item or user has just 

appeared on the platform and the amount of related data is still insufficient to 

generate reliable recommendations (Schein et al., 2002). 

 
The data sparsity problem occurs when an insufficient number of items are being 

rated by users, meaning there is not enough reliable data to be absorbed. This 

jeopardizes information systems’ ability to detect similarities between profiles and 

draw reliable connections (Chen et al., 2011). 

 
The scalability issue pushes recommender systems to develop faster and increase 

their capacity to generate recommendations even when the number of datasets is 

limited. This is often solved with the adoption of a Singular Value Decomposition 

(SVD) method, in other words, the introduction of a "low-dimensional 

approximation to high-dimensional data" (Brunton & Kutz, 2019, p. 4). 

 
While these problems are often hard to overcome using just collaborative or 

content-based filtering approaches, it is possible to resolve them with hybrid 

algorithmic models (Pandey, 2020). 

 

1.2 Social media algorithms 
 
 
 
In this section, we will look at the use of algorithms in media and more specifically 
on Social Network Sites (SNSs). 
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Algorithms have made their appearance into many aspects of modern society to 

help institutions, media channels, and companies to efficiently tackle complex 

challenges (as seen in Bucher, 2017; Lepri et al., 2018; Napoli, 2014; Pasquale, 

2015). Today, algorithms in the media sector hold a so-called “material agency” 

over content production, distribution, and consumption, meaning that these 

technological tools can operate without human intervention and thus can expand 

and readjust on their own (Leonardi et al., 2012, p. 35). 

 
The close link between algorithmic curation and the procession of a large and 

unprecedented quantity of human behavioural data makes some academicians 

claim that algorithms can be both cause and outcome of the Big Data or SNS 

phenomenon (Mayer-Schonberger & Cukier, 2013, as cited in Napoli, 2014). 

 
The emergence of social media platforms quickly changed our lives – people 

became connected and separated from each other simultaneously. Algorithms are 

increasingly becoming a part of our everyday life and social media platforms are no 

exception to that (Willson, 2020). However, there are conflicting hypotheses in 

regards to the diversity of content promoted by recommendation algorithms. 

 
Namely, after examining the web-browsing histories of 50.000 US citizens, 

Flaxman et al. (2016) came to a somewhat ambiguous conclusion. While social 

networks were found to promote an ideological separation among users, they also 

enabled more significant exposure to a greater variety of content associated with 

the different political, religious, or ideological groups (Flaxman et al., 2016). 

 
At the same time, Hindman (2008) believes that traditional media forms 

(television, radio, newspapers) were yielding more diversity than we can find 

online. The author claims that search engines like Google, Yahoo! or Microsoft are 

narrowcasting the content we see and, by doing that, undermining our rights for 

democracy online (Hindman, 2008). 

 
Social media algorithms are not only providing users with highly personalized content 

and filtering out unwanted content but are also helping platforms to quickly 
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contextualize and categorize an array of data points on millions if not billions of 

users (Napoli, 2014). 

 
Today, algorithms often act as a catalyst and amplifier of news creators and 

distributors (Napoli, 2015). Indeed, in 2012, Facebook and Twitter were among 

primary sources of news consumption and traffic generation for news websites 

(Mitchell et al., 2012). 

 
When talking about journalism and news creation, we cannot avoid gatekeeping, 

which has been around ever since the 1970s’ when Dr Manning White conducted 

his first case study on how the news pieces were getting picked by Mr Gate (Loisen 

& Joye, 2017). While before, this task was solely the human editors’ responsibility, 

it has now mostly been entrusted to personalization algorithms that are picking 

and distributing the content that billions of people will see. Thus, they directly 

shape users' meaning-making on many crucial topics like politics, healthcare, 

education and more. 

 
Moreover, with the expansion of user-generated content, SNSs have evolved from 

simply distributors of content to first-hand sources of information (Mitchell et al., 

2012). 

 

1.2.1 Concerns related to social media algorithms 
 
 
The growing popularity of social media platforms has raised specific questions 

about their responsibility in front of the general public. Many of these concerns are 

closely related to the concept of public interest, which is often brought up when we 

are talking about traditional media and policymaking covering journalists’ code of 

conduct, media outlets’ performance, and their responsiveness to social norms 

(McQuail, 1992, as cited in Napoli, 2015). Some of the concerns associated with 

SNSs and their algorithms – fairness and accountability, transparency, and privacy 

– will be depicted in the following sections. 

 
1.2.1.1 Fairness, accountability and transparency 
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There have always been some flaws to human decision-making, due to lack of 

objectivity and potential involvement of emotions. Data-driven algorithmic systems, 

however, were expected to avoid such distortions and allow for more objectivity and 

evidence-based decision-making. Yet, some claim that “[d]iscrimination may be an 

artifact of the data mining process itself” (Barocas & Selbst, 2016, p.674). 

 
Admittedly, in 2014, the report released by the White House pointed to an evident 

risk of discrimination in healthcare, education, criminal justice, and employment 

caused by algorithmic decision-making. The authors who assembled the report 

offered two specific reasons for possible algorithmic discrimination: flaws in data 

used as inputs and shortcomings in inner-workings of algorithms themselves. As 

solutions to these issues, they offered several options: promotion of algorithmic 

fairness and accountability, a collaborative design of algorithms that would enable 

several stakeholders to get involved in the process, encouragement of academic 

research in this field, education of citizens (in other words, media literacy), and a 

more active role of governmental and private bodies in regulation of algorithms 

(Munoz et al., 2016). 

 
Arguably, the European Union has been the most proactive in addressing serious 

issues related to the lack of transparency, accountability, and fairness in 

algorithmic systems' functioning. For instance, Article 22 of the General Data 

Protection Regulation (GDPR) allows citizens to demand a meaningful human 

explanation of automated decision-making processes enacted concerning their 

data. Moreover, as stated in Article 35(1), whenever data processing is likely to 

impose any risks to citizens’ rights and freedoms, Data Protection Impact 

Assessment (DPIA) should be implemented (The European Parliament and the 

Council of the European Union, 2016). 

 
Even though transparency might be considered a natural predisposition for 

algorithmic accountability and fairness and the success of any innovation, there is 

a wide diversity of opinions on the topic. In particular, many agree that it would be 

disproportionate to open up algorithms' functioning for everyone’s attention. 

 
Firstly, in a way, they are the intellectual property of online platforms and often act as 

considerable leverage and a part of their business model. Secondly, it is essential 

 
22 



 

to ask three questions before releasing any information concerning algorithms – 

“how”, “why” and “what”. By answering each of them, it will be possible to 

understand the outcome of the algorithmic curation on online platforms, the 

algorithmic functioning rules, and access the reasoning behind the implementation 

of automated decision-making (Goldenfein, 2019). 

 
At the same time, even academicians supporting the need for a more transparent 

operating of machine-learning systems agree that complete transparency is not 

possible, neither it is necessary because it will be challenging and overwhelming for 

laypeople to understand its coding basics anyway (Diakopoulos & Koliska, 2017). 

 
Similarly, Zarsky (2016) admitted that while more transparency could benefit the 

general audience, it could also permit certain groups to access an algorithmic inner 

working and use this knowledge in their interest, potentially generating unwanted 

outcomes for minority groups (Zarsky, 2016). 

 
Another complexity of addressing fairness, transparency, and accountability issues 

in regards to the algorithms is the vagueness of these terms. No one can say for 

sure what fairness stands for and so far, agreeing on a specific definition has 

proven impossible. Moreover, there is no guarantee that designing an entirely fair 

and a non-discriminatory algorithmic system will solve the bigger problem of 

discriminatory classification of users online. 

 
Looking at the issue from a mathematical perspective, we find that taking out 

specific elements responsible for discriminatory practices hardly achieves any 

favourable results because statistically, these problematic elements will be 

replaced by new ones. This causes a mathematical issue because unfavourable 

outcomes constantly go in a loop (Goldenfein, 2019). 

 
It became evident that purely technological tools cannot resolve the problem of the 

‘new digital divide’, a separation between those who have access to Big Data and the 

ones who do not (boyd & Crawford, 2012). Therefore, the ACM U.S. Public Policy 

Council (USACM), in cooperation with the ACM Europe Council Policy Committee 

(EUACM), identified several fundamental principles of transparency, accountability, 
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and fairness that should be considered (Garfinkel et al., 2017). These principles 

are as follows: 

 
1.​ Awareness of citizens on algorithmic decision-making in all of the aspects of 

social life; 

 
2.​ Access and redress that allows an investigation and correction of algorithmic 

systems; 

 
3.​ Accountability that holds the entities implementing algorithms responsible 

for whatever outcomes of algorithmic decision-making; 

 
4.​ Explanation that means that regardless of the complexity of algorithms, 

their functioning should still be possible to explain adequately and understandably; 

 
5.​ Data provenance that implies transparency and accessibility of data inputs 

being used; 

 
6.​Auditability that guarantees an elaborate record tracking; 
 
7.​ Validation and testing that ensures fairness and ethical functioning of 

algorithmic systems. 

 
1.2.1.2 Privacy-related concerns 
 
 
Algorithms’ primary task is to save us time, assist with discovering relevant 

information, increase our productivity, connect us with people across the globe (Fast 

&​ Jago, 2020). However, to successfully build targeted predictive models, AI 

systems need a tremendous amount of personal data to absorb and process 

continuously, which leads to growing concerns among lay users, experts and 

regulators. 

 
Tucker (2018), in her work, focused readers’ attention on three types of privacy 

concerns frequently associated with the operations conducted by AI systems. The first 

one is data persistence. Once personal data is collected and processed, it is hard for 

users to control how long it will be stored. Many agree that due to the meagre costs of 

data storage, this period is extended for longer than necessary. The second concern is 

data repurposing, which occurs when personal data is used for other purposes than the 

first intended. Finally, the data spill overs concern describes a situation where people 

end up on databases even though they did not agree to it. 
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An example of that would be when someone on a photo gets recognized by facial 

recognition technologies (Tucker, 2018). 

 
Another severe privacy issue is that of data breaches. An excellent example of that 

would be the unprecedented-in-scope Equifax data breach of 2017 when sensitive 

data (names, addresses, social security numbers, driver’s license numbers, etc.) of 

millions of US, Canadian and British citizens was stolen. As was later found, the 

credit reporting agency knew about its security system's potential threats and 

weaknesses and yet did not report it or tried improving it (Leonhardt, 2019). 

 
While it seems that big corporations cannot come back from such a scandal, the 

reality shows the opposite. After the well-known Cambridge Analytica incident that 

got tremendous momentum back in 2018, Facebook’s usage was reportedly 

increased, and the company’s stock prices got back up in a matter of only a few 

weeks. According to Mark Zuckerberg himself, the platform's engagement was not 

harmed by the Cambridge Analytica scandal as only an immaterial percentage of 

users deactivated their accounts as a result (Kanter, 2018). 

 
While many believe that in the age of a highly-personalized content and 

algorithmic curation, “privacy is dead” (as said by Scott McNealy in 1999), Zuboff 

(2019) believes it is not as radical. She believes that privacy was instead 

redistributed, and the right to privacy is now “concentrated within the domain of 

surveillance capitalism” (Zuboff, 2019, p.15). Surveillance capitalism is a term 

used by Zuboff to describe how data is collected and processed by large internet 

giants in an undetectable and indecipherable manner to translate it into user 

behavior predictions necessary for targeted advertising and other purposes (VPRO 

Documentary, 2019). 

 
Fast and Jago (2020) have noticed that whereas in the past political and social 

activist were fiercely fighting for the privacy rights of citizens, in the age of an 

elaborate AI functioning, the benefits brought about by algorithms dazzle people 

making them incapable of seeing the situation for what it is (Fast & Jago, 2020). 

 
According to the authors, the absence of motivation to protect privacy is caused by 

four following factors: benefits provided by the algorithms, no expectancy of serious 
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harm, negative consequences coming only after the service was experienced, and 

normalization of a lack of privacy. Authors’ stance on users’ attitude towards data 

processing is relatively negative – they doubt that people will continue prioritizing 

privacy and seeing it as their fundamental human right because they see the 

sacrifice of their data as a simple necessity in today’s world. Thus, they suggest 

that it should be the government’s responsibility to safeguard users’ privacy online 

(Fast & Jago, 2020). 

 
Interestingly, some noticed a shift in attitude towards privacy online – they found 

young people less worried about information privacy than adults. Using a 

3-million-people sample to conduct a survey, Goldfarb and Tucker (2012) found 

that older people are less likely to reveal personal data for commercial purposes 

than young people. This, among other factors, can be explained by older people's 

tendency to be generally more private in their life (Goldfarb & Tucker, 2012). 

 
At the same time, privacy concerns cannot be classified depending on age because 

they are likely to vary in different contexts. Namely, when it comes to cross-firm 

data-sharing and potential price discrimination, users are most likely to try and 

preserve their personal data regardless of age (Taylor, 2004). 

 

1.3 YouTube recommendation systems 
 
 
 
YouTube has shown impressive growth rates since its creation in 2005. It is by far 

the biggest video-sharing platform with 2 billion monthly active users and 30 

million daily active users (Aslam, 2021) and with approximately 500 hours of video 

being uploaded on the platform per minute (Hale, 2019). 

 
In November 2006, YouTube was purchased by Google and became one of the 

company’s most successful subsidiaries (Erviti & Stengler, 2016). Today, YouTube is 

the second most-visited online platform after Google Search (Amazon Web 

Services, 2020). The platform is particularly appreciated by younger audiences. 

Notably, 85% of U.S. teens admitted to be active YouTube users (Anderson & 

Jiang, 2018). 
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The utmost importance of understanding how YouTube’s algorithms work lies in 

fact that 70% of videos watched on YouTube are recommended content (Solsman, 

2018). 

 
The platform allows users and entities to upload, review, share, comment on music 

videos, talk shows, vlogs, movie trailers, and other video content types. Even 

though user-generated is somewhat more popular than professionally generated 

content, the latter is growing in volume as more and more media corporations 

start uploading their videos under the YouTube partnership programs (Erviti & 

Stengler, 2016; Kim, 2012; Welbourne & Grant, 2016). 

 

1.3.1 Purposes of algorithmic content curation on 

YouTube 
 
Like any other Big Data company (Facebook, Instagram, Netflix, etc.), YouTube’s 

business model rests upon user engagement and an increase in the time they 

spend on the platform. Given that users have a limited amount of time they allow 

themselves to spend on YouTube, the platform developers are putting incredible 

effort into helping users find what they are looking for, but also to propose related 

personalized suggestions that are likely to keep them engaged for longer (Creator 

Insider, 2017). 

 
Arguably, the recommendation systems are the best tools that help users find what 

they want and boost content producers’ audience reach. In a way, the YouTube 

recommendation systems act as a gigantic feedback loop. They carefully analyse 

what users have already watched, what recommended videos they decided not to 

watch, how long it was watched to then give relevant content recommendations 

and keep the audience engaged for longer. For increased algorithmic 

recommendations’ efficiency, the platform developers have decided to enable users 

to express their subjective opinion by pressing ‘not interested’ or take part in 

surveys where they are being asked whether recommendations were found to be 

relevant or not (Creator Insider, 2017). This could be considered a form of 

algorithmic user empowerment because users are now given a chance to largely 

influence their recommendations and be more active during content consumption. 
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On the one hand, when talking about the ethical aspect of the YouTube 

recommendations, many agree that even though these filtering mechanisms were 

accused of bias and dissemination of deceiving, conspiratory content (as seen in 

Alvarado et al., 2020; Lewis, 2018; Roose, 2019; Tufekci, 2018; Warzel, 2017), at 

the moment, it is hard to imagine alternative systems that would facilitate users’ 

navigation in today’s information overload. On the other hand, the questions about 

data inputs used by algorithms, transparency of their operations, and outcomes of 

algorithmic content recommendations are still open. 

 
Munger and Philips (2019) in their study suggest that we should not look at YouTube 

as a ‘hypodermic needle’ which will inevitably ‘inject’ specific messages into people’s 

minds but rather look at it from the supply and demand point of view. In other words, 

they argue that the dissemination of politically radical content is spread not only by the 

YouTube algorithms but also by political players who are creating these videos in the 

first place to influence disaffected individuals on the platform (Munger 

 
&​ Phillips, 2019). Therefore, it is crucial to understand that algorithms cannot 

operate autonomously without any human interaction and are only a part of a 

much broader socio-technical system (Alvarado et al., 2020). 

 
 

1.3.2 YouTube recommendation algorithms’ functioning: 
 

metrics and data inputs 
 
 
YouTube recommendations are not that easy to pinpoint because they are spread 

across different locations within the platform: home page, subscription tab, 

suggested videos or Watch next section, and trending videos. Interestingly, judging 

from what YouTube employees say, the suggested videos section located to the 

right of each video users have just watched is by far the most important source of 

recommendations (Creator Insider, 2017). Content recommended there is not just 

related to the video user has just watched, but also reflects his/her general 

interests and preferences. 
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According to Davidson et al. (2010), YouTube's recommendation algorithms are 

based on their association with a collaborative filtering principle that analyses 

content data and user data to select content (Davidson et al., 2010). 

 
It is also known that throughout the period between 2005 and 2010, YouTube was 

solely relying on collaborative filtering, while after 2010, the platform switched to a 

hybrid approach which combines the strengths of both content-based and 

collaborative filtering to overcome potential issues. With the ever-growing amount 

of metadata, YouTube has also resorted to deep learning architecture that is by far 

the most commonly-known Machine Learning approach (Abbas et al., 2017). 

 
It is worth noting that essentially two types of data are used by the majority of 

known recommendation systems: explicit and implicit. While the first type includes 

users' direct activity online measured in likes/dislikes, comments, and 

subscriptions, the second one covers factors such as, for instance, watch time and 

is mainly developed through the systematic monitoring of users' online behaviour 

patterns (Siersdorfer et al., 2010). 

 
According to YouTube developers, the platform's algorithms rely on users' watch 

history, users' activity from the same digital neighbourhoods, and videos from YouTube 

channels they are already subscribed to (YouTube Creator Academy, n.d.). 

 
Video metadata also plays a specific role in whether users will see a particular 

video in their recommendations or not. Thus, YouTubers and content creators often 

use keywords in their video titles, description, and/or thumbnails. This is very 

likely to boost their videos' reach to the target audience and to increase their 

ranking in the search results (YouTube Creators Academy, n.d.). After all, YouTube 

is now a Google subsidiary. Therefore, algorithms working astonishingly well on 

one platform will be very likely to be transferred to the other. 

 
According to Alvarado et al. (2020), after reviewing YouTube's API (Google 

Developers, 2019, as cited in Alvarado et al., 2020), they learned that several key 

factors get recorded by the YouTube algorithms to generate content 

recommendations: 
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The number of views, the percentage of viewers that the system logged in 

when watching the video or playlist, the number of minutes that users 

watched, the average length of video playbacks, and the number of 

comments, likes, dislikes, and shares. (p. 121:6) 

 
Like any other recommendation system, the YouTube algorithms have to face the 

challenges threatening to undermine content suggestion efficiency. Namely, they 

have to constantly prove they can overcome the problem of scale (working with a 

massive corpus of videos and users), freshness (being up-to-date with everything 

being uploaded on the platform), and noise (external factors that might get in the 

way of proposing relevant videos) (Covington et al., 2016). 

 
Typically, to successfully recommend something to platform users, the 

recommendation algorithms go through a two-fold process: candidate generation 

and a consequent ranking. All of that should be done in a matter of seconds after 

the search was launched by the user (Zhao et al., 2019). 

 

1.3.3 Benefits and shortcomings of YouTube 

recommendation systems 
 
This process described above cannot be done without very sophisticated 

mechanisms installed on the platforms to help users filter through the mass of 

content available online. 

 
Over the last few years, many questions and doubts have been raised regarding the 

YouTube recommendation systems’ bias. While this algorithmic content selection aims 

to provide relevant, personalized information to users, critics are concerned that this 

might encapsulate viewers in filter bubbles where they will only be exposed to content 

that corresponds to their existing views and beliefs (Bozdag, 2013). Some even argue, 

that YouTube algorithms contribute to the dissemination of conspiracy theories and 

other types of questionable content (Basch et al., 2015; Tufekci, 2018). 

 
Moreover, social media platforms have often been found in the middle of 

privacy-related scandals, and YouTube is no exception to that. In 2019, the 

platform was 
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accused on the grounds of unlawfully collecting kids’ and underaged teenagers’ data 

without their parents’ consent. This earned YouTube millions of dollars on targeted ads. 

However, for the violation of data protection rules, the online giant ended up having to 

pay $136-million-worth of fines to the Federal Trade Commission (FTC) and $34 million 

to the New York city (Federal Trade Commission, 2019). 

 
But at the same time, it was proven that thanks to the YouTube algorithms, users 

can enjoy a great diversity of content on YouTube through driving views to videos 

the algorithms believe an individual might enjoy (Zhou et al., 2010). After 

conducting a measurement study on a large data set, Zhou et al. (2010) concluded 

that despite accusations related to filter bubbles and echo-chambers, current 

YouTube recommendation algorithms assist viewers in the discovery of novel 

content that might be of interest to them (Zhou et al., 2010). 

 
They also found that the suggested videos section is a decisive source of video’s 

popularity and is responsible for approximately 30% of the overall number of 

views. A direct correlation was found between a video’s view count and that of the 

video it was referred from (Zhou et al., 2010). 

 
This study supports the claim that the YouTube recommendation systems are not 

only offering content that falls within the already-existent interests of users, but 

they also try to expand users’ spectrum of interests and educate them. 

 

1.4 Users’ agency and users’ 

algorithmic empowerment 
 
The question of power is commonly addressed in social and communication 

studies. It is possible to differentiate between the 'power to' and the 'power over'. 

While the first concept refers mainly to a cooperative understanding of power, the 

second is more associated with the power that acts towards certain social groups' 

disadvantage (Loisen and Joye, 2017). 

 
Arguably, we can trace direct or indirect exercise of power in any social or even 

socio-technological exchange. To understand the interaction between individuals 
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and algorithms and analyse potential power imbalances in this relationship, we will 

first look into the structure vs agency dichotomy. Structure in this dialectic refers 

to the situation when external factors shape human behaviour. Meanwhile, agency 

describes the situation when individuals act under the principles of choice, free will, 

and individuality (Loisen and Joye, 2017). 

 
Ideally, users are supposed to be active agents that act within a social structure 

and yet have the power to change it. But considering the very opaque nature of 

algorithmic recommendations, we might question the extent of users' agency over 

their online activity. This can explain a multinational demand for transparency and 

accountability in algorithmic decision-making to ensure user empowerment (Koene 

et al., 2019). 

 
In online space, users are often referred to as prosumers implying their dual status 

on social media platforms: consumer and producer of the content (Toffler, 1980). 

This paradigm shift not only manifested the empowerment of users but also helped 

social media platforms grow from a referral source to a publisher of unique 

user-generated content, providing them with yet another valuable leverage. 

 
This can be supported by Fuchs (2012), who analysed the political economy of 

Facebook and described the process of commodification of users through extraction 

and use of their data (Fig. 2). He clearly explained how social media platforms are 

exploiting prosumers to contribute to their capital accumulation and attraction of 

their main customers – advertisers. Users are seen as free labour generating the 

biggest share of surplus value and contributing to the company's long-term growth 

(Fuchs, 2012). 
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Figure 2: Capital Accumulation of Facebook (Fuchs, 2012, p. 144) 
 
 
Another concept worth looking into is user empowerment. We can define 

empowerment as “the process of enhancing an individual’s or group’s capacity to 

make purposive choices and to transform those choices into desired actions and 

outcomes” (Alsop et al., 2006, p.1). 

 
As mentioned above, the agency and empowerment concepts are closely linked 

and share multiple similarities. However, a significant difference lies in the fact that 

agency acts as a normative term, meaning that through gaining agency, 

individuals are unlikely to bring about any functional changes into their lives (Alsop 

et al., 2006). 

 
Willson (2020), in her paper, emphasized the idea that algorithms are increasingly 

becoming a part of our everyday life, and Beer (2017) examined how algorithms 

are replacing human beings, asserting a tremendous social power over users (Beer, 

2017; Willson, 2020). Such arguments can make us wonder whether algorithms 

are gaining more agency than users in the digital space. 
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1.4.1 Power asymmetries in a relationship between 

users and algorithms 
 
With the emergence of the Internet, many were expecting it to solve existing 

problems and allow users to transform from passive consumers into social 

activists. In its early days, the Internet was seen as a tool that would allow 

creating an entirely new sort of public sphere that would operate outside of the 

outdated hierarchical system. Today, however, the power imbalances have not 

disappeared but simply shifted “from the production to the filtering” of information 

through algorithmic curation (Hindman, 2008, p.13). 

 
Moreover, the very opaque and often ‘black boxed’ nature of algorithms diminishes 

users’ ability to evaluate the power of algorithmic curation and shape their opinion 

about it (Pasquale, 2015). 

 
The tendency towards a one-way dataveillance and extensive information 

gathering practices are not new and can be traced back to the 18th century when 

a Panopticon was first introduced (Jespersen et al., 2007). At first, the Panopticon 

referred to “the all-seen” architectural structure of prisons, which allowed the 

guards to watch over the prisoners without them ever knowing if they are being 

observed at any specific moment (Jespersen et al., 2007, p.110). 

 
Jeremy Bentham, one of the founding fathers of utilitarianism, argued that such 

architectural design would allow making prisons a more humane place where 

prisoners would experience a feeling of constant surveillance rather than suffer 

from physical torture. Michel Foucault, however, broadened the concept and came 

up with the idea of Panopticism (Simon, 2005). This concept can accurately depict 

the society we live in, a society “founded on discipline and surveillance” (Jespersen 

et al., 2007, p.113). 

 
Indeed, the key points that comprise the idea of Panopticism (Jespersen et al., 2007) 
 
expound the relationship between users and algorithms: 
 
 

1. The observer is not visible from the position of the observed 
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2.​The observed subject is kept conscious of being visible 
 

3.​ Surveillance is made simple and straightforward; surveillance 

functions can be automated; 

 
4.​ Surveillance is depersonalized because the observer's identity is 

unimportant 

 
5.​ Panoptic surveillance can be very useful for research on human 

behaviour since it due to its practice of observing people allows systematic 

collection of data on human life. (p. 113) 

 
It is apparent that algorithms have great power and can affect how we consume 

information, communicate with each other and express our opinions. In his works, 

Gillespie (2014, 2016) pointed out that by helping users find information, 

algorithms play an important role in shaping their understanding of politics and 

cultural life (Gillespie, 2014; Gillespie, 2016). 

 
A similar conclusion was drawn by Willson (2020), who designated the growing 

power of algorithms caused by entrusting human actions to machine learning. The 

author apprised that a transfer of our habitus into online space is possible due to 

algorithms' ability to “sort, manipulate, analyze, and predict” (Willson, 2020, p. 3). 

She argues that the recommendation systems can now autonomously define how 

users will interact with information systems (Willson, 2020). 

 
The role of algorithms in power dynamics was also examined by Beer (2017), who 

drew attention to the need of learning how algorithms work to weigh the influence 

they might have on users. However, as the author mentioned, due to the very 

complicated technical aspect of the question, it is hard for even social scientists (not to 

mention lay users) to avoid “blockages in understanding” (Beer, 2017, p.3). Thus, it is 

evident that to evaluate the algorithmic deployment of power, social scientists and 

coders need to address this question cooperatively (Beer, 2017). 

 
It is now possible to conclude that uncertainty in how algorithms operate deprives 

users of their ability to exercise control over algorithmic curation. Even though the 

issue of algorithms having a great impact on our lives (Introna, 2011) and yet being so 

non-transparent has gained a certain momentum in social and Human-Computer 
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Interaction (HCI) studies, there is still a long way to go until all the pending 

questions will be answered and resolved (Beer, 2017; Introna, 2011). 

 

1.4.2 Media and digital literacy 
 
 
During the Enlightenment times, literacy referred to the ability to read, write, speak 

and listen. It was seen as something either empowering and freeing of limits, or as 

something divisive that sets different social classes apart (Livingstone, 2003). 

 
Today, in the era of the Internet, media and digital literacy refers to the ability to 

understand the basic functioning of new algorithmic media and having at least 

some technical skills. Without this knowledge, it is nearly impossible to enjoy all 

the benefits of using information and communication technologies or even 

communicate a message in a meaningful way. 

 
During the National Leadership Conference on Media Literacy, the concept of media 

literacy was defined as “the ability to access, analyze, evaluate and create media 

in a variety of forms” (Aufderheide, 1993, p. 6). 

 
It was observed that, while most of legislative attention was focused on the 

“physical connection and economic ability to access” different sources of 

information, the “literacy component” was not considered to be anyhow decisive 

(Aufderheide, 1993, p.6). 

 
Today, on the contrary, the EU legislative bodies see media literacy as an essential 

step in the transition to a Digital Single Market (DSM). Indeed, in the revised 

version of the Audiovisual Media Services Directive (AVMSD) of 2007, we can find 

the additional Article 26, requiring the European Commission to “submit to the 

European Parliament, the Council and the European Economic and Social 

Committee…on the levels of media literacy in all Member States” (The European 

Parliament and the Council of the European Union, 2007, L332/44). 

 
Some might say that we live in times of disruption when new technologies are 

dramatically changing our lives and the ways we communicate, solve problems, 
 
work, collaborate, and consume information (Saputra & Al Siddiq, 2020). Thus, 36 



 

today, digital and algorithmic literacy have become necessary skills for an 

individual’s successful socio-economic integration. 

 
Lanham (1995) argues that the ability to write and read is not enough anymore to 

be considered literate. It is also crucial to have skills that will allow conceiving the 

message and its meaning regardless of the form in which it is presented (Lanham, 

1995, as cited in Lankshear & Knobel, 2015). 

 
Digital literacy cannot be referred to as a specific set of skills. It is rather the ability of 

individuals to adapt to the new media environment and use all information sources 

available to meet their needs (Gilster & Glister, 1997, as cited in Isaias et al., 2013). 

 
To highlight the diverse nature of digital literacy, van Deursen and van Dijck (2009) 

clustered Internet or digital skills into four different categories: operational skills (the 

ability to operate freely in digital media space), formal skills (the ability to understand 

and use specific digital structures, i.e. URLs, menus), information skills (the ability to 

find specific information online), strategic skills (the ability to apply knowledge on 

practice and satisfy personal needs) (Van Deursen & Van Dijk, 2009). 

 
Recently, there has been a rise in public interest in algorithmic biases such as filter 

bubbles. Even though the algorithmic content selection is supposed to assist in 

suggesting highly personalized content to users, some experts are convinced that 

algorithms are likely to encapsulate viewers in filter bubbles where they will only 

be exposed to content corresponding to their interests and opinions (Bozdag, 

2013). This, as a result, might restrain users’ access to opposite opinions, lead to a 

lack of information diversity and impose a direct threat to democracy (Bozdag & 

van den Hoven, 2015; Rader et al., 2018). 

 
In conclusion, media, digital and algorithmic literacies act as a valuable addition to 

the initiatives demanding more algorithmic transparency, fairness, and 

accountability. Only when all of these components are working together can we 

expect positive outcomes regarding online social participation and user 

empowerment. 

 

1.5 Users’ algorithmic experience 
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Algorithmic experience can be understood as a framework that evaluates users' 

interaction and experience with the algorithms (Alvarado & Waern, 2018). It can often 

be implemented to understand how users’ personal experience with the platform can 

influence their activity online. Thus, after accessing platform's interface and 

algorithmic experience (AX) of users on Netflix, Alvarado and Waern (2018) came up 

with a framework that could improve users' algorithmic experience and resolve the 

lack of user empowerment issue. The model included seven consecutive points: 

“algorithmic profiling transparency, algorithmic management, algorithmic awareness, 

algorithmic user-control and selective algorithmic remembering, algorithmic usefulness 

and algorithmic social practices” (Alvarado & Waern, 2018, p. 18). Each of these 

characteristics were believed to enable platforms to improve algorithmic profiling 

transparency by offering several categories of movies rather than single movies 

individually, allowing users to gain more control over recommended movies and being 

transparent in showing specific inputs algorithms are using to generate movie 

recommendations (Alvarado & Waern, 2018). 

 
Furthermore, the algorithmic awareness of users can directly affect the nature of 

their algorithmic experience. To examine how users’ perceived knowledge about 

Facebook’s algorithms can potentially influence their behaviour on the platform, 

Eslami and his colleagues (2015) conducted a study of 40 lay Facebook users. 

According to study, we may observe a generally low level of users' awareness of 

algorithmic curation, which does not necessarily come from the lack of users' 

interest in this matter but can be explained by the 'black boxed' nature of 

algorithms. In turn, the study revealed that user awareness of algorithmic curation 

can drastically change how they choose to engage with the social media platform – 

how they interact with the platform’s settings and/or communicate with other 

users on the platform (Eslami et al., 2015). 

 
Arguably, our AX can shape our perception of both online and offline realities. To 

illustrate it, Bishop (2018), in her work, suggested that YouTube's algorithms could 

cause gender-related polarization and bias. After selecting beauty vloggers as her 

case study, Bishop noticed that YouTube algorithms recommend very feminized 

content to female audiences, promoting hegemonic ideas of how females should 

look and act nowadays. As a result, in some instances, YouTube algorithms and 
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YouTube culture might be a catalyst for feelings of anxiety, insecurity, and 

discomfort (Bishop, 2018). 

 
To overcome these negative consequences of algorithmic curation and propose 

possible solutions, it is essential to understand users' sense-making and attitude 

towards algorithms. This might be part of the reason why several academicians 

(such as Baumer, 2017; Diakopoulos, 2016; Lee et al., 2017; Oh et al., 2017) are 

highlighting the importance of conducting more human-cantered studies about 

human-algorithm interactions. 

 
Users' perception and understanding of algorithms, among other theoretical 

frameworks, can be studied through the examination of folk theories and user 

beliefs (Alvarado et al., 2020). 

 

1.5.1 Folk theories 
 
 
French and Hancock (2017) described folk theories as an “implicit collection of 

beliefs about the system” (French & Hancock, 2017, p. 5). They compared folk 

theories to the often-related notion of mental models, which are mostly used in the 

HCI research. Even though these two concepts share a similar underlining, they 

still differ in their essence. While mental models are built on user’s previous 

experience and interaction with the cyber-social system, folk theories represent 

the intuitive understanding of platforms' inner workings, which might then guide 

users' behaviour online (French & Hancock, 2017). 

 
DeVito et al. (2018) tried to link folk theories with users' self-representation on 

social media platforms (DeVito et al., 2018). In their work, they aimed at 

understanding how the process of folk theories formation might be explained in 

relation to algorithmic social media recommendations. They drew two main results. 

Firstly, it was concluded that knowledge of how algorithms function might not only 

contribute to a better user experience but can also positively influence users' 

self-representation online. As a second result of the research, they suggested that 

platforms themselves incorporate folk theories to target problematic aspects of 

users' interaction with the platform (DeVito et al., 2018). 
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The concept of folk theory is often related to consciousness, intentionality, and free 

will. Thus, we may conclude that without having folk theories about something, an 

individual cannot construct his/her opinion and act upon it. According to Malle (2009), 

the folk theory of consciousness is based on three mental actions: 

 
monitoring, choice, and subjective experience (Malle, 2009). 
 
 
When users cannot access the functioning of recommendation algorithms on 

YouTube or any other modern social media platform, they, by definition, cannot 

behave consciously and/or act intentionally. As depicted in Fig. 3, an action can be 

considered intentional only if an individual has expressed a desire for it and belief 

that an action taken will result in a desirable outcome. Thereupon, intention can 

lead to the state of intentionality when it is combined with a sense of awareness 

and a set of skills necessary for the realization of the initial intention (Malle, 2009). 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Figure 3: The Folk Concept of Intentionality (Malle, 2009, p. 4) 
 
 

1.5.2 Algorithmic beliefs 
 
 
User beliefs are part of a feedback loop where they act as both input and outcome 

of algorithmic functioning. That is why user beliefs can directly influence users’ 

interaction with the platform and shape the functioning of the system as a whole 

(Rader and Gray, 2015). Notably, even without any prior knowledge on how the 

system operates, users can still shape their beliefs based on their personal 

experience with it (Gelman & Legare, 2011). 

 
By conducting a qualitative research of users’ awareness on algorithmic curation of 

the content, Rader and Gray (2015) developed several categories of users’ beliefs 

about Facebook News Feed. ‘Passive consumption’ illustrated no awareness of 40 



 

recommendation algorithms being implemented. ‘Producer privacy’ was related to the 

belief that what users see is influenced by their friends on the platform. ‘Consumer 

preferences’ category depicted the belief that “the News Feed will not show them 

exactly what they want to see” (Rader & Gray, 2015, p. 6). Moving further, ‘missed 

posts’ underlined the idea that the platform is hiding certain posts without users’ 

consent. ‘Violating expectations’ explained the confusion users might feel when 

expecting the recommendations to show certain posts but instead seeing different 

ones. And lastly, ‘speculating about the algorithms’ delineated users’ belief that what 

they see in their News Feed is fully curated by the platform’s algorithms. 

 
The classification of user beliefs offered by Rader and Gray is relevant because it 

can act as a valuable ground for discussing new design possibilities that can 

improve user experience with the platform. 

 
In their attempt to study user beliefs about the video recommendation systems and 

how they might influence users’ interaction with the social media networks, Alvarado 

and his colleagues (2020) conducted semi-structured interviews with middle-aged 

YouTube regular users who do not have any prior education in Information and 

Communications Technology (ICT). As a result, four main categories of user beliefs 

were drawn: “Previous Actions, Social Media, Recommender System, and Company 

Policy” (Alvarado et al., 2020, p. 121:2). The findings of interviews suggested that 

even though these users knew about the existence of algorithmic curation on YouTube, 

there was no exhaustive understanding of how the algorithmic mechanisms function 

(Alvarado et al., 2020). The study's primary limitation is that they mainly interviewed 

users between 37 and 43 years old, which limited the generalizability of findings. The 

research did not include the algorithmic experience of a younger audience who grew 

up with social media networks and could have demonstrated different levels of 

knowledge. This shortcoming, however, is being addressed in this Master’s thesis. 
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2. METHODOLOGY 
 
 
In this chapter, we will examine the methodological design of the thesis, introduce 

interview questions and define the sample characteristics. 

 

2.1 Research rationale 
 
 
 
This thesis takes up an explorative perspective in an attempt to study users’ 

attitudes and experiences, as well as an interpretive perspective because the 

research aims at understanding the subjective sense-making of the phenomenon 

by participants. In order to provide better context, we will also develop concepts 

such as algorithmic experience and user empowerment through critical research. 

However, users’ beliefs and attitudes towards algorithmic curation on YouTube will 

remain the central focus of the thesis. 

 

2.1.1 Aim of the research 
 
 
The aim of this research is to evaluate regular users’ level of comprehension of 

YouTube’s algorithms – study their sense-making of these mechanisms, find out 

how they usually learn about their existence; as well as to see how they feel about 

YouTube algorithmic curation of the content – whether they feel empowered and in 

control and how they feel about algorithmic transparency on the platform. 

 
To be more precise, with this thesis, the researcher aimed to study the beliefs and 

attitudes of young adults born from 1985 onward, who can, therefore, be related 

to Millennials’ generation and/or Generation Z (Pew Research Center, 2010; 

Dimock, 2019). These young adults are familiar with the Internet and have grown 

up with social media networks or seen their rise during their adolescence, which 

can influence their digital behaviour and algorithmic awareness. 

 

2.1.2 Research gap and scientific purpose 
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As algorithms grow deeper into all realms of human lives, it is important not to 

limit this field of study to only the technical aspect of algorithmic functioning. 

People get largely affected by recommendation algorithms on YouTube and other 

SNSs. And yet, it seems that not enough attention was paid to user-centred 

approach to an evaluation and analysis of algorithmic functioning. 

 
At the same time, while several scholars have already covered the topic of users’ 

beliefs about Facebook’s or Tweeter’s algorithms (such as Diakopoulos, 2016; 

Berg, 2014; Bucher, 2017; Barberá et al., 2015; Chaffey, 2016; Nunez, 2016; 

Rader & Gray, 2015; Tufekci, 2015), it is not yet the case for YouTube. 

 
The expanding library of educational videos and easy navigation across the 

platform makes it attractive for young people to resort to YouTube as one of the 

main resources for gaining knowledge (Antonio & Tuffley, 2015). YouTube’s 

expanding role in guiding users’ opinions and acting as an educational tool on 

crucial topics is yet another reason to study YouTube recommendation systems and 

users’ understanding of them. 

 
Existing works about the user aspect of social media algorithms are still scarce, 

something that might be explained by the topic’s novelty. At the same time, 

studying users’ understanding of the YouTube algorithmic functioning has a 

tremendous relevance because this can largely shape their interaction with the 

recommendation systems and, thus, their agency over their media consumption. 

The fact that around 70% of videos watched on YouTube are recommended content 

(Solsman, 2018) can explain the importance of researching users’ understanding 

and attitude towards algorithmic curation on the platform. 

 
Therefore, this Master’s thesis aims to contribute to the already existing knowledge 

on the topic by studying young audience’s interpretation of YouTube algorithms, as 

well as to probe deeper into users’ attitudes and beliefs towards YouTube 

algorithmic content curation, its treats and transparency. 

 

2.1.3 Research questions 
 
 
The research questions and sub-questions are as follows: 
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RQ1: How do users understand the inner workings of YouTube recommendation 

algorithms? 

 
SQ1: How do users of the platform learn about YouTube recommendation 

algorithms? 
 

SQ2: In users’ opinion, what data inputs do YouTube algorithms use to 

provide recommendations? 

 
RQ2: What is users’ attitude towards algorithmic curation of content on YouTube? 
 
 

SQ1: Do users feel empowered and in control while using YouTube? 
 

SQ2: How do users feel about algorithmic transparency on YouTube? 
 
 
The first research question and two of its sub-questions will allow us to examine 

young audience’s understanding of YouTube algorithm functioning, gain insights on 

their reflection of the technical construction of YouTube algorithms by recording 

which data inputs they think are included in this algorithmic process and are the 

most/least relevant. This will allow us to look into respondents’ algorithmic beliefs 

and folk theories. 

 
The second question and related sub-questions are focused more on users’ feelings 

and attitudes about recommendations on the platform. These questions, therefore, 

will assist in concluding on whether users feel empowered by using the platform or 

not, as well as get valuable insights of what is their opinion about algorithmic 

transparency on YouTube. 

 

2.2 Data collection process 
 
 
 
In this sub-chapter, we will examine the data collection method chosen for this 

thesis. 

 

2.2.1 In-depth interviews 
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For the data collection method, the researcher decided to opt-in for in-depth 

qualitative interviews with regular YouTube users aged 18-35. This allowed 

obtaining an in-depth insight on the sense-making of the YouTube recommendation 

systems among participants who fitted sampling requirements and study their 

attitudes towards algorithmic curation of the content. 

 
The semi-structured format of interviews was chosen because it allows covering all 

the important questions and yet not limit interviewees in freedom to expand the 

topic and express their feelings, which, in turn, might result in a gradual 

expansion/editing of the interview questions (Mason, 2002). The average duration 

of the interviews was approximately 30 minutes. All interviews were 

audio-recorded and transcribed. 

 
Due to COVID-19 safety measures and gathering restrictions, it was decided that 

online interviews via Microsoft Teams were the most appropriate option. Real-time 

communication allowed discussing the topic more openly and freely and effectively 

applying probing strategy to expand the discussion further. 

 
As research ethics imply, it was essential to ensure that the researcher respects 

participants’ needs and interests and is not violating their right to privacy (Flick, 

2009). 

 
All participants were granted total anonymity throughout the coding process – only 

numerical codes were used instead of participants’ real names. This ensured that 

no moral rights were violated and participants could feel safe and comfortable 

sharing their opinions on the topic. 

 
A couple of days before each interview, an informed consent form was handed to 

participants to make sure that they agree to the procession of the responses within 

this research without a possibility of transfer of any of their personal information to 

third parties. It also allowed the researcher to make sure participants knew the 

purpose of the research and realized that they could stop the research process at 

any time if they felt uncomfortable (Bryman, 2016). 
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Moreover, all participants were treated equally and with respect for their opinions, 

which ensured that the justice of this research was preserved. 

 
2.2.1.1 Interviewing process description 
 
 
For the interviewing process, a combination of non-biased and suggestive methods 

of questioning were employed. 

 
The interviews were conducted in the period between 22 of February 2021 and 11 

of March 2021. All participants were asked to provide their demographic details: 

name, surname, gender, occupation, country of origin, and contact details in the 

drop-off questionnaire that was given beforehand. A sample of the questionnaire 

and the informed consent paper can be found in the appendix list (see: Appendix 1 

and Appendix 2). 

 
In-depth interviews were following a semi-structured set of topics: (1) awareness 

on the existence and the purpose of YouTube algorithms (2) perception of YouTube 

algorithms’ functioning (3) attitudes towards algorithmic curation of the content 

and algorithmic transparency (for the interview questions, see: Appendix 3). 

 
During the first few minutes of the interview, the researcher quickly reminded the 

topic of the discussion and introduced herself. The idea that it is a not 

knowledge-based interview and is instead oriented towards learning users’ 

subjective experience was stressed. It was seen as an essential step towards 

establishing a trustworthy, natural ambience between the researcher and the 

participant. 

 
Although projective techniques were often implemented to expand the 

conversation, there was still a clear structure to the interviewing process. Namely, 

while the first two question topics were primarily concentrated on users’ awareness 

and subjective understanding of YouTube algorithmic curation, the third set of 

questions was aimed at learning users’ feelings on the existence of YouTube 

recommendation algorithms, their transparency, as well as concerns they might 

have associated with algorithmic functioning on YouTube. 

 
2.2.1.2 Sampling process and sampling characteristics 
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To comply with the aims of the research, judgment or purposive sampling was 

selected. This approach enabled the researcher to select participants that 

correspond to all initial criteria of the sampling. 

 
To avoid ethical issues and obtain a socio-economic homogeneity, the sample was 

comprised of young adults between 18 and 35 years old. The regional aspect of the 

sample’s demographics was not decisive in this thesis, this helped maintaining a 

sample diversity. The researcher made sure that the sampling process was not in 

any way discriminatory on gender, religion, ethnicity-basis. 

 
As there might be a bias regarding knowledge held about the functionality of the 

recommendation system, all participants with an extensive academic background 

in ICT or computer sciences were excluded. The research was also focused on 

participants who use YouTube for leisure and/or educational purposes only and 

might be regarded as YouTube regular users (spending at least 60 minutes on the 

platform per week). Participants should not have earned any money by uploading 

content on the platform, this allowed the researcher to exclude those who perceive 

themselves as ‘YouTubers’ or video-content-creators. The socio-demographic 

characteristics of participants are presented below: 

 
Participant Gender Country of Profession or Age Use of Comments 

origin field of study YouTube     

       

      Music, TV 
P01 female Georgia Business 23 17h shows, online 

manager workshops 
     

      and webinars 
       

      DIYs, makeup 
   Student (MSc): 26 1h – 2h tutorials, 
P02 female Germany Communication music and 

   Studies   music videos, 
      fashion vlogs 
   Student (MSc): 21 10h Music, video 

P03 male Belgium Communication games and 
   Studies   education 
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   Communications 25 10h Entertainment 

P04 male UK assistant/client shows    relationship   
      
       

   Freelancer/digital 31 4h – 5h Education and 

P05 male Belgium marketing philosophy    specialist   
      
       

   Student (MSc): 24 3h – 4h Education, 

P06 female Italy Communication politics, sports    Studies   
      
       

   Student (MSc): 28 3h TV shows, 

P07 female Brazil Communication celebrities’ 
   Studies   interviews 
       

   Student (MSc):   Music, 
   24 14h makeup 
P08 female Poland Communication tutorials,    Studies   

     ASMR       
       

   Student (MSc):   Comedy, 
   26 2h education, 
P09 female Switzerland Communication yoga and well-    Studies   

     being       
       

   Student (MSc):   News, 
   24 5h education, 
P10 female Ukraine Communication sports and    Studies   

     meditation       
       

   Student (MSc): 25 1h Comedy 

P11 male Germany Communication shows    Studies   
      
       

   Student (MSc):   Cooking, 
   25 3h planting 
P12 female Brazil Communication tutorials, news    Studies   

     and politics       
       

   Student (MA): 23 6h Music and 

P13 female Georgia Project entertainment    Management   
      
       

   Student (MSc): 24 1h – 1.5h Beauty and 

P14 female Lithuania Communication education    Studies   
      
       

   Student (MSc): 22 1h  
P15 female Belgium Communication Education 

   Studies    
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   Student (MSc): 30 2h Music, 

P16 female Russia Communication education and 
   Studies   entertainment 
       

      DIYs, music 
     4h – production 
P17 male Belgium Musician/music 30 tutorials, 

 

production 7h entertainment 
    

      and comedy 
      show 
   Student (MSc):   Sport shows, 
  Scotland/ 25 8h – 10h entertainment, 
P18 male Communication education and   Germany Studies   

     documentaries       
       

   Student (MSc): 27 3h Music and 

P19 female Italy Communication education    Studies   
      
       

      Music, 
      entertainment, 

      music 

P20 male Belgium Product owner 32 7h production 

tutorials, 
      

      history-related 

      content, 

      football 
       

 
Table 1: Participants’ socio-demographic characteristics 
 
 

2.3 Data analysis process 
 
 
 
As mentioned above, all interviews were audio-recorded (with the participants’ 

consent) and then transcribed. 

 
The researcher decided to resort to Grounded theory approach because of the 

inductive nature of the thesis. Introduced by Glaser and Strauss, the Grounded 

theory approach allows to conduct data analysis and collection simultaneously, and 

further develop categories, sub-categories, and, ultimately, build a theory. Three 

phases of coding were utilized: open, axial, selective (Strauss & Corbin, 1990). 
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During the open coding phase, the researcher strived to analyse the transcripts and 

draw categories from the data. Further, during the axial coding phase, categories and 

subsequent sub-categories were developed. Finally, during the selective coding 

process, categories and sub-categories were analysed and discussed in a way that 

allowed answering the research questions (Strauss & Corbin, 1990). 

 
The developed coding structure can be found in Appendix 4. 
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3. DISCUSSION OF RESULTS 
 
 
Discussion of the results will follow the same chronological order as the research 

questions: 

 
RQ1: How do users understand the inner workings of YouTube recommendation 

algorithms? 

 
SQ1: How do users of the platform learn about YouTube recommendation 

algorithms? 
 

SQ2: In users’ opinion, what data inputs do YouTube algorithms use to 

provide recommendations? 

 
RQ2: What is users’ attitude towards algorithmic curation of content on YouTube? 
 
 

SQ1: Do users feel empowered and in control while using YouTube? 
 

SQ2: How do users feel about algorithmic transparency on YouTube? 
 
 
To lay the ground for further analysis, an introductory overview of users’ 

motivations to use YouTube, as well as their perceived advantages and 

disadvantages of the platform will be presented. 

 

3.1 Purposes of using YouTube, advantages and 

disadvantages 
 
There were three main purposes participants claimed to be using YouTube for: 

leisure and entertainment, news retrieval, and education (which included both 

academic and life-applied purposes). The weight of each of the categories is 

illustrated in Fig. 4 below: 
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Figure 4: YouTube use purposes 
 
 
Among many leisure purposes (stand-up comedy videos, TV shows, interviews, 

movie trailers and overviews), music had by far the largest share. Even after an 

introduction of alternative music platforms, YouTube remains the place where users 

expect to find a great variety of music for free: 

 
“Mostly I use it [YouTube] for music. I don't have Spotify or anything like that. I 

guess it is because of, you know, it's for free and really don’t feel like spending 

money on music” (P08, 24, female, MSc student, Polish). 

 
However, YouTube appeared to be more than a source of entertainment and a way to 

spend free time. As many of the participants were away from home, they resorted to 

the platform when they wanted to get acquainted with the latest political news or 

current affairs from their home country. Some participants saw the platform as a 

valuable and, most importantly, trust-worthy source of information: 

 
“The first thing I look for there [YouTube] is news. For example, I like short 

explanatory videos from the channels I am already subscribed to because I usually 

know I can trust the author of the video and I can expect a high-quality, 

fact-checked content” (P10, 24, female, MSc student, Ukrainian). 

 
Lastly, participants were often looking for video content that would allow them to learn 

a new skill, understand a new topic, deepen their knowledge of a specific field. 
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Some students also claimed to be accompanying their studies with educational 
 
YouTube videos: 
 
 
“There's a lot of great content coming from independent creators that offer a 

variety of high-quality explanatory content. And often before looking for 

information in official papers, I first go to YouTube, not even Wikipedia” (P09, 26, 

female, MSc student, Swiss). 

 
When asked about the advantages of the platform, the majority of participants 

pointed out to a variety of content that might contribute to their knowledge or 

assist in spending their leisure time. Whenever using the platform, respondents 

were assured they would find precisely what they were looking for. During the 

suggestive part of the interview, 60% of respondents agreed that YouTube 

algorithms were not only suggesting videos similar to what they had already 

watched but also offered slightly novel content: 

 
“I think that they are trying to propose something new, but I think they still try to 

stay in a safe zone as much as possible. Therefore, even if they would choose 

something new and not directly related to what you have already been watching, 

that will still be something that they think you could like, or you could click on” 

(P19, 27, female, MSc student, Italian). 

 
This supports the findings drawn by Zhou et al. (2010) in claiming that YouTube 

recommendation systems are not only guiding users in a familiar direction but are 

also increasing video diversity on the platform by suggesting new discovery type of 

content to users (Zhou et al., 2010). 

 
Some respondents pointed out their own time-wasting behaviour, which they felt 

was enhanced by YouTube recommendation algorithms. They expressed their 

concerns about the risk of spending too much time on the platform without any 

particular reason. Moreover, as the interviews were conducted during the 

COVID-19 crisis, participants declared that they wanted to avoid spending more 

time watching the screens: 
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“Now it just feels like I want to do other things with my time than watch YouTube. 

Also, now, during pandemics and a lockdown, we constantly watch our screens and 

then spending another hour doing that while watching videos annoys me in a way. 

There is also a lot of useless content on there and I don't want to waste my time, 

I'm trying to make a conscious decision” (P04, 25, male, client relationship and 

communication assistant, British). 

 

3.1.1 Engagement and (dis)satisfaction with the 

recommended content on YouTube 
 
To better comprehend users’ grasp of YouTube algorithms, participants were asked 

to describe their engagement with the recommended content on YouTube and 

evaluate its relevancy. 

 
The interviews’ results revealed that users are much more likely (60% of 

respondents) to click on the videos recommended in the suggested videos section 

located to the right from the video just watched, than the ones on the home page. 

This can be explained by targeted use of YouTube that consists of searching for a 

specific topic and then expanding from it: 

 
“I just type in the search bar what I am looking for and that is it. Therefore, I don’t 

even pay much of attention to my homepage to be honest. But then the suggested 

videos I often find to be quite relevant so I might often click on them” (P07, 28, 

female, MSc student, Brazilian). 

 
Another explanation to that can be an attempt to save time and not fall into an 

endless span of videos recommended on the home page: 

 
“I would mostly click on the suggested videos rather than those that are presented 

on the home page because I don’t have all the time in the world to spend watching 

YouTube videos” (P05, 31, male, digital marketing specialist, Belgian). 

 
This observation supports findings of Zhou et al. (2010) who claimed that suggested 

videos section located to the right from the video just watched is the primary booster 
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of video’s views on YouTube (Zhou et el., 2010). The same conclusion was also 

introduced by a Product Manager of YouTube search and discovery team, Todd 

Beaupre (Creator Insider, 2017). 

 
Meanwhile, when it comes to a more entertainment-oriented content, users were 

found to be more likely to resort to the home page suggestions because they knew 

it is going to be perfectly-suited for their needs and will save them time for 

searching: 

 
“…I am rarely looking for a very specific content, I am going on YouTube to rather 

watch something fun or watch a TV show like the Voice. Therefore, when I am on 

YouTube I already know that there is nothing I need to search, lots of videos will 

already be there on my home page” (P11, 25, male, MSc student, German). 

 
We could conclude that participants mostly enjoyed the quality and diversity of 

content that gets recommended to them by YouTube. Namely, in one of the 

interviews, YouTube was referred to as “the biggest library of video information” 

(P05, 31, male, digital marketing specialist, Belgian). 

 

3.2 Awareness and personal experience with 

YouTube recommendation systems/algorithms 
 
Before moving any further, it was essential to first probe into users’ awareness of 

YouTube recommendation algorithms' existence. Here, participants were asked to 

reflect on how they think certain videos appear in their YouTube recommendations 

feed, whether that is a random process or guided by specific mechanisms. This 

part of the interview was very broad and non-suggestive which allowed the 

researcher to understand where each participant stood in terms of his/her 

reasoning behind the YouTube algorithmic functioning. 

 

3.2.1 Users’ awareness on YouTube algorithms 
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All 20 participants showed absolute confidence in stating that content on YouTube 

is curated and is not a result of a random video selection. However, the level of 

understanding and the way of learning about YouTube algorithms differed among 

them. 

 
While most users displayed a high level of awareness, their conception of 

algorithms was very intuitive and sometimes poorly specified. Namely, only half of 

participants referred to the term “the algorithms” or “YouTube algorithms”: 

 
“Of course, I don't think that it is a random process. I can personally notice that 

videos I see on my home page or in recommended videos section are very much 

related to the videos I've seen in the past, past few hours or a few days…The 

algorithms have learned and analysed my preferences to then provide me with a 

very personalized selection of videos, that is how I see it” (P13, 23, female, project 

manager, Georgian). 

 
Another half used the term “the mechanism” mentioned by the researcher. The 

terms such as “collaborative filtering”, “content-based filtering”, “hybrid filtering” or 

“machine learning” have not appeared in any of the interviews. 

 
The findings listed above, in a way, resemble with some of the earlier research on 

algorithmic awareness on YouTube by Alvarado et al. (2020), where they aimed at 

studying middle-aged users’ perception of YouTube algorithms. As the results of 

this study showed, respondents either detected some level of content curation on 

the platform, or learned about it from media sources. However, they were lacking a 

clear vision of how exactly YouTube algorithms work and what data is used to keep 

them running. Arguably, this can be linked to users’ general lack of interest in how 

these systems operate or to the complex technical nature of the process. 

 
Meanwhile, in this study, despite a lack of in-depth technical understanding of 

algorithmic functioning, users showed a well-rounded understanding of how one’s 

engagement with the platform can influence future content recommendations and 

presented an extensive knowledge on which data inputs can be analysed by YouTube 

algorithms. Our users have also shown an understanding of how it is possible to 

manage the content they get recommended and change recommendations if 
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necessary. This could be, in turn, explained by the fact that respondents grew up 

with SNSs and already had at least some understanding of algorithmic functioning. 

Moreover, an increased media interest in the topic, as well as recurring scandals 

related to algorithmic biases could act as a catalyst for some of the interviewees’ 

curiosity. 

 

3.2.2 Users’ means of influencing their YouTube 

recommendations 
 
Almost all participants displayed a high level of awareness and personal use of 

mechanisms that might allow them to gain control over recommended content. 

Three categories of such mechanisms were identified by the end of the 

interviewing process. 

 
Firstly, most respondents mentioned an option of changing search queries and 

transforming their usual online behaviour patterns. Following this path, they 

believed, it is possible to gradually steer algorithms in a new direction: 

 
“If I would put a lot of work into it, I might be able to change it depending on what 

I search and what I start looking for. Then after the algorithms will for sure adapt 

to this new type of behaviour” (P02, 26, female, MSc student, German). 

 
An alternative option was introduced by two of the respondents – they offered to 

erase or deactivate watch history analysis altogether. This, they proclaimed, will 

make algorithms less adapted to one’s preferences and interests but, at least, will 

make users more in control of what they see on the platform: 

 
“I just deactivated the function on my watch history analysis. That shows that as a 

user you still have some power over your actions on the platform in your hands” 

(P15, 22, female, MSc student, Belgian). 

 
Finally, it was reported that editing one’s preferences or interest categories in 

Google account linked to YouTube account can act as another 

recommendation-managing tool: 
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“I know that I can always change my interests and preference on my Google account. 

It's not very promoted or not communicated enough but you have lots of control over 

your privacy on your Google account, as well over your interests, what types of ads 

are appropriate for you and which are not, what do you want to be recommended and 

what not” (P05, 31, male, digital marketing specialist, Belgian). 

 
Another respondent not knowing whether such option exists on YouTube, drew a 

parallel with a different social media platform, Facebook, and assumed that it 

works the same way: 

 
“I just don’t know how it technically works on YouTube, but on Facebook you can 

even go into your interest categories and change them, even delete them if you 

want” (P11, 25, male, MSc student, German). 

 
Users’ advanced understanding and exploitation of mechanisms that allow them to 

manage their recommendations could signal their high level of awareness on 

YouTube algorithmic functioning, according to Eslami and his colleagues (Eslami et 

al., 2015). This theory could be linked to user empowerment. While it consists of 

users’ ability to transform their deliberate choices into actions (Alsop et al., 2006), 

it cannot exist without users understanding the systems’ inner workings. This 

question, however, is extensively addressed later in the thesis. 

 

3.3 Users’ understanding of YouTube algorithms’ 

inner workings 
 
Before discussing users’ opinions on data inputs used by YouTube algorithms, they 

were asked to share their experience of learning about the existence and 

functioning of YouTube algorithmic recommendation systems. 

 

3.3.1 Users’ ways of learning about YouTube algorithms 
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For the vast majority (75% of respondents), the process of learning about YouTube 

algorithms was very intuitive and gradual. It looked mostly like an observation of 

certain trends and patterns on the platform: 

 
“I don't think it was an apparent realization that I made on my own, because it 

was very natural and gradual. I started using the Internet very young, as all of 

people from our generation did. In the 90s, there was yet no YouTube, but we 

already had a close connection with the Internet and could see that our behaviour 

online can predispose the recommendations we will get later on” (P07, 28, female, 

MSc student, Brazilian). 

 
These respondents’ hypotheses were later supported by external sources such as 

articles, videos, classes. This allowed them to incorporate their personal 

experience and observations into a bigger picture of algorithmic functioning not 

only on YouTube but on all other major online platforms: 

 
“At first, that was definitely just my observation and I was not even sure if that 

was actually the case that all of the videos that I get recommended are based on 

my previous behaviour and interaction on the platform. But then it just that 

everyone started talking about it in the media, there were some scandals related 

to social media algorithms and of course I noticed some of headers about it in 

media and read these articles” (P13, 23, female, project manager, Georgian). 

 
For others, an understanding came with practice as a part of their professional 

activity: 

 
“I noticed it quite practically because…I am doing digital marketing. And, of 

course, I discovered that I was able to target a lot of people based on their 

behaviour on YouTube, for example, or on any other Google platform” (P05, 31, 

male, digital marketing specialist, Belgian). 

 
Only for 25% of respondents, knowledge of YouTube algorithms came from an external 

source straightaway – school classes, university classes or documentaries: 
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“I didn't really read about algorithms anywhere before. It's just that they came up 

in general discussions, either at university, or again, simply online. The Social 

Dilemma documentary, for example, on Netflix, also talked about YouTube 

algorithms” (P18, 25, male, MSc student, Scottish/German). 

 
It is worth mentioning that the Social Dilemma documentary that was released on 

the famous VOD platform – Netflix – in 2020 was named as a source of education 

on algorithmic curation for several other respondents. This can indicate that such 

initiatives contribute to educating a general population on otherwise complicated 

and highly technical topics. 

 

3.3.2 Users’ beliefs on YouTube algorithms’ influence 

factors 
 
In this section, we will discuss user beliefs on influence factors (data inputs) that 

affect YouTube recommendation algorithms. Here, participants were first asked to 

critically analyse their personal experience with the platform and name influence 

factors that first came to their minds. They were then asked more suggestive 

questions that allowed them to expand their opinions further. This way, the 

researcher was able to detect which data inputs appear to be more natural for lay 

users. 

 
As a result, twelve factors defining what will be shown in users’ recommended content 

feed emerged. These factors were then grouped by the researcher into four categories: 

(1) previous actions or interactions with YouTube (2) video metadata 

 
(3)​ personal and socio-demographic data (4) external data or data from outside 

YouTube. 

 
3.3.2.1 Previous actions or interactions on YouTube 
 
 
This first category of user beliefs on YouTube algorithms involved users’ online 

behaviour patterns on the platform. More than half of all influence factors 

mentioned were attributed to this category. Previous actions performed online 

were perceived to be an explicit signal of user’s interests and preferences. 
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3.3.2.1.1 Watch history and clicks 
 
Watch history and/or clicks seemed to be the most obvious influence factors and 

were mentioned by 55% of respondents. In other words, they believed that the 

content they previously clicked on and/or watched would affect their future 

recommendations: 

 
“I would say, that might be your clicks. That will allow them to build a profile on 

you with the details about your interests, preferences, etc. And then they can 

already start recommending you videos from the same categories or maybe the 

videos users like you might have watched at a certain point” (P16, 30, female, MSc 

student, Russian). 

 
Here, it is worth mentioning that more than half of respondents believed that there 

is a sort of user clustering on YouTube (related to collaborative filtering), meaning 

that the platform’s algorithms are seeking to find connections between users’ 

behaviour on the platform to then use these insights for content recommendation: 

 
“[there are] specific buckets of users that vary depending on how these users 

behave on the platform, what they engage with and what not, what comment on 

etc. For example, an art video user will end up in a bucket of users with the same 

tastes. But you can also be in several buckets and it doesn't mean that you will be 

allocated to only one bucket and that is it” (P05, 31, male, digital marketing 

specialist, Belgian). 

 
There were also some (25%) who perceived it as a rather simplistic and outdated 

algorithmic tool, therefore, denying an existence of such practice on YouTube. This 

shows a lack of knowledge about hybrid filtering employed by YouTube among 

some participants. The main explanation that was mentioned several times was 

users’ belief that YouTube algorithms are very personalized and are working on a 

case-by-case basis: 

 
“Well I guess that could certainly happen earlier, when the technique wasn't still that 

well-developed. During these early stages, I think they would just scan the users’ 

behaviour, find the ones that are more or less the same and then recommend 
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them the same types of videos. But I think now when the technology is much 

further developed, it is not the case anymore, they can really check each user one 

by one and then suggest a very personalized content” (P11, 25, male, MSc 

student, German). 

 
3.3.2.1.2 Time spent watching a video 
 
The next major influence factor within the interaction-based category was the time 

spent watching a particular video (named by 55% of respondents). The reason 

why users believed the number of seconds watched matters for YouTube 

algorithms was two-fold. Particularly, one group of participants was proclaiming 

that time spent watching a video gets considered by the algorithms simply because 

it reflects user's unique online behaviour: 

 
“So, if someone keeps watching a five-minute video, it would be not so good to 

suggest to them a video that is one hour long, because that's not their usual 

behaviour, it doesn't fit what they previously did” (P02, 26, female, MSc student, 

German). 

 
Another argument was that time users spend watching a particular video correlates 

to time they will spend on the platform. According to participants, the ultimate aim 

for YouTube is to keep users engaged for as long as possible, and therefore it 

makes sense that algorithms would recommend content that will keep users on the 

platform for an extended period of time: 

 
“I would guess they definitely analyse the amount of time I spend watching a 

particular video. As if I watch a video for only 5 seconds, that might mean I am 

not that interested in this kind of content. Therefore, when I watch a video for 

even 10 second, they might tell that this video got me involved for longer” (P07, 

28, female, MSc student, Brazilian). 

 
Respondents who did not mention this influence factor themselves were asked 

whether they believed that time users spend watching a video influences YouTube 

algorithm in one way or another. Noticeably, all of them agreed. 
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The opposite behaviour, namely, skipping the video after watching it for a brief 

period of time, was also seen to be a valuable algorithmic input. The algorithm was 

believed to be down-ranking the videos that users scrolled through as such action 

was likely to be a result of a mistake or an indication of pure disinterest: 

 
“…maybe I just turned on the wrong video, I didn't watch it at all and just turned it 

off. Then that means that such video will not really correspond to my needs and 

expectations. Therefore, I don’t think they would still recommend it later on” (P13, 

23, female, project manager, Georgian). 

 
3.3.2.1.3 Likes, dislikes, comments 
 
Likes, dislikes and comments were also deemed a valuable contributor to 

YouTube algorithms’ functioning by many respondents (45%). These influence 

factors were considered a strong signal from users, and were therefore seen to 

have a major influence on their future recommendations. 

 
While the first two factors – likes and dislikes – were thought of by the majority of 

the participants straightaway, comments’ relevance was questioned by some of 

them: 

 
“And if you like or comment on certain videos, it will also include that in the 

algorithm, I would say. I mentioned comment section but I'm not too sure about 

whether the fact that you have commented on something is as valuable as like or 

dislike” (P03, 21, male, MSc student, Belgian). 

 
In some instances, respondents did not mention this influence factor without the 

researcher’s assistance. One of the explanations for ignorance towards comments 

as input for YouTube algorithms is users’ intuitive understanding of algorithmic 

functioning on YouTube which could also be referred to the concept of user beliefs 

that are purely based on users’ previous interaction with the system (Gelman & 

Legare, 2011). Therefore, as their personal engagement with the platform often 

excluded leaving comments on the videos, some respondents were struggling to 

express their opinion on this question: 
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“Yeah, it's kind of complicated question for me because I don't comment that 

often. But, I guess, again, there is kind of filter that the checks everything and for 

sure notes down whether I have commented on something” (P16, 30, female, MSc 

student, Russian). 

 
To allow participants elaborate more, they were asked whether they think YouTube 

algorithms were analysing the content of the comments. While some interviewees 

agreed that sentiment analysis performed by AI could be used to extract insights 

from comments, the vast majority suggested that it is not the emotion users 

experience that matters but users’ engagement: 

 
“I think they have an ability to analyse the content of the comments but they don’t 

really use it for their recommendations. Any reaction is good for them, it's like, if a 

video gets a lot of dislikes, it will be still recommended to a lot of people because it 

creates a lot of interaction” (P20, 32, male, product owner, Belgian). 

 
Interestingly, another form of interaction such as sharing a video was not 

mentioned by any of the participants until the researcher asked a related question 

during the suggestive part of the interview. An overwhelming majority of 

respondents (80%) agreed that such action will most likely result in similar videos 

to be listed in the recommendations section on YouTube: 

 
“I think it would be quite logical because it gives the insights on users’ preferences 

and true interests. Without enjoying the video, I think, you will not share it with 

your friends” (P13, 23, female, project manager, Georgian). 

 
However, some interviewees questioned whether it is the same for all the social 

media platforms and drew a distinction between publicly available content and 

something shared in private messages: 

 
“Yeah, there is cross site tracking, for sure. I mean, I'm not sure about whether 

it's happening on WhatsApp because it is encrypted. But if I will, for example, 

share it on Facebook publicly, then for sure they would see it and consider for 

future recommendations” (P11, 25, male, MSc student, German). 
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Here, certain privacy-related concerns were touched upon by some users for the 

first time: 

 
“I don't know if they know, if they can tell every time someone's shared, even in 

private messages a specific video. I would say ‘no’ because it feels like it would be a 

violation of privacy to be able to know what I write in my personal messages, even if 

what I write is a link to their video” (P17, 30, male, music producer, Belgian). 

 
3.3.2.1.4 Subscriptions 
 
In addition to the previous interaction-based influence factors, the channels 

people are subscribed to were also deemed as indicators for similar videos or 

videos watched by users with the similar preferences to appear in the 

recommendations’ feed: 

 
“I guess the first would be the accounts I follow because at least half of the 

recommendations I get are from these channels” (P10, 24, female, MSc student, 

Ukrainian). 

 
Even users whose usual behaviour on the platform did not necessarily include 

subscribing to any channels agreed during suggestive interview part that 

subscriptions have a definite value for algorithms: 

 
“I don’t have any subscriptions on YouTube actually. That is why I have no idea how 

that works. But I am quite sure that makes sense because when you subscribe, you 

click on this little bell then you are already sending the signal to the platform that you 

want more of that content in your feed” (P11, 25, male, MSc student, German). 

 
It was also suggested that subscription allow YouTube to promote users’ 

engagement with the platform by sending notifications about new content coming 

from the channels one is subscribed to: 

 
“…when you subscribe, they usually suggest to enable the notifications for the other 

videos from this channel. It should really be related because also I think that the 
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fact you are subscribed to a particular channel might show your spectrum of 

interests and preferences” (P19, 27, female, MSc student, Italian). 

 
3.3.2.1.5 Search queries or keywords 
 
Finally, another major influencer within this category were search queries: 
 
 
“One thing certainly is the use of trending tag words that you put into the search 

bar, so, for example, when I type in ‘Trump versus Hillary Clinton’, it will compare 

my search query with videos themselves as well as to videos that people with the 

similar search history have been looking up and therefore suggest me videos that 

are therefore relevant” (P03, 21, male, MSc student, Belgian). 

 
Mostly, those suggesting that keywords act as one of the primary influence factors 

for algorithmic content curation on YouTube were referring to the platform as a 

search engine rather than a social media platform: 

 
“I think that whenever it comes to search engines to which we might also relate 

YouTube, keywords or generally something that you type in the description or 

meta titles is important” (P13, 23, female, project manager, Georgian). 

 
After being asked whether searches without any supportive interaction (clicks) will 

affect YouTube algorithms in the same way, the majority (65%) of respondents 

agreed that search results on their own are being stored to use for 

recommendation purposes later. It is also worth mentioning that an association 

with YouTube’s parent company, Google, was brought up here: 

 
“I think that might be the same as with Google, when you are searching for 

something, it gets logged in their system to then retarget you for advertisement 

purposes etc. I think that is how it works with YouTube too” (P06, 24, female, MSc 

student, Italian). 

 
At the same time, some interviewees addressed the question differently suggesting 

that even though algorithms will consider it at some point, such action will be 

weighted less: 
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“I think the fact that you arrived on specific pages already means something to 

them. But I think it will be weighted less than if you had clicked on it. So, the 

degree of importance will be less but it will still be considered by the algorithms” 

(P05, 31, male, digital marketing specialist, Belgian). 

 
3.3.2.2 Video metadata 
 
 
YouTube’s interface frequently allows users to navigate an array of video content 

and filter it out by looking at others' activity, which can be visualized through 

videos’ metadata: number of views, video's description, title, thumbnail. 

 
In this section, we will learn how users associated these features with YouTube’s 

algorithmic functioning. 

 
3.3.2.2.1 Popularity factor or view count 
 
It was agreed that the overall popularity of the video can influence YouTube 

algorithms one way or another: 

 
“I think it is important for algorithms to show users something that the rest of 

community on the platform has engaged with” (P05, 31, male, digital marketing 

specialist, Belgian). 

 
However, it was mentioned that regardless of how popular a certain video is among 

others, it will not be shown in the recommendations section if it does not have any 

relevance for a user: 

 
"Of course, what is now trending and regarded as popular will be recommended 

much more. But I mean that the most popular video from the category of videos I 

already watch would be recommended, not just any random video with lots of 

views on it” (P11, 25, male, MSc student, German). 
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Such claims once again suggested that users generally believe that YouTube 

algorithms are tailored for the personal preferences and interests of each user, and 

aimed at improving their user experience. 

 
3.3.2.2.2 Video’s description, title, thumbnail 
 
Furthermore, keywords used in the description, title and the choice of a 

thumbnail were also seen to be a relevant contributor to the functioning of 

algorithmic suggestions on YouTube: 

 
“Good description with a lot of keywords words can be taken into account by YouTube 

algorithms, or at least I think so” (P15, 22, female, MSc student, Belgian). 

 
Even though the majority of respondents (70%) when asked a related question 

agreed that description, title, and thumbnail are a valuable influence factor, their 

reasoning behind it varied. 

 
Namely, once again a parallel with the search engine was made by some to explain 

how keywords can influence algorithms: 

 
“It is like a search engine. So, if I am typing in the word “nature” in the search box 

the best video, with the best narrative and quality is less likely to get enough 

views to appear in the search results than a poorer-quality video with this keyword 

in a description and the title” (P01, 23, female, business manager, Georgian). 

 
Meanwhile, others insisted that eye-catching and organic keywords will attract 

users’ attention which will then influence algorithms respectively: 

 
“The title cannot influence on algorithm, but it can influence the users’ behaviour – 

rather attract users’ attention or not. And that is what then will influence the 

algorithms” (P16, 30, female, MSc student, Russian). 

 
It is also worth mentioning that, because of their lack of knowledge on how 

keywords in description and title can affect YouTube algorithms, some users were 

trying to compensate with their insights about other platforms: 
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“I do think that title and the image thumbnail you choose will have an influence. 

I'm not sure though if that would do the trick at all actually. Because I know that 

in case with Facebook it is not a good idea to change something about the post 

once it is published, will affect badly the algorithms” (P10, 24, female, MSc 

student, Ukrainian). 

 
3.3.2.3 Users’ personal and socio-demographic data 
 
 
The third category of influence factors contributing to YouTube algorithmic 

functioning was related to explicit and implicit user data. 

 
3.3.2.3.1 Gender and age 
 
Demographic data such as gender and age were among one of these factors: 
 
 
“Well, first of all, probably the demographics, and the information that is provided 

in my YouTube profile. I'm not sure maybe even gender, my age, some 

information that I provide about myself when creating an account” (P14, 24, 

female, MSc student, Lithuanian). 

 
3.3.2.3.2 Location 
 
The algorithms on YouTube were also claimed to be considering information on 

users’ location: 

 
“…if I am changing the VPN sometimes on my laptop, I have different kind of 

videos in my suggested videos. I'm from Georgia, therefore, I will mostly get the 

videos about Georgian culture or by uploaded by Georgian YouTubers but if I'm on 

the platform with my American VPN, then I will have a completely different type of 

content suggested in the Trending Now” (P01, 23, female, business manager, 

Georgian). 

 
Notably, some of the respondents noticed that location would be only considered if 

the location settings are enabled on a device: 
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“Depends on whether you enable the location access for the app in your setting. 

But because I haven't done that, I got more kind of global stuff” (P09, 26, female, 

MSc student, Swiss). 

 
Advertisement on the platform was also mentioned here: 
 
 
“I think for the advertisement, yes, the location gets considered. Because when I 

was in Brazil, I used to watch some local news, as I mentioned already. So, they 

kept recommending me the same content, but the advertisement in the video was 

in Dutch, or in French” (P12, 25, female, MSc student, Brazilian). 

 
3.3.2.3.3 Time of the day 
 
 
Finally, the time of the day was also considered to be one of the algorithmic 

contributors: 

 
“I guess I would rank it [influence factors] like 80% are really coming from my 

user behaviour like clicks or even my searches, but I'm guessing that around 20% 

could be influenced by my surroundings and my location, as well as the time of the 

day. I think I might have different recommendations at the evening than I would 

get in the early mornings” (P11, 25, male, MSc student, German). 

 
Even though time of the day is dependent on a context of utilization, as it is closely 

linked to the location of user, it was considered to be one of the demographic 

variables of users’ data. 

 
3.3.2.4 External sources or users’ online activity outside 

of YouTube 
 
Even though, generally speaking, users were not concerned about YouTube getting 

any of the insights from their online activity outside of the platform, there were 

some (15%) who still claimed that there is a connection between algorithmic 

functioning on YouTube and Google searches or online shopping: 
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“…sometimes I see that…I can be doing online shopping on some websites and 

then end up on YouTube, there, I might see a video of an influencer presenting a 

certain brand” (P06, 24, female, MSc student, Italian). 

 
However, it is worth clarifying that users distinguished Google products and those of 

other companies. Therefore, when asked about whether sharing videos to other 

platforms would mean that they would get similar videos recommended later, those 

who were denying such opportunity mainly were referring to the following argument: 

 
“That would mean that Facebook and Google would have to work together and 

share information among each other, I don’t believe that would be possible in 

today’s reality” (P01, 23, female, business manager, Georgian). 

 
But the possibility of sharing users’ data such as their interests and preferences 

between two Alphabet Inc. subsidiaries – Google and YouTube – was also clarified: 

 
“If you have a YouTube account, you put some data in there or maybe simply 

connect it with your Google, with Gmail” (P02, 26, female, MSc student, German). 

 

3.4 Conclusion on users’ understanding of 

YouTube algorithms’ inner workings 
 
Before moving to the second part of the result discussion, it is important to draw 

some conclusions on users’ understanding of YouTube’s algorithmic functioning. 

 
The Fig. 5 below shows the type of data respondents believed to be used by 

YouTube to feed their recommendation algorithms: 
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Figure 5: Data used by YouTube algorithms (users’ own perception) 
 
 
By looking at the figure above, we can notice that respondents have mostly 

prioritized their previous actions or interaction with YouTube as the main influence 

factor. This might be explained by a lack of technical understanding among users 

and, thus, a tendency to base their reasonings on their personal experience with 

the platform (user belief). 

 
Another reason might be coming from users’ belief that algorithms on YouTube are 

very sophisticated and are precisely suited for each individual. 

 
Data such as watch history, clicks, search queries, likes, dislikes, comments, 

shares, subscriptions, time spent watching a video were often mentioned as key 

influencers on YouTube recommendation systems. 

 
The second most-common influence factor category was video metadata. This 

category implies that other users’ actions can also affect recommendations. It 

explains why even though none of the participants initially mentioned user 

clustering as one of the influence factors, the majority of them agreed that it still 

might play a significant role once they had been presented with a suggestive 

question on the topic. 

 
Finally, personal socio-demographic data and activity outside YouTube were hardly 

seen as important as video metadata. Only 15% of all respondents reported that 

YouTube draws data from affiliated external sources (Google searches and online 
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shopping). While these users recognized the existence of free data movement 

between platforms related to YouTube, they have never mentioned the possibility 

of YouTube gaining access to their data from platforms and websites that are not 

directly linked to it – Facebook, Instagram, Twitter. This shows a certain level of 

trust towards the way YouTube utilises its users’ data. 

 
Overall, the vast majority of participants showed a high yet superficial level of 

awareness about YouTube’s algorithmic functioning. While they were aware of its 

existence, their understanding of the algorithm’s inner workings was noticed to be 

limited and vague, mostly based on their own observations. Almost all of the data 

inputs (except for subscriptions) appeared to be “natural” for respondents as they 

mentioned them without researcher’s assistance. 

 
It was also observed that participants, in some instances, held more in-depth 

comprehension of algorithmic functioning from other SNSs such as Facebook and/or 

Instagram, and were trying to link it to YouTube. This, however, could be explained by 

recent recurrent scandals related Facebook and its subsidiaries (i.e. Cambridge 

Analytica scandal in 2018) which received an extensive media coverage. 

 

3.5 Users’ attitudes towards algorithmic curation 

on YouTube 
 
When discussing possible advantages and downsides of algorithmic curation on 

YouTube, the predominant majority of participants (75%) expressed their strong 

support for YouTube recommendations. The added value they provide to users’ 

experience on the platform was pointed out to be one of the algorithms’ eminent 

advantages: 

 
“So, I personally think about the recommendation systems as something beneficial 

because most of the times they improve my experience with the platform, that 

makes me wanting to find content that I like. I know that algorithms can help me 

in that” (P03, 21, male, MSc student, Belgian). 

 
 
 

73 



 

Even though most participants showed understanding that algorithms are 

employed for profit maximization and monetization, they admitted that they were 

enjoying using the platform and will continue doing so as long as they keep getting 

engaging and/or relevant content: 

 
“I think that YouTube as any platform nowadays needs this cross-side network effect 

to be running. So, they need to keep me engaged. But at the same time, they want 

YouTubers to make content and advertisers to pay for ads on the platform. So, I kind 

of understand this need for algorithms, therefore, I don’t have anything against them, 

for me, it is more positive” (P10, 24, female, MSc student, Ukrainian). 

 
There were also some users who expressed a high level of trust in YouTube’s 

altruistic motivations: 

 
“I believe that people working in YouTube are really there to propose new content, 

to make people discovering stuff because honestly, I personally learned a lot of 

stuff because of YouTube. So, people working there they don’t have this evil 

intention, we can say that they are actually working for the benefit of users” (P20, 

32, male, product owner, Belgian). 

 
Several participants raised the question of filter bubbles and echo chambers. While 

they believed their high level of digital literacy protected them from these biases, 

they feared that less educated users were under threat of being steered towards 

radical views and content. More than a half of respondents were convinced there 

are certain societal concerns related to these mechanisms we cannot ignore: 

 
“My concerns are mostly related to filter bubbles, echo chambers. I mean, when I 

look at me, I don't have the threat that I will get radicalized online. Because I'm 

socially well-integrated, have good education, some understanding of algorithms, 

but I'm sure that sometimes the YouTube algorithms can lead towards 

radicalization of users that might not have a very well-shaped understanding of the 

world” (P09, 26, female, MSc student, Swiss). 

 
This illustrated the need for the promotion of media and digital literacy among a 

broader audience, especially one that is more vulnerable to algorithmic influence. 
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Improving media literacy among those who have no or minimal understanding of 

algorithmic curation could resolve a power asymmetry issue and develop an 

audience that would be more independent in shaping its opinion. 

 
Interestingly, while privacy concerns related to social media platforms have gained 

strong momentum during the last few years, respondents have not explicitly 

shown any concern about the safety of their data on YouTube. This attitude could 

be explained by the benefits offered by YouTube algorithms, low sensitivity of data 

stored on YouTube, as well users’ perception of the platform as a search engine 

rather than a social medium: 

 
“Well I think I feel less concerned with my personal data security and I don’t have as 

many privacy related concerns when it comes to YouTube but I am not sure why. I 

might guess that it is because I don’t communicate with anyone really on YouTube, I 

don’t upload anything there either” (P02, 26, female, MSc student, German). 

 
Another explanation for users’ seemingly carefree attitude towards data protection 

on YouTube could be linked to a ‘black boxed’ nature of YouTube algorithms which 

is likely to deprive users of an ability to evaluate the threats related to algorithmic 

curation (Pasquale, 2015). 

 
Some, however, explained the lack of privacy concerns in relation to YouTube by 

claiming that the platform employed strong data security practices: 

 
“I see that situation with the personal data security as putting money in the bank. For 

instance, you can keep your money under the pillow or you can deposit them in the 

bank. I tend to think that in the bank they will be safer after all, the chances that 

someone will steal your money are almost zero. I know for sure that people working in 

the IT department for Google are the best of a kind, therefore, their data security is on 

the top level” (P05, 31, male, digital marketing specialist, Belgian). 

 
By looking at the results of data analysis, we can conclude that the platforms’ benefits 

could outweigh the downsides users mentioned. These findings echoed the results of 

Fast’s and Jago’s study (2020) that showed that the absence of motivation 
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to protect their privacy online, among other factors, might be coming from benefits 

provided by the algorithms and no expectancy of serious harm (Fast & Jago, 2020). 

 
According to Taylor (2004), privacy concerns are often context-specific, and this 

hypothesis was supported by the results of our observations (Taylor, 2004). 

Indeed, while respondents have shown their understanding of potential 

data-related concerns often associated with other social media platforms, they did 

not feel the same way about YouTube. 

 

3.5.1 Empowerment and feeling in control 
 
 
When discussing users’ empowerment and control over recommendations they get on 

YouTube, the predominant majority (65%) of participants expressed a high level of 

agency on the platform. These findings showed opposite results in comparison to other 

more communication-oriented social media platforms as Rader and Gray (2015) found 

that only a small fraction of their sample felt empowered and in control of their 

Facebook News Feed (Rader & Gray, 2015). This could be partly explained by 

YouTube’s primarily leisure-oriented purpose, as well as users’ seemingly high level of 

awareness about algorithmic functioning on YouTube. 

 
The reasonings behind our respondents’ opinion varied. While some attributed it to 

their specific use of YouTube: 

 
“I feel in control because, as I said, I rarely simply click on the videos that get 

recommended to me on the home page. I simply search for something. Therefore, 

I can just change my search and then the recommendation algorithms will adapt 

accordingly” (P01, 23, female, business manager, Georgian). 

 
Others associated it with YouTube’s algorithms’ adaptive nature: 
 
 
“Yes, because, for example, now the tutorials for music production I am watching 

are not going to be there if all of the sudden I will start watching videos about 

butterflies. In a week max the recommendation algorithms will adapt to my 

behaviour on the platform” (P20, 32, male, product owner, Belgian). 
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Meanwhile, some participants recognized that their control over YouTube 

recommendations was relative and ambiguous: 
 
“I think we have certain control over them, but not too much because they YouTube 

algorithms will adapt to whichever content I am watching. Even though I will try to 

‘fight’ against it, they will follow me and start recommending me this new type of 

content after some time...Feels like we can’t escape the algorithms, they're always one 

step ahead and that’s kinda scary” (P12, 25, female, MSc student, Brazilian). 

 
Although, there were still a few participants (10%) who admitted that the constant 

surveillance and feeling of intrusiveness deprives them of their agency while they 

are on YouTube: 

 
“For sure I don’t really feel in control because I know there is something that 

watches over me all the time I am on the platform. Of course, this is not a real 

human-being but a machine, but still, I don't feel very comfortable and safe…we 

can try and change the recommendations we get, but this constant feeling of being 

a ‘puppet’ will never disappear” (P16, 30, female, MSc student, Russian). 

 
At the same time, some participants used the same argument of algorithmic 

surveillance in support of the platform saying that they feel less worried knowing 

that machines are analysing their behaviour online and not actual human-beings. 

 

3.5.2 Curated vs. Non-curated YouTube feed 
 
 
When asked about whether they would choose curated or non-curated YouTube 

feed, half of respondents expressed their preference towards the first option. 

Considering all pros and cons discussed, participants confirmed that they are fully 

happy with algorithmic curation on YouTube because of the added value it brings to 

their user experience: 

 
“I would say that the user experience will be better with the recommendation systems 

because that means that they don't have to try to search for something and also there 

is a chance that these recommendations will suggest something new and exciting you 

would not have found otherwise. So, I personally would choose the 
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platform with the recommendations but yet being aware of possible constraints” 

(P05, 31, male, digital marketing specialist, Belgian). 

 
While half of the participants confirmed they would not switch to an alternative 

platform with no content curation even if given a choice, 40% of interviewees 

confessed they would appreciate to at least have a choice between these two options 

and be granted some freedom in managing their YouTube recommendations: 

 
“Yes, I think the last one [having a choice between the two]. Because then users 

can have a kind of feeling that they can decide something. If they [users] do not 

want to be analysed, I mean their digital behaviour, their footprint, they can 

choose an option of a platform without any algorithms on it” (P16, 30, female, MSc 

student, Russian). 

 
Meanwhile, a small fraction of participants (10%) was open to an alternative version of 

the platform with no content curation. Mainly, this decision was explained by users’ 

desire to avoid distraction and gain more control over time spent online: 

 
“I think I would be happy with no suggestions. Because if I want to watch a certain 

thing I just need to look for it, I don't need the recommendations. I think I would 

enjoy more freedom on the platform. I would have less distractions without 

recommendation and spend less time on YouTube, that is for sure” (P12, 25, 

female, MSc student, Brazilian). 

 
We can summarize that even though participants demonstrated an understanding 

of revenue-oriented rationale behind YouTube recommendation systems, as well as 

concerns related to their functioning, they mainly expressed a high level of 

satisfaction with the quality and diversity of recommended content on YouTube. 

 

3.6 Users’ attitudes towards 

algorithmic transparency on YouTube 
 
 
 
 
 

78 



 

A great majority of respondents (70%) were convinced that there is an apparent 

need for more algorithmic transparency on YouTube. At the same time, they 

expressed their awareness of possible motivations for YouTube to keep the 

functioning of their algorithms unavailable for the general public. Their opinions 

varied on whether YouTube should be entitled to keep the nuances of its 

algorithmic functioning unexplained. 

 
Here, some participants, while admitting an apparent need for transparency, have 

also supported YouTube in its right to preserve its intellectual property and 

competitive advantage by not disclosing details of its algorithms’ inner workings: 

 
“I think they have the right to say it's a business matter and they are in their own 

right to keep their competitive advantage they were developing for ages for 

themselves. So, if supporting a profit-oriented approach, it is possible to defend 

the platform. But as user we have also the right to know what's behind the service 

we use so much” (P05, 31, male, digital marketing specialist, Belgian). 

 
The same ideas appeared in academic publications by Diakopoulos and Koliska 

(2011), as well as Diakopoulos (2016), that highlighted a lack of business incentive 

for big online platforms to reveal their algorithmic functioning logic (Diakopoulos & 

Koliska, 2017; Diakopoulos, 2016). 

 
However, commercial interests were not the only explanation for the lack of 

algorithmic transparency on YouTube. Several respondents agreed that this 

decision might be coming from the platform’s desire to preserve content quality 

and prevent any bias: 

 
“For me, the platform is right not to reveal how their algorithms work for a 

different reason. If content creator will know how it works, they will not be eager 

to produce a good quality content they will learn the rules of the game and boost 

their videos even if they are not interesting and of bad quality in general” (P20, 

32, male, product owner, Belgian). 

 
Additionally, it was pointed out that transparency is not absolute and while regular 

users might not be interested or not be able to comprehend all the technical insights 
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of YouTube algorithms’ inner workings, certain stakeholders should be eligible to 

get a hold of this information: 

 
“…for regular users I don’t see a need or a demand for knowing such technical 

details. Even for us [communication studies students] now it is mind-blowing 

sometimes and it something that is really hard to comprehend” (P09, 26, female, 

MSc student, Swiss). 

 
“I think it should be case-by-case. For example, it is important for YouTubers 

trying to make money on the platform. Or it might be even interesting to have a 

full information on how the algorithms work for governmental bodies which are 

trying to monitor and regulate platforms like YouTube” (P10, 24, female, MSc 

student, Ukrainian). 

 
These opinions can support findings of Diakopoulos and Koliska (2017) stating that 

a complete algorithmic transparency might not be a necessity when it comes to lay 

users as it will be challenging for them to comprehend technical insights of these 

mechanisms (Diakopoulos & Koliska, 2017). A similar conclusion was also 

presented by Beer (2017) who claimed that due to the very complicated technical 

nature of algorithmic functioning, it is overwhelmingly hard for lay users to fathom 

all aspects of the question (Beer, 2017). 

 
At the same time, several respondents expressed their strong conviction that users 

are entitled to know how their data helps YouTube algorithms to generate 

recommendations: 

 
"…it must be transparent to the users, it needs to be clear about what data they 

are collecting, there must be a way to delete your personal data from the platform, 

or at least to look into what data you have submitted” (P03, 21, male, MSc 

student, Belgian). 

 
Some respondents pointed out that a lack of transparency online, in general, is a 

problem of many hands and cannot be solved by any of the stakeholders alone. 

That is why a corporate initiative is needed: 
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“I think everyone has to put effort, we can’t have just a single stakeholder that 

would be responsible for a whole situation. It is a many hands problem, therefore, 

we need some corporate actions here” (P15, 22, female, MSc student, Belgian). 

 
Meanwhile, there were also several participants (30%) who did not express any 

concern regarding a lack of transparency on YouTube: 

 
“I don't really care about it that much to be honest. I've never had any bad 

experience with recommendation systems myself because usually what get 

recommended is exactly what I have been looking for” (P08, 24, female, MSc 

student, Polish). 

 

3.7 Responsibility for users’ algorithmic 

education 
 
A great majority (85%) of participants expressed their profound interest in learning 

more about YouTube algorithms' functioning. However, they had divergent opinions 

about who should be responsible for users’ education on the topic (see Fig. 6). 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Figure 6: Responsibility for users’ education on YouTube’s algorithmic functioning 
 
 
As the figure hereinabove shows, 77.8% of interviewees considered that it should 

be the platform’s responsibility: 
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“Of course, I would like to know more. Because as I said, sometimes I don't really 

understand why I'm recommended one specific thing rather than another. I am 

guessing it must be advertisement but it could be something completely different. 

I might do something on the platform just because I am not aware of how it 

actually functions. It is like with accepting cookies all over the Internet, sometimes 

they might be asking for your fingerprint and we still accept it just because we 

want to get rid of this pop-up window. So, yes, I think that the platform should be 

more transparent with that and it should be mostly their responsibility to educate 

users because they are the ones who created the algorithms in the first place” 

(P06, 24, female, MSc student, Italian). 

 
Some respondents (15%) claimed that users themselves should also be more 

proactive in educating themselves on this topic: 

 
“I feel that, of course, the platforms are responsible and that they need to be more 

responsible…But then users should also be more aware of privacy rules and should 

think about educating themselves on such topics as much as they can” (P15, 22, 

female, MSc student, Belgian). 

 
Furthermore, it was suggested that third-party organizations, independent 

agencies, governmental bodies, education institutions should uptake the 

responsibility of opening up online platforms for public inspection and promote 

media and digital literacy among users: 

 
“I think an initiative with the schools providing some classes on this topic would 

work well because it has worked before with fake news. I mean there was this 

incredible initiative in Sweden about the fake news, Facts vs. Fake I think it was 

called. So, educating young people would be great but by doing that we don't 

totally solve the problem because we have older users who don't even realize 

what's happening” (P07, 28, female, MSc student, Brazilian). 

 
“I always think it's biased when it's coming from the platform itself, that they select 

what they show and what not. I like the political attempt to force the big platforms 
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to open, like to be more transparent or to be entirely transparent” (P09, 26, 

female, MSc student, Swiss). 

 
“I think it has to be some sort of NGO, or even the government. So that we would 

be reassured that there will be enough money for research, they would be 

transparent with who is funding them and they would be qualified enough to teach 

the audience about such a topic. Or it could be a documentary like Social Dilemma. 

So, third party” (P10, 24, female, MSc student, Ukrainian). 

 
These remarks showed an ultimate interest among users in learning more about 

algorithms on YouTube. While there are some who admitted that the technical 

complexity of the question might cause more confusion among lay users, most 

participants expressed a need for more transparency and users’ education on this 

topic. 
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4. SUMMARY 
 
With the present study, we have investigated young users' beliefs about YouTube 

recommendation algorithms and looked into their meaning-making of algorithmic 

functioning on the platform. We also examined young users' empowerment and 

their attitudes towards YouTube algorithmic content curation and transparency. 

 
Probing users' awareness of a topic such as YouTube recommendation algorithms 

was tricky due to its technical complexity and interviewing process dictated by 

COVID-19 restrictions. Therefore, open interview questions were followed up with 

suggestive questions, which noticeably expanded respondents' outlook and allowed 

them to elaborate on certain topics. 

 
A qualitative analysis of users' opinions about YouTube algorithms' data inputs and 

their attitude towards algorithmic content curation on the platform allowed us to 

highlight several valuable observations. 

 
The first research question was targeted at examining how users learned about the 

existence of YouTube algorithms in the first place. Generally, the learning process 

for participants was found to be intuitive, gradual, and deeply rooted in their 

personal experience with YouTube. Schools, universities, or other external sources 

were mentioned by only a few of our respondents (25%), implying a lack of 

initiative from educational and governmental institutions to enlighten citizens on 

algorithmic curation and how it shapes their common sense. At the same time, 

informal initiatives, such as the Social Dilemma documentary, were seen to 

contribute significantly to the population's education on otherwise technically 

advanced questions. 

 
When probing into participants' beliefs on data inputs employed by YouTube 

algorithms to provide recommendations, our users recognized a diverse range of 

influence factors. The researcher then grouped these factors into four categories: 

(1)​ previous actions or interaction with YouTube (2) video metadata (3) 

personal and socio-demographic data (4) data gathered from outside YouTube. 
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Data collected from users' previous interactions with content on the platform was 

believed to be the most influential factor (95%) for YouTube recommendation 

algorithms. Data inputs such as users' subscriptions, watch history, time spent 

watching a video, skipping a video, and search queries were mentioned in this 

users' beliefs category. 

 
Actions deemed to decide whether certain content will appear in one's YouTube 

recommendations also included liking, disliking and commenting on a video. While 

likes and dislikes appeared to be obvious data inputs, comments' relevance was 

questioned, which illustrates how user beliefs are being shaped. Indeed, since 

commenting on videos was not part of users' normal behaviour on the platform 

(meaning that it was excluded from user beliefs), they struggled to explain how 

that could affect algorithms. 

 
These findings suggest that YouTube recommendation algorithms are considered a 

sophisticated socio-technical system capable of analysing each user's personal 

experience with the platform to provide relevant content propositions. 

 
The second-largest category of influence factors (35%) consisted of video's view 

count, as well as keywords in title, description, and a choice of a thumbnail. These 

results revealed that YouTube algorithms are believed to be evaluating both the 

video's potential attractiveness for each individual and the content's popularity 

among other users on the platform. 

 
However, it is worth mentioning that participants noticed that regardless of how 

popular the video is, it will not be recommended unless it suits the user's 

preferences. This demonstrates that the majority of users trust YouTube to 

prioritise content recommendation's relevancy over popularity. 

 
Thirdly, only a tiny fraction of respondents (20%) mentioned personal and 

socio-demographic data such as users' gender, age, location and time of the day. 

 
Finally, a minority of respondents (10%) claimed that YouTube recommendation 

algorithms were extracting data inputs from outside the platform. However, they 

believed this data collection process only happens between the platforms affiliated 
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with YouTube or its parent company, Google. None of the participants expressed 

the possibility of YouTube gathering and using data from social media platforms 

and websites that are not directly linked to them. This, in turn, can be seen as an 

indicator of users' trust in the way YouTube utilises their data. 

 
Overall, it was found that while respondents held a high level of awareness of 

YouTube recommendation algorithms and their data inputs, their understanding of 

the algorithm's inner workings was limited and vague, primarily based on their 

observations and intuition. 

 
Although users have mainly (65% of respondents) claimed to hold a high level of 

agency over the content recommended on YouTube, their reasoning behind it 

varied. Some users were convinced that the highly adaptive nature of YouTube 

algorithms and advanced platform settings allowed them to steer 

recommendations towards their preferences. Meanwhile, others recognized that 

their control over YouTube recommendations is relative and ambiguous as they are 

contributing to algorithmic functioning on the platform one way or another. There 

were also some (10%) who admitted their lack of agency on the platform due to 

being constantly observed and analysed. 

 
While expressing awareness of the business rationale behind YouTube 

recommendation systems, users have shown a positive attitude towards 

algorithmically curated YouTube recommendations, satisfaction with the quality of 

recommended content and a certain level of trust with the platform's data-sharing 

practices. Half the respondents claimed that they would not switch to an 

alternative non-curated platform even if given a chance. Meanwhile, many 

respondents (40%) have admitted that they would appreciate having a choice and 

being given more freedom over their recommendations on the platform. Only a 

minority of respondents (10%) acknowledged they would like more agency and 

control over their video content consumption and, if given a choice, would switch 

to a non-curated YouTube feed. 

 
Half of the participants expressed concerns over filter bubbles and echo chambers. 

While they believed their high level of digital literacy protected them from these 
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biases, it was deemed essential to promote media and digital literacy among those 

who are more vulnerable to algorithmic influence. 

 
Interestingly, no privacy concerns were brought up in relation to YouTube algorithms' 

operation. This attitude, however, could not be linked to users' lack of understanding of 

the subject. Instead, it could be explained by the low sensitivity of data stored on the 

platform, benefits provided by algorithmic content curation, and users' understanding 

of YouTube as a search engine instead of a social medium. 

 
While discussing algorithmic transparency, some participants brought up a conflict 

of interests between YouTube's financial motivations and the public good. The 

business rationale was named one of the possible motivations for keeping details 

on algorithmic functioning undisclosed. However, financial interest was not the only 

explanation for the lack of algorithmic transparency. Some suggested that the 

decision to keep YouTube's business leverage a secret might be coming from the 

platform's desire to preserve content quality and prevent stakeholders, mainly 

YouTubers, from finding loops in the systems to promote their own content. 

 
Even though most respondents prioritized transparency, quite a few noticed that 

while regular users might not be interested in learning how these 

socio-technological systems are functioning, regulators and analysts must be able 

to access these insights. Respondents' opinions resembled the idea that while 

transparency is essential, it is often context-specific and should only be made 

available to certain stakeholders. Thus, another key takeaway is the perception 

that full transparency might not be necessary or even beneficial for lay users due 

to the technical complexity of algorithmic functioning on YouTube and other SNSs. 

 
The predominant majority of respondents expressed their profound interest in learning 

more about the functioning of YouTube algorithms. However, the responsibility for 

users' enlightenment was allocated differently. Firstly, it was declared that platforms 

such as YouTube should be responsible for users' education on data inputs and 

algorithms' functioning. Secondly, a need for a more proactive behaviour coming from 

users themselves was pointed out. Even though a high level of trust was expressed 

towards YouTube, its reliability in providing insights into its business model was 

doubted. Thus, to avoid bias, third-party agencies and research 
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centres were also believed to be an alternative source of information in this regard. 

At the same time, a few respondents referred to the dilemma as a "problem of 

many hands". They were convinced that a more corporate initiative is required to 

spread algorithmic literacy among citizens and obtain more transparency in the 

functioning of YouTube recommendation algorithms. 

 

4.1 Limitations 
 
 
 
A few challenges for conducting research were recognized throughout the process. 

Firstly, the interviews were conducted while strict COVID safety measures were still 

in place, meaning that face-to-face communication with respondents was 

impossible. Therefore, online real-time interviews were employed instead, which 

could have limited a sense of comfort and trust between the researcher and 

respondents. 

 
As within this research, participants were aged between 18 and 35 years old, the 

generalizability of the research to other age groups, primarily those under 18 years 

old, was limited. The vast majority of respondents were students of the 

Communication Studies faculty, meaning that they were already aware of YouTube 

algorithms before the research. Therefore, a certain sample homogeneity limited 

the generalizability to those who have no prior awareness of the topic. 

 
As observations showed, some participants shaped their user beliefs based on their 

interaction with the platform: liking and sharing videos, leaving comments, etc. It 

could be of interest to other researchers to study how users' behaviour online and 

their interaction with particular platform features can influence their experience, 

user beliefs, and attitudes. 

 
While this study has probed into YouTube's recommendation systems, further 

research could be expanded to other video-sharing or streaming platforms. 

 
Moreover, user beliefs could be examined quantitatively with a non-purposive 

sampling, which could considerably increase the research scope and allow for more 

generalizability of results. That, however, might include additional efforts from the 
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researcher to develop a questionnaire that would address this technical topic with 

the employment of appropriate and understandable language. 
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