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Abstract 

When browsing through news or social feeds, users are confronted with algorithms that 

select and curate online content for them. To make informed decisions about using and 

interacting with these algorithms, users need to understand their inner workings. To this end, 

explanations intend to provide algorithmic transparency by familiarizing users with algorithms. 

The main argument of this thesis is that these explanations need to teach users new information 

to equip them for making informed decisions. In other words, explanations need to impact user 

understanding of algorithms. 

Building on this argument, the thesis contributes to a conceptualization of user 

understanding by specifying underlying concepts. For this, study 1 separates the belief of 

understanding (which was typically studied so far) from genuine user understanding and 

studied the distinct explanations effects on the two constructs. Results of study 1 showed that 

explanations could lead to an overestimation of user understanding. This overestimation might 

deceive users in their capability to make informed decisions. Hence, the study highlights the 

relevance of genuine user understanding of algorithms and motivates further investigation of 

it. 

As a response to the lack of theoretical frameworks on (genuine) user understanding of 

algorithms, the thesis subsequently explored it in its very nature. First, two qualitative studies 

(studies 2 and 3) characterized user understanding of algorithms in two different domains (news 

curation and movie recommender). Overcoming the sample size limitations of qualitative 

studies, study 4 applied a card-sorting-based method to assess user understanding of 

recommender systems in a larger sample. The study allowed a systematic analysis of user 

understanding and their relations to system perceptions, including trust, transparency, and 

control. Finally, study 5 identified the shared understanding between expert and lay users for 

algorithmic news and social feed curation, which in turn, can inform what elements of 

algorithms need to be communicated to lay users. 

The observations made in this extensive investigation were synthesized in a conceptual 

framework organizing user understanding of algorithms into conceptual knowledge and 

qualities of understanding. Conceptual knowledge describes factual knowledge of data, 

processes, and artifacts. This conceptual knowledge can take different qualities, including a 

metaphorical, technical-procedural, or concept-based understanding. The results further 



present systematic relationships between the qualities of understanding and system 

perceptions.  

In conclusion, the conceptualization of user understanding in this thesis has theoretical 

and practical implications. The thesis discusses theoretical assumptions and derives testable 

hypotheses on the relationship of qualities of understanding and system perception. As practical 

outcomes, the conceptual framework informs questionnaires and tests for the assessment of 

user understanding. Finally, the thesis proposes three design guidelines for explanations that 

consider user understanding of algorithms. 

  



Zusammenfassung 

Nutzer begegnen Algorithmen in ihrem Alltag, wenn sie sich auf sozialen Medien oder 

anderen personalisierten Online-Services bewegen. Algorithmen filtern die Inhalte für Nutzer 

und haben so großen Einfluss darauf, was Nutzer konsumieren. Um verantwortungsvoll und 

informiert mit solchen Algorithmen umgehen zu können, benötigen Nutzer ein fundiertes 

Verständnis über deren Funktionsweise. Bisherige Forschungsansätze befassten sich hierzu mit 

Erklärungen, die Nutzer über die Funktionsweise von Algorithmen informieren vordergründig 

mit dem Ziel die Transparenz von Algorithmen zu erhöhen. Obwohl dies wichtig erscheint, 

bleibt jedoch weitgehend unerforscht, inwiefern solche Erklärungen auch das 

Nutzerverständnis erhöhen. 

Um diese Forschungslücke zu schließen, setzt sich die vorliegende Arbeit mit einer 

Konzeptualisierung des Nutzerverständnisses von Algorithmen auseinander. Dafür wurde 

zunächst in einem Online-Experiment zwischen dem selbst wahrgenommenen und 

tatsächlichem Nutzerverständnis unterschieden und untersucht, inwiefern sich Erklärungen auf 

die jeweiligen Konstrukte auswirken. Die Befunde zeigten, dass Nutzer, die eine Erklärung 

erhielten, ihr eigenes Nutzerverständnis überschätzten. Somit verfehlen Erklärungen unter 

Umständen das Ziel, das Nutzerverständnis tatsächlich zu verbessern. Die erste Studie zeigt 

demnach auf, wie wichtig eine Trennung zwischen wahrgenommenen und tatsächlichem 

Nutzerverständnis ist und motiviert weitere Forschung zur Konzeptualisierung des 

tatsächlichen Nutzerverständnisses. 

Um dem nachzugehen, wurden in zwei qualitativen Studien (Studien 2 und 3) das 

Nutzerverständnis von spezifischen Algorithmen (Nachrichtenkuratierung und 

Filmempfehlung) exploriert. Da qualitative Studien nur die Untersuchung von kleinen 

Stichproben erlauben, wurde in Studie 4 mit Hilfe einer card-sorting-basierten Methode das 

Nutzerverständnis in einer wesentlich umfänglicheren Stichprobe erhoben. Dies ermöglichte 

eine systematische Analyse des Nutzerverständnisses sowie dessen Zusammenhänge mit 

Systemwahrnehmungen (Transparenz-, Vertrauens-, oder Kontrollwahrnehmungen). In einer 

fünften Studie wurde zudem das von Experten und Laien geteilte Nutzerverständnis erfasst. 

Die Ergebnisse geben darüber Aufschluss, wie Erklärungen verständlicher gestaltet werden 

könnten. 

Die Befunde der Untersuchungen wurden in einem conceptual framework 

zusammengefasst, welches das Nutzerverständnis von Algorithmen in conceptual knowledge,



dem Faktenwissen über Algorithmen, sowie qualities of understanding, der Form des 

Nutzerverständnisses, einteilt. Hierzu zählen beispielsweise ein metaphorisches, technisch-

prozedurales oder konzept-basiertes Nutzerverständnis. Es konnte gezeigt werden, dass diese 

qualities of understanding in enger Verbindung mit den Systemwahrnehmungen, wie der 

Transparenz-, Kontroll-, und Vertrauenswahrnehmungen, stehen.  

Von der vorliegenden Arbeit lassen sich sowohl theoretische als auch praktische 

Implikationen ableiten: Mit Rückgriff auf die Konzeptualisierung des Nutzerverständnis von 

Algorithmen werden konkrete Hypothesen abgeleitet, die in zukünftigen Studien überprüft 

werden können. Weiterhin vereinfacht die Konzeptualisierung des Nutzerverständnisses die 

Erstellung von Fragebögen und Wissenstests, die das Nutzerverständnis von Algorithmen 

zuverlässig erfassen können. Abschließend werden drei Leitlinien für Erklärungen aufgestellt, 

die das Nutzerverständnis von Algorithmen einbeziehen.
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1 Introduction 

What is shown to users on their online feeds is usually not at random but curated by 

intelligent algorithms. These intelligent algorithms (referred to as “algorithms” in the 

remainder) suggest, for example, which online posts or articles to read, which shows or movies 

to watch, or what goods to buy. As such, the influence of algorithms is not limited to what 

users consume online but also what they learn and how they experience the offline world 

(Seaver, 2014). To keep users’ ability to make their own decisions about using and interacting 

with algorithms against this enormous influence, users need to understand how algorithms 

work and how algorithms arrive at decisions (Cotter & Reisdorf, 2020). But this is often unclear 

and unpredictable as these algorithms work probabilistically (Burrell, 2016). In this way, it 

remains obscure to users which (personal) data are used by the algorithms and how they are 

processed to curate, for instance, specific news articles in a particular order. As a result, users 

may perceive the inner workings of algorithms as a black box causing feelings of creepiness 

and aversion (Eslami et al., 2018; Torkamaan et al., 2019; Yeomans et al., 2019).  

To mitigate these issues, scholars have worked on increasing algorithmic transparency 

through explanations that familiarize users with algorithms' inner workings and justify their 

decisions (Diakopoulos, 2015; Lepri et al., 2018; Mohseni et al., 2021). Research on 

explainable systems have developed different types of explanations that are mainly informed 

by the algorithms’ properties (e.g., used data or model) and investigated explanation effects on 

the degree to which users believe they understood certain algorithms (e.g., Cai et al., 2019; 

Hoffman et al., 2018).  

However, I argue that a focus on the users’ beliefs is insufficient to investigate whether 

explanations can equip users to make informed decisions about using and interacting with 

algorithms. Instead, explanations need to transfer new information to users that help them to 

understand algorithms better. Yet, to which degree current types of explanations teach new 

information to users is understudied. 

In response to this research gap, this thesis (1) explores and characterizes the very 

nature of user understanding of algorithms and (2) studies how explanations can affect this 

understanding. User understanding refers to users’ idiosyncratic ideas they construct about the 

mechanisms behind algorithms, the used data, and how algorithms arrive at outputs. As such, 

it is fundamental to the thinking and reasoning about algorithms. Hence, the main aim of the 

thesis is to conceptualize user understanding of algorithms.  
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I argue that specifying the concept of user understanding of algorithms can serve two 

purposes: Firstly, it can pave the way for the development of questionnaires and tests for user 

understanding, and thus, help to assess whether explanations can improve user understanding 

effectively. Secondly, user understanding highlights which algorithmic elements users already 

know about and which elements need to be explained (Eiband et al., 2018; Rutjes et al., 2019). 

Thus, user understanding can hold relevant design implications for the form and content of 

explanations. In this work, explanations that consider user understanding are referred to as 

user-informed explanations. 

Situated in the intersection of human-computer interaction (HCI) and cognitive 

psychology, the work in this thesis takes an empirical and user-centered approach to study user 

understanding of algorithms. Subject to this study are mainly average lay users who are in 

frequent contact with algorithms. What is distinct to this work is its application of qualitative 

methods (interviews, focus groups, and drawing tasks) and analyses (content analysis, 

grounded theory, thematic analysis) to characterize user understanding in different study 

settings comprehensively. While users can face algorithms in diverse domains, this work 

aspires to provide a general notion of user understanding of algorithms. Hence, three different 

domains (news curation, social feed curation, and movie recommender) were chosen, and 

recurring observations were synthesized to a general conceptual framework.  

This thesis contributes to conceptualizing user understanding of algorithms that allows 

forming concrete and testable hypotheses between user understanding and other relevant 

variables. Additionally, the outcome of this thesis facilitates the construct of questionnaires 

that can assess user understanding of algorithms across different domains. Concerning practical 

implications for system designers, I derive guidelines on how to create user-informed 

explanations. 

2 Background 

With the increasing application of algorithms as crucial decision-makers, research on 

algorithmic transparency and explainable systems has gained pace in recent years (Nunes & 

Jannach, 2017; Tsamados et al., 2021). Scholars from multiple disciplines, including computer 

science, HCI, psychology and social science have contributed to the debate on the impact of 

algorithms and the development of explanations. This chapter first describes the implications 

of algorithms on individuals. With a focus on textual explanations, the chapter further reviews 

relevant work on explanations and user understanding from different disciplines. 
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2.1 Algorithms as part of socio-technical systems  

In a technical definition, algorithms can be described as a series of steps to turn input 

into output (Seaver, 2014). But the interplay between users and algorithms has significant 

social and individual implications (Gillespie, 2014; Kitchin, 2017). Algorithms can be seen as 

a part of socio-technical systems that operate with "data, technologies, and people" (Kitchin, 

2017, p. 25). While they are discussed to have disruptive societal impacts reproducing and 

amplifying social inequalities and discrimination (Friedman & Nissenbaum, 1996; Lepri et al., 

2018; Zuiderveen Borgesius, 2018), on an individual level, algorithmically-driven social and 

news feeds are discussed as leading to selective and biased online perceptions and interactions 

through filter bubbles or echo chambers (Kitchens et al., 2020; Monzer et al., 2020; Pariser, 

2011). These biases hinder media pluralism and open debates and, in this way, can threaten 

users’ abilities to receive information to form opinions and participate in political life (Eskens 

et al., 2017). Moreover, algorithms also pose threats to users’ online privacy as algorithms rely 

on a vast amount of personal user data, and users do not have control over the data access and 

processing (Fast & Jago, 2020; Tsamados et al., 2021).  

Notably, users have limited capabilities to audit the consequences of algorithmic 

outputs and decisions as the reasoning typically remains hidden to individual users (Burrell, 

2016; Kitchin, 2017; Rhoen & Feng, 2018). Thus, algorithmic opacity ultimately affects the 

user's autonomy, i.e., their capabilities to make informed choices to use and engage with 

algorithms (Cotter & Reisdorf, 2020).  

2.2 Algorithmic transparency through explanations 

The increasing awareness of the regulatory and political challenges has led to a call for 

transparent algorithms (Lepri et al., 2018). Transparency is a complex construct that can be 

viewed in terms of what can be made transparent about algorithms (e.g., data, model, purpose, 

stakeholders) or how it can be achieved (Diakopoulos, 2015). In this context, the concept of 

interpretability is of particular interest. It describes the degree to which users can understand 

the cause of an algorithm's decision (Miller, 2018).  

Technical approaches apply various methods to make algorithms interpretable, 

including algorithmic frameworks that can differ in their reliability (ElShawi et al., 2020; 

Ramon et al., 2020). Within these approaches, interpretability can generally be achieved 

through lowering the complexity of algorithms (intrinsic interpretability methods) or applying 
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independent algorithms that make the other algorithms, in turn, interpretable (also called post-

hoc, ad-hoc, or model-agnostic methods; Mohseni et al., 2020; Molnar, 2020).  

In this regard, explanations can be part of intrinsic interpretability methods and post-

hoc methods at the same time. As such, they can be viewed as an additional methodological 

layer to achieve interpretability. A first phase of research on explanations sparked in the 1970s 

with the development of MYCIN, a knowledge-based system assisting physicians in providing 

diagnosis and therapies for bacterial infections which required justifications of its decisions 

(Dhaliwal & Benbasat, 1996; Shortliffe et al., 1975). A taxonomy for explanations proposed in 

this time distinguished explanations based on their content (which kind of information is 

included in an explanation), their presentation format (textual or visual), and the way a system 

provides them (e.g., they can be invoked by users or automatically provided; Gregor & 

Benbasat, 1999). This taxonomy allowed to identify ways in which explanations can be 

designed.  

With the rise of machine learning algorithms, research on explanation peaked again in 

recent years, and substantial work has been done concerning the content of explanations (Nunes 

& Jannach, 2017). Studies investigated how the type of explanations can affect users’ system 

perception of algorithms (Nunes & Jannach, 2017; Tintarev & Masthoff, 2007). While the 

literature on the types of explanations is rich (see Nunes & Jannach, 2017 and Papadimitriou 

et al., 2012 for other taxonomies), the literature generally seems to suggest that providing 

explanations can be beneficial to system perceptions, including transparency, trust, satisfaction, 

and perceived usefulness and user’s awareness of the existence of algorithms (Nunes & 

Jannach, 2017; Rader et al., 2018).   

In particular, how-explanations that describe how an algorithmic model arrives at a 

specific output can increase perceived fairness, control, competence, benevolence, and 

usefulness (Rader et al., 2018; W. Wang & Benbasat, 2007; Zanker & Ninaus, 2010). Similarly, 

what-explanations that reveal the existence of an algorithm have been found to increase the 

control perception and improve the predictability of algorithms (Rader et al., 2018). 

Furthermore, why-explanations that justify specific outputs, and why-not-explanations, that 

describe why a specific output was not provided can result in higher trust in algorithms (Lim 

et al., 2009).  

All in all, research has focused on the effects of explanations on systems perceptions, 

especially on trust (e.g., Cramer et al., 2008; Kunkel et al., 2019; Yang et al., 2020), but few 



5 

 

studies have investigated the effects of explanations on the genuine user understanding. 

Typically, in these studies, user understanding was investigated in one of two ways:  

On the one hand, user understanding was frequently studied through the belief of 

understanding, i.e., to which extent users believe to understand an algorithmic system (e.g., Cai 

et al., 2019; Hoffman et al., 2018). However, studying the belief of understanding falls short. 

Empirical evidence suggests the existence of a phenomenon called the illusion of explanatory 

depth. This phenomenon refers to the overestimation of one’s own knowledge. That means that 

individuals might believe that they have specific knowledge about a topic, while, in fact, they 

do not (Rozenblit & Keil, 2002). This means that a firm belief of understanding does not 

necessarily translate to a high degree of user understanding. Hence, against this background, it 

is vital to distinguish between the belief of understanding and genuine user understanding and 

study the effects of explanations on these constructs separately. 

On the other hand, user understanding was measured through different tasks settings 

(e.g., Alqaraawi et al., 2020; X. Wang & Yin, 2021; Yang et al., 2020). In this context, user 

understanding is operationalized as task performance. A good task performance suggests a high 

user understanding. Sometimes participants were simply asked whether explanations were 

helpful to perform specific tasks (e.g., Yang et al., 2020). Still, a more direct measurement of 

user understanding through a questionnaire is challenging and rarely applied (for an exception, 

see Cheng et al., 2019). Because user understanding of algorithms is an underspecified 

construct (i.e., it is unclear which elements or dimensions underlie user understanding), there 

is a lack of theoretical frameworks around this construct that could inform the development of 

a questionnaire or assessment tools. 

2.3 A psychological and communication science perspective on explanations 

Compared to computer science and HCI research, a psychological perspective on 

explanations – that studied them independently from the context of algorithms – offers a 

broader picture of the form and effects of explanations. Here, explanations are generally framed 

as information that transfers new knowledge to individuals (Keil, 2006). The way in which 

they can achieve this can be diverse. Many times, explanations provide information on causal 

patterns, e.g., in the form of common-cause-patterns or chain-of-events-patterns. Furthermore, 

an event can be explained with different stances, including a mechanical stance that describes 

the actions or relations between elements or actors, a design stance that describes the purpose 
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of certain elements in an explanation, or an intentional stance, which describes the motivations 

or beliefs of different actors (Keil, 2006; Srinivasan & Chander, 2020).  

Moreover, explanations can also affect how individuals feel. For instance, explanations 

can decrease feelings of pleasure regarding positive events because it reduces uncertainty. 

Uncertainty, however, is connected to the intensity of emotions. On the flipside, this implies 

that making sense of negative experiences also contributes to coping with these experiences 

better (T. D. Wilson et al., 2005; T. D. Wilson & Gilbert, 2008).  

Research in psychology further highlights that individuals seek explanations when 

situations are surprising or unexpected (Wong & Yudell, 2015). The need for them is also more 

pronounced when the knowledge provided by explanations seems to be helpful when expertise 

is needed, prior knowledge is low, and the information content is high (Liquin & Lombrozo, 

2018). These results suggest the particular relevance of user understanding when designing 

explanations. 

The relevance of user understanding for explanations raises the question of how it can 

be incorporated into the design of explanations. In this context, the concept of audience 

tailoring (also known as audience design or recipient design) from communication science can 

be insightful. Audience tailoring suggests that messages are best understood by the audience 

when messages consider the audience’s characteristics, such as their prior understanding 

(Fussell & Krauss, 1989). Audience tailoring can include strategies such as using simpler 

expressions with unfamiliar conversation partners or partners with different native languages 

and using more words in messages (Bard & Aylett, 2004; Bortfeld & Brennan, 1997; Rogers 

et al., 2013). Communicators also use different pronouns to highlight perspectives and dissolve 

misunderstandings (Roche et al., 2013). These strategies can be less intentional, indicating that 

audience tailoring is dynamic (Rogers et al., 2013).  

As a general strategy, communicators seem to rely on their audience's shared 

understanding and beliefs to design the message. Thus, the greater the shared understanding 

between communicator and audience, the easier it is to tailor messages (Fussell & Krauss, 

1989). In the context of algorithms, the relevance of shared understanding of experts and lay 

users has been pointed out recently. Shared understanding can inform which elements of 

systems should be supported for lay users (Eiband et al., 2018). However, specifying the shared 

understanding of experts and lay users is a research gap.  
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In summary, psychology and communication science literature stress the importance of 

tailoring explanations to user understanding of algorithms. For this, an exploration of user 

understanding and shared understanding of experts and lay users is relevant. In the following 

section, I describe how user understanding was explored in existing qualitative work and 

review how the results have contributed to discussions on the societal implications of 

algorithms and the design of transparent algorithms. 

2.4 User understanding of algorithms 

In general, two research streams can be identified that studied user understanding of 

algorithms. The first is the field of critical algorithmic studies in which researchers have 

examined user understanding through the concept of algorithmic imaginaries. This concept not 

only does include user understanding but also the user’s perception and experience of 

algorithms.  

One of the most prominent studies in this field was conducted by Bucher (2017). She 

showed that Facebook's News algorithm affected users' identity. This can happen, for instance, 

when algorithms remind users of unpleasant issues about themselves (e.g., being overweight) 

or revealing the user’s popularity through likes and social relationships (e.g., algorithms 

highlight and silence online friends through curation). The study also highlighted that the 

perception of algorithms is reciprocal. Not only do users perceive algorithms, but how users 

engage with them also reveals how algorithms perceive users. Furthermore, the attitudes 

towards algorithms determine user’s engagement with them: Appreciative or critical attitudes 

have been found to be related to more enthusiastic or avoiding interaction strategies with 

algorithms (Lomborg & Kapsch, 2019). Hence, while algorithms' design invites specific 

interactions, users bring their own set of "ideas, values, and unintended actions" (p. 758) into 

their relations with algorithms. This shows that users can exercise certain amounts of agency 

(Lomborg & Kapsch, 2019).  

Other contemporary work has applied the concept of folk theories, a broad concept that 

constitutes users' beliefs, perceptions, and feeling towards an issue, to conclude the user-

algorithms relations and their implications. For example, Siles and colleagues (2020) have 

studied folk theories of Spotify as "ways to enact data assemblages" (p.3) and found that users 

draw on their folk theories to "be [a] specific kind of person, to negotiate a sense of belonging 

in certain social groups, and to sustain our strengthen ongoing social relations" (p. 9). Other 

folk theories work found that algorithms can be perceived as intangible and exploitative, 
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implying that the power of algorithms is opaque and not always benevolent towards the user's 

will (Ytre-Arne & Moe, 2021). 

In all in, these studies emphasize how algorithms make users feel, how users form 

relations to algorithms and engage with them, and, as such, link these consequences to the 

social and cultural implications of algorithms. In this way, this research stream contributes to 

critical reflection and public debates on power relations, justice, and transparency (Lomborg 

& Kapsch, 2019).  

A second research stream is situated in the field of HCI and investigates the user 

understanding of algorithms for the development of transparent algorithmic systems. To do so, 

HCI researchers have focused on user understanding of the mechanisms behind algorithms. In 

this regard, a different definition of folk theories characterizes them as intuitive, subjective, 

and often incomplete ideas and beliefs that average individuals form about a technological 

system. Folk theories serve to guide the user's behavior and predict the system outcomes 

(DeVito et al., 2018; Furnham, 2013; Gelman & Legare, 2011) and can vary in their level of 

detail (DeVito et al., 2017). Using this definition, researchers could reveal different beliefs 

about the mechanisms behind social feed curation. 

Influential work has been done by Eslami and colleagues (2016), who found that users 

assumed their online engagement behavior (e.g., likes, comments) to be the main driver of their 

Facebook feeds. Some users, for instance, believed that the type or number of posts was 

relevant for the social feed curation. Other users, in turn, believed that the social feed curation 

is random, implying that they do not perceive any control over the curation algorithm. The 

researchers showed that the folk theories could be changed when users receive visible hints 

(so-called "seams", p.1) that support them to reflect on the algorithmic curation process. Thus, 

the study highlights that careful interface design can alter users’ beliefs about algorithmic 

curation.  

Folk theories are shaped mainly by experience, especially when the system's behavior 

is not in line with the users' expectations (sometimes referred to as endogenous cues; DeVito 

et al., 2018; Eslami et al., 2016; Furnham, 2013). They can also be shaped by sources outside 

of the algorithms, including the media or peers such as friends and families (exogeneous cues; 

DeVito et al. 2018).  

Finally, folk theories are also related to certain reactions towards the platforms: For 

example, folk theories that represent limited power over the algorithms tend to be associated 
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with fear of algorithms, especially regarding mistakes of algorithms. Few users who held 

powerful folk theories, in turn, expressed feelings of pride (Liao & Tyson, 2021). Detailed folk 

theories are more strongly associated with more nuanced adverse reactions than simple ones 

(DeVito et al., 2017). To conclude, folk theories are helpful concepts to study how users 

understand specific algorithms and how their understanding can affect their perception and 

attitudes towards algorithms. 

Besides folk theories, another central concept to study user understanding are mental 

models, which have a research tradition in cognitive psychology and HCI (Doyle & Ford, 1998; 

J. R. Wilson & Rutherford, 1989). Here, the term ‘mental model’ describes a cognitive 

knowledge representation that serves to describe, explain, and predict certain system outcomes. 

In this way, they can explain why users interact with systems in a certain way (Rouse & Morris, 

1986). Thus, mental models are functional, flawed and incomplete (Jones et al., 2011; Norman, 

2013).  

Recent work on mental models of intelligent systems showed that the models are 

seemingly stable over time (Kulesza et al., 2012) but, similarly to folk theories, get updated 

when the user's expectations are not met (Gero et al., 2020). Sound and accurate mental models 

that are sufficient for an effective system interaction are related to increased user satisfaction, 

control, and performance (Gero et al., 2020; Kulesza et al., 2012).  

But mental models can also contribute to usability problems: This can occur, on the one 

hand, if a system design does not relate to what users perceive as being possible to do with a 

system (gulf of execution) or, on the other hand, if users have difficulties predicting the 

system’s behavior and outcome based on its design and feedback (gulf of evaluation; Norman, 

2013). These gulfs highlight the importance of mental models for successful system interaction. 

Notably, researchers have already pointed out their relevance for transparent and explainable 

systems (Eiband et al., 2018; Norman, 2013; Rutjes et al., 2019).  

In summary, folk theories and mental models are two concepts through which 

researchers can study user understanding of algorithms. While folk theories and mental models 

are overlapping concepts (and some researchers have treated them as the same; see, e.g., Rader 

& Slaker, 2017), they also have specific differences: Folk theories are implicit collections of 

beliefs that can be even contradictory to one another (French & Hancock, 2017). Mental 

models, in turn, maintain the perceived structural relationship of the represented system 

(Norman, 2013; Rasmussen, 1987; J. R. Wilson & Rutherford, 1989). For example, users might 
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represent a volume regulator in a radio with the association "up is loud". System designers can 

take advantage of these structural relations by replicating the structural relations of mental 

models in system design. In this simple example, system designers could design a regulator 

that turns up the volume when moved upwards. This design principle, called natural mapping, 

can facilitate system interaction (Norman, 2013). 

 In conclusion, folk theories can be more appropriate to study user understanding and 

resulting perceptions and attitudes, while a mental model can be seen as a "cognitive blueprint" 

(p. 5) to study the relationships between data input and data output (French & Hancock, 2017). 

A theoretical framework that specifies the differences between the concepts and relates them 

to other perceptions (e.g., system perceptions) or behavioral and affective constructs (e.g., 

interaction behavior, negative or positive affect) is lacking to this date. 

2.5 Research objectives 

In this chapter, I have reviewed the current state of explanation research from different 

disciplines. By doing so, I have put emphasis on the relevance of user understanding of 

algorithms for explanations and argued that user understanding needs to be put at the forefront 

in research for designing explanations. In particular, three relevant research gaps are addressed 

in this thesis:  

Firstly, user understanding is often assessed by proxy through the belief of 

understanding instead of the genuine user understanding. This operationalization is 

problematic because the belief of understanding does not necessarily imply that users have 

learnt any new information through explanations. In this way, it remains unclear to what extent 

explanations affect genuine user understanding. To address this issue, study 1 separated the 

belief of understanding from genuine user understanding and investigates how current 

explanations affect these two constructs individually. 

Secondly, user understanding has been rarely assessed through questionnaires which 

can presumably be attributed to a lack of theoretical frameworks on user understanding of 

algorithms. In response to this research gap, studies 2 – 5 extensively explored the concept of 

user understanding of algorithms (chapter 4). As a first step, using semi-structured interviews, 

studies 2 and 3 examined folk theories and mental models of two specific domains. To 

overcome the sample size limitations of interview studies, study 4 investigated the diversity of 

mental models in a large sample through a novel card-sort-based method.  
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Finally, study 5 addressed a third critical research gap that concerns the identification 

of shared understanding. This study applied semi-structured in-depth interviews and a focus 

group to specify and characterize the shared understanding between experts and lay users. 

Thus, the studies can conceptually be divided into two segments: (1) the study of 

explanation effects on user understanding (chapter 3), and (2) the study of the very nature of 

genuine user understanding of algorithms (chapter 4). Concluding the extensive exploration of 

user understanding, the results of studies 2 – 5 were synthesized into a general conceptual 

framework (chapter 5). This framework poses a first typology of user understanding of 

algorithms describing underlying its concepts. 

3 Study 1: I humanize, therefore I understand? Effects of explanations and 

humanization of intelligent systems on perceived and objective user understanding 

Explanations aim to teach new information to people (Keil, 2006). But, research on 

explainable systems often does not directly assess whether users gain more knowledge when 

receiving an explanation. Instead, studies have typically focused on the belief of understanding, 

i.e., perceived understanding, rather than what users genuinely understand about algorithms, 

i.e., objective understanding. This focus on perceived instead of objective understanding is 

problematic: Prior research has shown that perceived understanding does not necessarily 

translate into objective understanding because people are often unaware of the incompleteness 

of their understanding. As a result, they can overestimate their own understanding 

tremendously (Rozenblit & Keil, 2002). This means that people might believe they understood 

a specific issue or situation while, in fact, they do not. Hence, with missing investigations on 

objective understanding, it remains unclear whether explanations truly teach new information 

to users.  

Against this background, the main objective of study 1 was to examine the effects of 

explanations separately on perceived and objective understanding. Here, the effects of how-

explanations that describe the inner working of algorithms were at the center of the work 

(Friedrich & Zanker, 2011; Rader et al., 2018). As a secondary objective, the study investigated 

the effects of humanization, i.e., the process of ascribing human-like characteristics and traits 

to non-human agents. This process can occur when no explanation is given and when a system 

is perceived to be unpredictable. Thus, humanization can be a coping mechanism to overcome 

uncertainty about a system (Epley et al., 2007; Waytz et al., 2014).  



 

 

12 

 

The central hypothesis was that how-explanations lead to an increase of perceived and 

objective understanding. A second hypothesis proposed that humanization leads to a higher 

perceived understanding, but not to a higher objective understanding, as humanization reduces 

uncertainty about an algorithm but does not contain new information about it. In addition, the 

study investigated the effects of how-explanations and humanization on system perceptions 

(trust, transparency, satisfaction, perceived usefulness) in an exploratory manner.  

The hypotheses were tested in an online between-subject experiment (N = 416). Using 

Google News as a use case, the effects of a (1) control condition without any explanation 

against (2) a how-explanation and (3) humanization condition on perceived and objective user 

understanding and systems perceptions were analyzed. Participants were recruited through the 

crowdsourcing platform Prolific1 and were randomly assigned to one of the conditions and 

received an information text about Google News (control condition), a how-explanation, or the 

instruction to actively humanize Google News. Afterward, independently of the conditions, 

participants filled questionnaires out on system perceptions, perceived understanding, and 

objective understanding measured through 17 true-false statements on Google News.  

A one-way ANOVA using the conditions as a factor revealed that participants who 

received a how-explanation showed higher perceived understanding and transparency 

perception but not to higher objective understanding than the other two conditions. This result 

indicated how-explanations could lead to a discrepancy between perceived and objective 

understanding: Users who received how-explanations overestimated their understanding. Thus, 

how-explanations can cause a deceptive feeling of understanding. In this way, how-

explanations might fail to provide new knowledge to users. Furthermore, the analysis showed 

that the humanization condition led to a lower objective understanding than the control 

condition. This finding indicated that humanization hinders the information retrieval of 

participants, i.e., humanization made it more difficult for participants to retrieve their existing 

knowledge on Google News. 

Study 1 provided three key insights: (1) The discrepancy between perceived and 

objective understanding highlights how important it is to separate these two constructs in 

research. As such, the study motivates further exploration of objective understanding. (2) The 

results show that the process of humanization can lead to a lower degree of objective 

understanding than the control condition. This means that humanization can be 

                                                           
1 https://www.prolific.co/ 

https://www.prolific.co/
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disadvantageous on the information retrieval of existing knowledge of algorithms. Thus, 

independent of the type of explanation, I argue that explanations should be to avoid 

humanization. Finally, (3) the study indicates a need for user-informed explanations that are 

tailored to user understanding. The how-explanation used in this study did not consider user 

understanding and did not lead to an increase of objective understanding compared to the 

condition without any explanation. This indicates that the how-explanation failed to teach 

participants new information. 

4 Characterizing user understanding of algorithms in different domains 

As concluded in chapter 3, objective understanding needs to be considered when studying 

explanation effects. The lack of consideration might be attributed to a missing theoretical 

framework on genuine user understanding of algorithms. To address this issue, a qualitative 

exploration can contribute to forming theories and conceptual frameworks, which can 

contribute to the assessment of user understanding. To this end, studies 2 – 5 explored and 

characterized user understanding of algorithms in different domains: news feed curation, 

recommender systems, and social media feed curation. The results are synthesized into a first 

conceptual framework of user understanding of algorithms (chapter 5). 

4.1 Study 2: Exploring folk theories of algorithmic news curation for explainable design 

Compared to traditional newspapers, algorithmic news curation has changed how 

individuals receive news. In traditional print media, journalists and editors typically work 

together to produce one newspaper or magazine. But with digitalization, popular news 

aggregators, such as Apple News or Google News, used algorithms to automatically gather 

news from multiple sources and filter the vast amount of online articles for personalized news 

feeds (Swart, 2021). In this way, the algorithmic curation of news can heavily influence what 

information users get to know and act as knowledge gatekeepers (Cotter & Reisdorf, 2020). 

While algorithmic curation can help users to find interesting news for them, on the flipside, it 

has been linked to problematic phenomena, including filter bubbles and echo chambers. This, 

in turn, can lead to a biased perception of public opinion (Pariser, 2011). These effects are 

discussed to affect users’ political participation (Eskens et al., 2017). In order to be able to 

judge their news feed and find ways to steer their news feeds intentionally, users need to 

understand the inner working of algorithmic news curation.  
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Against this motivation, study 2 aimed to explore (1) users’ folk theories of algorithmic 

news curation, i.e., their idiosyncratic ideas about how algorithmic news curation derives news 

feeds and what kind of information is needed by the algorithms to do so, and (2) to use these 

findings to derive design guidelines for transparent algorithmic news curation systems. The 

study took a user-centric perspective, i.e., considering the user’s ideas and wishes in the 

guidelines. 

Twelve in-depth semi-structured interviews were conducted. With a focus on regular 

and frequent news consumers, participants were recruited through personal contact, social 

media advertisement, word of mouth. Using Google News as a use case, the procedure of the 

interviews was divided into three parts: Firstly, interviewees received a brief guided 

exploration (two to five minutes) in which the Google News application was presented to them, 

and participants were introduced to the functions of the application. In the second part of the 

interviews, participants were asked about the functioning (e.g., "How does Google News 

work?", "How does the application arrive at news article suggestions?") and aspects that 

contribute to the functioning (e.g., "Which information does Google News need to work?", 

"Which data does Google News need?"). Additionally, participants elaborated on how they got 

to know about the functioning of Google News. Finally, in the third part, participants were 

asked about their design preference to increase the transparency of the application.  

After conducting all interviews, the transcribed material was analyzed through 

qualitative content analysis (Schreier, 2012). Combining a deductive (top-down) and inductive 

(data-driven bottom-up) analysis, the material was coded and abstracted into a category system 

with main and subcodes. Two raters independently coded the material and reached moderate 

to an almost perfect agreement after two rounds of codings (between Cohen’s κ = .54 and κ = 

.83).  

The analysis could reveal factors, assumptions of folk theories, and sources of user 

understanding (visual and non-visual sources). Factors were the aspects that played a role in 

the functioning algorithmic news curation. Three categories were identified: (1) article-related 

factors that refer to the characteristics of a news article (e.g., its topicality or explosiveness), 

(2) user behavior within the software application (e.g., reading behavior, clicking behavior), 

and (3) data that stem from outside Google News (personal data from other platforms, e.g., that 

are owned by Google such as YouTube).  
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Assumptions of folk theories were single ideas of how algorithmic news curation works. 

Three categories could be identified regarding the assumptions. The first category of 

assumptions of folk theories evolved around why news articles become relevant: According to 

the collector assumption user data is chaotically distributed throughout the Internet and can be 

harvested by algorithms. In comparison to this assumption, participants who held the crawler 

assumption believed that news articles are gathered automatically through a bot. This 

assumption was typically held by participants with high technical expertise. Moreover, 

according to the keyword assumption, news articles become relevant through their 

characteristics (keywords of the topic). Based on these characteristics and user behavior data, 

the news articles are then compared to one another. Lastly, one participant held the newsroom 

assumption comparing algorithmic news curation to a newsroom in traditional media in which 

human editors curate the content. 

The second category of assumptions evolved around how data was stored: Participants 

held assumptions about local cookies that store data on the users’ devices. Furthermore, 

according to the server assumption, user data is stored externally in one large server or 

distributed server around the world.  

Finally, the last category of assumptions concerned how algorithms process user data. 

Regarding this, participants held a one profile assumption according to which all user data is 

synthesized into one collection about the user, i.e., for each user, one profile is created. 

Moreover, participants held statistical modeling assumptions that pointed out the complex 

mathematical processes to determine the user’s interest in news articles. 

Participants used non-visual sources like information from media, friends, or family to 

inform their understanding. In addition to this, they also relied on visual sources that were 

prevalent in the Google News application (e.g., a "For-You" section in the user interface 

indicated personalization). Moreover, the qualitative content analysis revealed a psychological 

trade-off between the desire for transparency and feelings of creepiness. While participants 

wished for more transparency, mainly out of curiosity about how algorithmic news curation 

works, revealing too much about the algorithmic inner workings made them aware of their 

vulnerability and thus, led to feelings of creepiness. Hence, most participants preferred a hidden 

design of explanations, i.e., explanations that are not visible at first glance when using the 

application.  
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In conclusion, study 2 could identify and describe users’ folk theory assumptions about 

algorithmic news curation. The results highlight that users did not have holistic but fragmentary 

ideas about Google News. The main driver of algorithmic news curation was data that could 

stem from the users’ behavior, news articles, or outside sources. Finally, users had a limited 

wish for more transparency of algorithmic news curation.  

4.2 Study 3: Exploring Mental Models for Transparent and Controllable Recommender 

Systems: A Qualitative Study 

The information load on the Internet can be overwhelming to users. In the same vein as 

algorithmic news curation, recommender systems address information overload and serve to 

suggest relevant items to users (Isinkaye et al., 2015). Such items can be, for instance, what 

products to buy, what music to listen to, or what movies and shows to watch. These 

recommendations are typically personalized, i.e., different users receive a different set of 

recommendations (Ricci et al., 2011). Prior research on recommender systems found that they 

often appear to be opaque to users, leading to feelings of creepiness, especially when the 

recommendation is very accurate and when the domain is sensitive (Torkamaan et al., 2019). 

Thus, the study was also interested in how user understanding related to perceptions of 

transparency and control.  

Using Netflix as a use case, study 3 investigated users’ mental models of this movie 

recommender. Compared to study 2, the focus of this study was the inner algorithmic 

mechanisms behind Netflix, i.e., which processes are behind the algorithms of Netflix. Thus, 

the concept of mental models was more appropriate to study here. To this end, ten semi-

structured in-depth interviews were conducted. The interviews included a Thinking Aloud task 

in which participants were instructed to use their Netflix account to find a comedy movie and 

imagine being dissatisfied with the choice. Subsequently, they needed to express negative 

feedback to Netflix. The task should prompt participants’ reflection on options to express their 

preferences to the recommender systems. After the task, participants were asked about the 

functioning ("How does a recommender system like Netflix work?") and data processing 

("Which data are used by the systems? What happens to the data to generate 

recommendations?"). The interviews were complemented a drawing task in which they had to 

visualize their understanding of Netflix.  

The study applied a grounded theory approach to recruit the participants and analyze the 

data. Compared to the qualitative content analysis used in study 2, this qualitative research 
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methodology is more data-driven. Data sampling was iterative, i.e., a small number of 

purposefully chosen participants was first sampled and analyzed. Based on the emerging 

concepts of interest, a new sample phase was then conducted. In this way, study 3 constituted 

three sampling phases with (1) average Netflix users, (2) users with low and high technical 

knowledge, and (3) users who expressed their explicit feedback to Netflix (through the thumb 

function). Two researchers coded the material, summarized, and abstracted the material. 

 Across all participants, the analysis revealed a basic mental model of the movie 

recommender system, including four processes: data acquisition, inference of user profile, 

comparison of user profiles or items, and generation of recommendations (which are returned 

to the user;  Figure 1). These mechanisms relied on three types of data: (1) explicit data that 

are directly and consciously disclosed to the system (e.g., name, email address), (2) implicit 

data that is indirectly and less consciously disclosed to the system (e.g., behavioral data such 

as mouse clicks), and (3) latent user data which are invisible to users (e.g., inferred data from 

explicit and implicit data, such as the user interest in particular movies).  

Figure 1 

Overview of basic mental model and its processes 

 

Furthermore, the study identified three dimensions of user understanding of mental 

models: Firstly, a concept coined centrality of self, the degree to which participants saw 

themselves as crucial to the algorithmic processes. Secondly, user-based and item-based 

recommendations refer to the rationale participants assumed behind the recommendations. On 
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the one hand, recommendations could be based on the user’s information. On the other hand, 

recommendations on the similarities of the items (here movies). This means that similar movies 

are more likely to be recommended than different ones. Thirdly, the study identified mental 

models that indicated a technical understanding characterized by a procedural description 

using progress diagrams and data flows to explain the system’s functioning. Some participants 

have a metaphorical understanding, i.e., using different images to express the functioning. 

In the attempt to make sense of the recommender system, many participants’ assumptions 

were speculative and superstitious, and thus, participants perceived a lack of transparency. The 

lack of transparency was also related to lower control perception. These perceptions were 

somewhat related to specific dimensions of mental models: Users with a high centrality of self, 

for instance, mostly saw themselves responsible for recommendations and neglected other 

contributing factors. As such, they were not fully able to understand the causality between their 

data and recommendations.  

To conclude, study 3 identified four basic underlying processes of Netflix (data 

acquisition, inference of user profile, comparison of user profiles or items, and generation of 

recommendations). Similar to the factors in study 2, the study identified different types of data 

contributing to movie recommendations (explicit, implicit, and latent data). Finally, the study 

showed that user understanding could take different dimensions (i.e., forms or characteristics 

of the understanding) associated with particular system perceptions. 

4.3 Study 4: Identifying Group-Specific Mental Models of Recommender Systems: A 

Novel Quantitative Approach 

 Study 2 and 3 were qualitative studies limited by small sample sizes and, thus, the 

generalizability of the results. These methodological choices were deliberately made to explore 

and characterize user understanding as a first step. As a next step, study 4 investigated the 

diversity of mental models in a large sample. With a focus on recommender systems, a novel 

card-sort-based mental model was developed to achieve this goal. This task allowed a study of 

mental models and their relationships to system perceptions across different recommender 

systems.  

To study the diversity of mental models, it was necessary to develop a method that 

assessed the structure of mental models effectively in large samples. Card sorting fulfills this 

requirement as it can be applied in online studies and cover many concepts (Bussolon et al., 
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2006; Cooke, 1994). For the novel card-sort-based method of study 4, sixteen action cards 

were developed based on insights from different qualitative studies on user understanding of 

recommender systems and expertise. Each action card referred to one of four categories: data 

acquisition, inference, comparison, and generation of recommendation identified in study 3. In 

addition, 12 distractor cards were created that did not belong to any of these categories. 

Additionally, participants could express their uncertainty using four question mark cards and 

add new ideas through three customizable open cards.  

With this setting, in an online study, participants (N = 170) were instructed to choose 

one of eight popular recommender systems (e.g., Top pics for you on Netflix, Video 

recommendations on YouTube, Discover weekly playlist on Spotify) and then describe the 

functioning of this recommender system by assigning the cards in up to seven steps (Figure 2). 

Afterward, participants had to fill out questionnaires on their technical expertise, confidence in 

learning about recommender systems, the degree of fidelity (i.e., how well they could represent 

their mental model through the task and system perception), system perceptions (trusting 

beliefs, social presence, transparency, control, perceived usefulness, recommendation quality 

and perceived system effectiveness, and degree of perceived humanness). 

Figure 2 

Excerpt of card-sorting task  

Note. Participants could assign cards (blue) to up to seven steps (white boxes) through drag-

and-drop. Participants did not have to use all cards. The order of cards was randomized. 

Taking an exploratory data-driven approach, hierarchical clustering was performed to 

participants’ card-sorts. This clustering resulted in three user groups. Then, a second 

hierarchical clustering was applied to the card sorts of each identified user group. The results 

revealed three user groups and their respective mental models (Figure 3). Independent of the 
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chosen recommender system, participants held (1) a concept-based mental model, (2) a 

procedural mental model, or (3) a social-focused mental model.  

Participants with a concept-based mental model assigned the cards not in chronological 

but in a thematic manner. Specifically, they assigned cards around two concepts: user and item. 

Thus, the concept of the user was with processes of data acquisition, inference, and comparison. 

The same applied to the concept of items.  

The second user group who held a procedural mental model assigned the cards in 

chronological order, starting with the process of data acquisition to inform a user model. This 

step was followed by the processes of comparison of items and users, inferences of the user’s 

interest based on items, and the presentation of items. Thus, the second user group reflected 

the basic mental model identified in study 3. 

Finally, the third user group held a social-focused mental model. This was characterized 

by an unstructured assignment of cards without any evident procedural or concept-based 

pattern. What was striking about this user group was that they perceived the system as more 

human-like compared to the other two groups. 

 

A descriptive analysis (using confidence intervals and effect sizes) investigated the 

relationship between each user group regarding their system perception. This analysis showed 

that procedural mental models were associated with the highest transparency perception. 

Metaphorical, here specifically humanized, mental models were associated with high trusting 

beliefs and social presence perception. 

Concept-based mental

model

(n = 66)

• Lowest numbers of 

used cards and steps, 

most confident, lowest 

knowledge

• Arranged cards around 

items and users

Procedural mental 

model 

(n= 79)

• Arranged a 

chronological order of 

processes

• Reflected procedure 

from study 3  the best

Social-focused mental 

model 

(n = 25)

• Highest number of 

used cards and steps, 

least confident

• Perceived 

recommender system 

as rather empathetic, 

spontaneous, and 

human-like

Figure 3  

Overview of user groups and their characteristics 
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 To conclude, using the novel card-sort-based method, study 4 made important 

contributions to the investigation of user understanding. It studied the diversity of mental 

models in a larger sample and investigated their relationship with system perceptions. The 

study found that (1) mental models existed across systems, i.e., the system perception mainly 

depended on the mental models but not on the chosen recommender system. This finding 

highlights the importance of mental models for designing recommender systems. (2) The study 

provided empirical evidence for some relationships between mental model characteristics and 

system perceptions. A procedural mental model is related to a higher transparency perception, 

while social-focused (and humanized) mental models are associated with higher trusting beliefs 

and social presence.  

4.4 Study 5: It’s just a Recipe? Comparing Expert and Lay User’s Understanding of 

Algorithmic Systems 

Explanations that intend to increase algorithmic transparency are typically informed by 

the algorithm’s properties, e.g., the data input or specific model. However, these explanations 

might be too obvious (not containing any new information) or too complex for users to 

understand as they do not consider the user understanding of algorithms in their form and 

content. For example, explanations describing machine learning predictions' reasoning require 

a prior understanding of essential concepts, such as features or probability. Average lay users 

might have a different understanding of machine learning as opposed to experts.  

To address this issue, audience tailoring can provide helpful insights into the design of 

explanations. According to audience tailoring, messages need to be tailored to the audience’s 

characteristics to be adequately understood. This means, for instance, that message needs to 

use specific jargon that is understandable to the audience. Communicators rely on shared 

understanding between them and the audience (Fussell & Krauss, 1989). In this way, unfamiliar 

information might need to be addressed in more depth. When transferring this audience 

tailoring to the context of explanations, it implies relying on system designers' shared 

understanding, i.e., typically computer science experts who are responsible for communicating 

the algorithm’s functioning and lay users. The shared understanding and gaps between experts 

and lay users specify which elements of algorithms need to be explained in more depth to lay 

users (Eiband et al., 2018). However, shared understanding and gaps between experts and lay 

users are yet understudied.  
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Study 5 pose a response to this specific research gap. The study took a qualitative 

research approach conducting one expert focus group (N = 3) and semi-structured in-depth 

interviews with experts (N = 10) and lay users (N = 11) to compare expert and lay user 

understanding of two domains (news feed and social feed). Expert participants were defined as 

individuals with an educational and professional background in computer science or a similar 

field. Participants who did not qualify as an expert were considered as lay users. The three 

guiding research questions of this study were: What is the expert understanding of algorithms? 

What is the lay user understanding of algorithms? What is the shared and distinct understanding 

of the two user groups? 

The procedure for the focus group and interviews were similar: First, participants were 

asked to write down all associations they had regarding news and social feeds and elaborated 

on each association. The interviewer asked specifically for the inner working and capabilities 

as well as limits of the algorithmic curation system. Like in study 3, participants were instructed 

to draw their understanding of algorithms on a sheet of paper.  

The transcribed material was analyzed through a reflexive thematic analysis (Braun & 

Clarke, 2006, 2020). Reflexive thematic analysis allows identifying themes, i.e., underlying 

patterns that are shared or distinct to each group. With the intention to describe and characterize 

the shared understanding and gaps, a reflexive thematic analysis is preferred over a qualitative 

content analysis that delivers a quantification of the material and a reliability measure 

(Vaismoradi et al., 2013). Furthermore, the study favored reflexive thematic analysis over a 

grounded theory as it was more inductive (top-down approach) than data-driven. After the data 

collection, the transcribed material was coded and abstracted into four themes (one expert 

theme, two lay user themes, and one shared theme; Figure 4). 

Figure 4  

Schematic representation of shared understanding between experts and lay users 
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Reflexive thematic analysis revealed that expert participants understood algorithms as a 

decision-making process, i.e., they had a functional view of algorithms. According to them, 

algorithms are used to solve pre-defined problems or tasks. To solve these problems, algorithms 

can take various forms and are context-dependent. Thus, expert participants had an abstract 

understanding of algorithms.  

Lay participants, in turn, understood algorithms as autonomous intelligence that act and 

think independently. The reasoning of algorithms was compared to human reasoning. 

Furthermore, lay participants further understood algorithms as data structuring. In this 

understanding, algorithms are deeply grounded in data (i.e., algorithms are essentially 

structured data) or developed from data. Lay participants focused on the visible elements of 

algorithms such as technical devices (PC, server) and tangible elements (most prominently 

their user data) to describe the inner working of algorithms. 

In summary, both lay participants’ themes can be described as simplified and tangible-

oriented as they compare algorithmic reasoning to human reasoning. Furthermore, lay users 

focused on visible and tangible concepts as a way to make sense of algorithms. Finally, both 

groups also understood algorithms as a sequence of actions. Participants expressed a structural 

and procedural understanding consisting of input, algorithmic model, and output.  

To conclude, study 5 identified the shared and distinct understanding of experts and lay 

users. These differences can be ascribed to these groups' different uses and experiences: While 

experts operate with algorithms in a detailed and technical way, lay users often face algorithms 

as services. This experience might lead to a more abstract and context-dependent understanding 

of experts and a more simplified and tangible-oriented understanding by lay users. The shared 

understanding can be exploited for explanations of algorithms: Explanations could generally 

adhere to a template of input (which data are used?), algorithmic model (how are they 

processed), and output (what are the results based on?). As lay users  ̶  sometimes inadequately 

 ̶ compare algorithms’ inner workings to human reasoning, it is crucial to explain the 

capabilities and limits of algorithms. 

5 A conceptual framework for user understanding of algorithms 

This thesis constitutes five empirical studies that focused on user understanding of 

algorithms. While study 1 gave insights into the effects of explanation on user understanding 

of algorithms, studies 2 – 5 focused on exploring and characterizing its very nature. The 
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recurring and overarching observations made in these can be synthesized in one conceptual 

framework.  

Based on the studies, I propose a conceptual framework for user understanding of 

algorithms that organizes the identified concepts and relationships in two categories: 

conceptual knowledge (‘what’-dimension) and qualities of understanding (‘how’-dimension). 

As such, the conceptual framework proposes a typology for user understanding. The distinction 

between conceptual knowledge and qualities of understanding relies on categories introduced 

by de Jong and Ferguson-Hessler (1996) in psychology. The researchers differed between the 

type of knowledge (e.g., conceptual knowledge, procedural knowledge) and the qualities of 

knowledge. I argue that this allowed an independent examination of conceptual knowledge and 

qualities of understanding. Conceptual knowledge can be used to assess the amount, level of 

detail, and correctness of understanding as it constitutes the factual knowledge about 

algorithms (as discussed later in 6.5.1). Qualities of understanding, in turn, are associated with 

system perceptions. As such, altering the qualities of understanding can pose one helpful way 

to impact these perceptions. 

While user understanding was studied in great depth, it needs to be acknowledged that 

the conceptual framework needs further validation. It attempts to generalize the results of the 

studied domains. Hence, I aimed at identifying concepts that apply to all studied domains. The 

presented concepts revealed in the studies are presumably not exhaustive. Further, different 

domains, e.g., algorithms behind speech assistants or Internet of Things technology that interact 

with users intimately, might result in other concepts and qualities. In the following subchapters, 

I describe the conceptual knowledge and qualities of understanding in detail. 

5.1 Conceptual knowledge 

Conceptual knowledge can be described as the single element of user understanding. It 

represents the static factual knowledge about algorithms ('what'-dimension; McCormick, 1997, 

p. 143). Conceptual knowledge identified in studies 2 – 5 can be categorized as follows: (1) 

conceptual knowledge around data, i.e., what algorithms need to function (2) conceptual 

knowledge of processes, i.e., what algorithms do, and (3) conceptual knowledge around 

artifacts, i.e., what algorithms result in (Figure 5). Thus, conceptual knowledge follows a 

pattern of input-processes-output. This pattern was also found as the shared understanding of 

experts and lay users prevalent in the common theme of "algorithms as a sequence of actions" 
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in study 5. Taken together, these results indicate that this pattern might be at the core of 

algorithms. 

Figure 5  

Overview of conceptual knowledge 

 

Data. Based on studies 2 – 5, I can infer that an understanding of data was central to 

the users in all qualitative studies. Within the lay user theme "algorithms as data structuring" 

(study 5), users assumed that algorithms are deeply grounded in data or are even the same as 

data. Results on factors of algorithmic news curation from study 2 showed that data could refer 

to data about the user and the item, i.e., an element of interest to users (e.g., a news article, 

social media post, movie). Data can stem from the inside of an application. These data refer to 

data that are generated through interaction with a system. Moreover, data can also stem from 

the outside of an application, e.g., Google News might receive from and share data about the 

user with other Google Services. This highlights that users' awareness of the 

interconnectedness between different platforms and services.  

Moreover, as summarized in study 3, participants held different distinctions of data: 

Explicit data describes data that are intentionally and actively disclosed to a system, for 

example, personal data such as name, age, or location. Implicit data, in turn, concerns data that 

are somewhat unintentionally and passively disclosed. This includes, for example, behavioral 

data, such as the clicking behavior and search histories. Finally, latent data refer to information 

derived from explicit and implicit data and are, therefore, typically inferential data disclosed to 

a system indirectly. Examples of latent data are preferences for specific news topics or types 

of movies. 
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Processes. One further explicit result of study 3 was a basic mental model that was held 

by all participants. It consisted of four processes: acquisition of data, inferences of virtual user 

profiles, comparison of items or user profiles, and generation of recommendations. As 

explained in the summary of study 2, the cookie and server assumptions further held the 

process of storing. Thus, the results suggest that processes included acquisition (of data), the 

storing of data (typically on servers or cookies), comparison of data, inferences, and generation 

(of item recommendation) lie at the core of algorithms.  

Artifacts. Finally, as shown in the basic mental model of study 3, artifacts are data 

processing results and include the recommendation or the output to the users. The second 

artifact is a virtual profile of the user, i.e., the digital image created about the user by the 

algorithms. This is, for instance, indicated by the one profile assumption in study 2 or explicitly 

in the mental models identified in study 3. The virtual profile includes all information about 

the user that the algorithm holds. 

5.2 Qualities of understanding 

Qualities of user understanding refer to the form in which the user understanding 

persists, i.e., to how user understanding unfolds (‘how’-dimension). These qualities can 

describe how different core components relate to one another. The studies provided empirical 

evidence that they are related to system perceptions and expertise (Figure 6). 

Figure 6  

Overview of qualities of understanding 
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Centrality of self. One quality of understanding identified in study 3 is the centrality 

of self, which describes how users viewed themselves as central to the algorithm's functioning. 

Participants who reported a high centrality of self see themselves as necessary to the algorithm's 

functioning. Furthermore, they perceive that explicit data had a higher impact on the 

algorithm's output than implicit data. When the algorithm makes mistakes, they also blame 

themselves rather than the algorithm. This implies, in turn, that users with low centrality of self 

might perceive less control over an algorithm's functioning and, as a consequence, blame 

themselves less when an algorithm makes a mistake.  

Metaphorical understanding. Throughout the studies, users used a variety of 

metaphors to make sense of algorithms. In study 2, for example, one participant equalized the 

selection of articles in algorithmic news curation to the discussion and editing of a newsroom 

in traditional media. Often, the metaphors entail the user's attitudes towards the algorithms. For 

example, one participant of study 3 viewed the Netflix movie recommender as a Kraken 

monster implying negative attitudes towards the algorithm. Another participant, in turn, used 

the metaphor of a house to describe the movie recommender indicating a neutral attitude 

towards it (Figure 7). In study 5, lay users compared algorithmic reasoning to human reasoning, 

using human intelligence to make sense of algorithms. This metaphor was flawed as it implied 

an overestimation of algorithms’ capabilities. Results of study 4 indicate that there is a positive 

relationship between humanized mental models, which can be described as the metaphorical 

understanding of algorithms, and trust perception. 

Figure 7  

Examples for metaphorical understanding  

Note. Participants from study 3 represented Netflix as a Kraken monster (left) and house (right)  
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Technical-procedural understanding. Results from studies 3 and 4 showed that 

participants can have technical-procedural understanding. As explained in the summaries of 

these studies, technical-procedural understanding is characterized by chronological order of 

processes which was often expressed through process diagrams and data flow. In other words, 

participants who held this quality had a step-by-step view (Figure 8). As described in study 4, 

technical-procedural understanding is positively related to transparency perception.  

Concept-based understanding. As described in studies 3 and 4, concept-based 

understanding did not constitute a chronological order of processes but rather a theme-based 

order evolved around themes (i.e., concepts). The relevant concepts were the user and item. 

Concept-based understanding This means that the processes were assigned around the 

concepts, i.e., in dependency of the user and item. As such, the processes are not unique but 

can be redundant (Figure 8).  

 

Note. Technical-procedural understanding (left) is represented as a chain of processes. In 

concept-based understanding (right), concepts (black circles) are associated with processes 

(white circles).  

Figure 8 

Representation of technical-procedural and concept-based understanding 
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Abstract vs. simplified understanding. Studying the shared knowledge of experts and 

lay users in study 5 revealed two qualities of understanding: Abstract understanding is 

characterized by the awareness of context-independency of algorithms. In other words, 

individuals understand that algorithms may have different forms and goals depending on the 

task at hand. Furthermore, users with an abstract understanding had a more holistic and 

structural view of algorithms. Abstract understanding was held by experts. A simplified 

understanding, in turn, is more tangible-oriented and characterized by a focus on visible 

elements of algorithms, including devices (PC, server, smartphone) and actively disclosed data 

(e.g., like) and data outputs (e.g., a recommendation) of an algorithm (Figure 9). This quality 

of understanding was held by lay users.  

Figure 9  

Depictions of abstract and simplified understanding  

 

Note. Drawing from study 5 highlights the abstract (left), which focuses on task solving and 

awareness of context-dependency. This is shown by broad concepts such as ‘raw data’ or ‘goal 

of algo(rithm)’. Simplified understanding (right) focuses on tangible elements of algorithms, 

especially the data input (here a tree). It highlights the input and the output but not necessarily 

the inner workings of algorithms. 

6 Discussion 

How users interact with algorithms is fundamentally determined by their understanding 

of algorithms. Hence, it needs to be put at the forefront of research on explanations. Current 
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research approaches have neglected studying to which degree explanations affect user 

understanding (objective understanding) in contrast to the belief of understanding (perceived 

understanding). In addition, there is no theoretical framework on user understanding and 

reliable assessment of it to this date. According to audience tailoring, shared understanding of 

communicators and audience also needs to be considered when designing user-informed 

explanations to communicate new knowledge adequately. 

The empirical work in this thesis is a response to these research gaps and (1) studied 

the explanation effects distinctively on perceived, and objective understanding, (2) proposed a 

conceptual framework for user understanding of algorithms, and (3) identified the shared 

understanding between experts and lay users that facilitates audience tailoring for explanations. 

Taken together, these results suggest that explanations do not necessarily affect how users 

actually understand algorithms but instead might even lead to an overestimation of their 

understanding. Furthermore, the conceptual framework poses a typology for user 

understanding of algorithms. User understanding can be characterized in terms of conceptual 

knowledge, i.e., factual knowledge, that can take different qualities of understanding. Some of 

these qualities (specifically technical-procedural, concept-based, and metaphorical 

understanding) seemingly exist in larger samples. Altering these qualities can offer a way to 

influence users’ perception of algorithms.  

As discussed in the following, the thesis highlights the relevance of user understanding 

in research on explanation, advances theoretical assumptions on user understanding, and points 

out the limits of transparency perception. In practical terms, it further provides a reference point 

for assessing user understanding and design guidelines for user-informed explanations. 

6.1 Perceiving is not understanding – The relevance of objective understanding 

Study 1 showed that how-explanations do not affect perceived and objective 

understanding in the same way. In line with the phenomenon of the illusion of explanatory 

depth, users who received a how-explanation overestimated their understanding of algorithms 

compared to those who did not receive any explanations. In other words, the explanation led to 

a deceptive feeling of understanding. In this way, explanations can be harmful when educating 

users about algorithms and fail their primary purpose of teaching new information to users. 

The finding raises the question of why explanations differ in their effects on perceived 

and objective understanding. One possible answer might lie in a second observation made in 

study 1: The how-explanation led to a higher perceived understanding and, at the same time, a 
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higher transparency perception. This suggests a close relationship between perceived 

understanding and transparency perception. One possibility is that high transparency 

perceptions cause a high perceived understanding, as users have the perception that the 

algorithm at hand discloses much information about its functioning to them. A second 

possibility might be the opposite relationship: Perceived understanding leads to a higher 

transparency perception as users believe that they are able to make sense of the algorithms 

better. As study 1 did not address the exact nature of the relationship between these two 

constructs, it remains open to future research. Another explanation concerns the structure of 

how-explanations. How-explanations contain procedural information on the functioning of 

algorithms. As found in study 4 (and discussed in 6.4), procedural understanding is associated 

with transparency perception.  

In sum, as how-explanations could lead to a deceptive feeling of understanding, I 

suggest a distinction between perceived and objective understanding when studying the effects 

of explanations, especially when investigating whether users are knowledgeable to make 

informed decisions about the use and interaction with algorithms. Thus, I argue for a shift from 

a study of system perceptions and perceived understanding to genuine user understanding (i.e., 

objective understanding).  

6.2 At the core of user understanding of algorithms 

This leads to the question of the very nature of user understanding of algorithms: The 

proposed conceptual framework suggests that one dimension of user understanding constitutes 

conceptual knowledge (‘what’-dimension) that adheres to a basic pattern of input-model-

output. Findings of study 5 support this: The shared understanding of experts and lay users 

constitutes understanding algorithms as a sequence of actions that rely on this pattern. To 

conclude, these results indicate that, at the very core of user understanding, algorithms are 

likely to be understood in an input-model-output pattern. This means that users reason about 

algorithms in terms of what they need (input), what they do (model), and what they result in 

(output). This core of user understanding has practical implications for user-informed 

explanations (see subchapter 6.5). 

In addition to this, the conceptual framework proposes that conceptual knowledge can 

take different qualities of understanding (‘how’-dimension). The card-sort-method in study 4 

allowed a systematic investigation of user understanding in larger samples and highlighted that 

some qualities exist across systems, i.e., independently of different platforms. This refers to the 
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procedural, concept-based, and metaphorical (humanized) qualities of understanding and 

suggests that users either transfer their understanding from one platform to another or hold a 

general understanding of algorithms that they can apply to different platforms.  

Many of these qualities were already identified in early and recent literature in cognitive 

psychology, HCI, and education science, including metaphorical understanding (Alvarado et 

al., 2021; Gibbs, 1996), abstract and simplified (sometimes also called superficial) 

understanding that is associated with experts and lay users (de Jong & Ferguson-Hessler, 1996; 

Hmelo-Silver & Pfeffer, 2004), as well as technical-procedural understanding and concept-

based understanding (Jitendra et al., 2002). Furthermore, many relationships between qualities 

of user understanding and system perceptions were also unsurprising: Study 4 revealed that a 

metaphorical understanding is associated with users' trust perceptions of algorithms (Waytz et 

al., 2014). In study 5, an abstract understanding was associated with high expertise (de Jong & 

Ferguson-Hessler, 1996; Hmelo-Silver & Pfeffer, 2004).  

The thesis presents first empirical evidence for two new relationships, in particular, (1) 

the centrality of self and control and (2) technical-procedural understanding and transparency 

perceptions which are discussed in the following in detail. 

6.3 Theoretical assumptions on centrality of self 

Study 3 revealed one quality that is seemingly unique to the context of algorithms: 

centrality of self, i.e., the degree to which users believe themselves to be a central component 

of algorithms. Based on former research models (Compeau et al., 1999; Pu et al., 2011), this 

concept indirectly affects the overall satisfaction and use of algorithms through a possible 

relationship between control perception, i.e., the belief to which users can revise algorithms' 

outputs (Pu et al., 2011), and self-efficacy, i.e., the belief that reaching expected goals and 

acting towards them are within the capabilities of oneself (Bandura, 1977; Figure 10). 

Figure 10  

Theoretical assumptions on the role of centrality of self 
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Note. Assumptions regarding centrality of self and self-efficacy and control perception based 

on empirical studies of this thesis (dotted arrows). Other relationships on overall satisfaction 

and use of algorithms are based on previously developed research models by Compeau et al. 

(1999) and Pu et al. (2011; uninterrupted lines). 

In particular, a high level of centrality of self is related to the belief that one's explicit 

data disclosure can impact the algorithm's output more than implicit ones. This is a theoretical 

assumption based on the close proximity of centrality of self and control perception. However, 

it is essential to note that further research is needed to specify the nature of centrality of self in 

detail. It remains unclear whether the centrality of self can be considered a dimension of control 

perception, i.e., a sub-component of control perception, or as an independent construct that is 

qualitatively different from control perception. Regardless of the theoretical nature of the 

centrality of self, I strongly assume that there is a direct positive relationship between this 

construct and control perception: 

• Hypothesis: A high degree of centrality of self leads to higher control perception. 

Furthermore, I assume that centrality of self is also associated with the construct of self-

efficacy. In the context of HCI, computer self-efficacy (the confidence in one's own computers 

skills) is related to the user understanding of a respected system and is strongly affected by the 

interaction experience with it. Complex and unsuccessful interactions with systems can 

decrease users' self-efficacy  (J. Wang, 2019). Computer self-efficacy is further positively 

related to the duration and frequency of use of computers and – similarly to the control 

perception (Pu et al., 2011) – also related to the satisfaction with a computer (Compeau et al., 

1999). 

Centrality of self provides insight into how the use of computers differs substantially from 

the interaction with algorithms: The construct indicates that users seemingly view the 

interaction with algorithms as a reciprocal relationship in which a data disclosure from the 

users' side translates into a specific output from the algorithm. However, centrality of self 

suggests that the user is only one component of many for an algorithmic model. In fact, 

centrality of self indicates the user's role within an environment of many other users who 

contribute to the algorithmic model. Against this background, the following hypothesis is 

derived: 

• Hypothesis: Centrality of self is positively related to self-efficacy. 
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It remains open whether there is a construct of centrality of others, i.e., the degree to 

which users believe that other users play a role in the algorithm's decision-making. Thus, 

possibly, an overarching measure of centrality of users (with the dimension from centrality of 

self to centrality of others) can be formulated. Such a centrality measure might be helpful to 

study the perception of control over news feed curation directly. This could close a research 

gap: So far, studies on user understanding of algorithms have indirectly assessed control 

perception. For example, Eslami et al. (2016) found that users assumed to exert control over 

social feeds through different engagement forms. Other studies on news feed curation indicate 

that news is perceived as ambient and finds its way to users (Toff & Nielsen, 2018), and news 

curation is sometimes perceived to censor information intentionally (Swart, 2021). A centrality 

measure could make new contributions in this direction by directly capturing the degree users 

find themselves or others important to the curation process. This can have significant 

implications on the two existing research streams debating on the implications of algorithms 

and explainable design: 

  For critical studies on algorithms, this might lead to new insights on how users perceive 

power relations with algorithms and their autonomy. For example, do users with a high degree 

of centrality of self perceive a high level of autonomy? How does this perception relate to the 

actual control possibilities for users? What does it mean for user autonomy if there is a 

discrepancy between centrality of self and actual control possibilities?  

For HCI research, in turn, using a centrality measure might be helpful to study the 

effects of different news diversification approaches that intend to provide a plurality of 

viewpoints on news feeds. Recent work has focused on giving users more control over their 

news curation through, for instance, dashboards (Harambam et al., 2018, 2019). This could be 

linked to the centrality of self as an indicator for the degree of personalization. Thus, a high 

centrality of self perception would indicate a low diversification of news, while a high 

centrality of others (and low centrality of self) might indicate a high diversification of news 

content. 

6.4 Theoretical assumptions on technical-procedural understanding  

Study 4 revealed that technical-procedural understanding is related to a higher 

transparency perception than concept-based understanding or a more metaphorical, humanized 

understanding of algorithms. One possible reason might be that, in comparison to other 
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qualities of understanding, procedural understanding suggests more causality between the 

different algorithmic steps as it implies that one algorithmic step has subsequent consequences.  

Causal relationships are a typical part of explanations (Keil, 2006). Research in the 

juridical context has shown that decision-makers spontaneously create ‘stories’ to arrive at 

legal judgments, i.e., related episodes that are chronological and causal (Pennington & Hastie, 

1988). These results, in my view, show the individuals' preferences for a technical-procedural 

understanding. Thus, I suspect that this preference could contribute to the transparency 

perception. I derive the following: 

• Hypothesis: A higher technical-procedural understanding leads to a higher transparency 

perception of algorithms.  

Hence, explanations that alter the quality of user understanding, from a, for instance, 

concept-based understanding to a technical-procedural one, can increase the transparency 

perception of an algorithm.  

But it is necessary to acknowledge that transparency perception is not always beneficial 

to users. The findings of study 1 imply that transparency perception does not necessarily 

translate into understanding. This means that by achieving a high transparency perception, it is 

not guaranteed that users, in fact, understand algorithms better. In addition, study 2 revealed a 

trade-off between transparency and feelings of creepiness: While a transparent algorithm is 

beneficial and in the user's interest, too much transparency reveals the users' vulnerabilities and 

causes discomfort to the user. Revealing all kinds of information can be overwhelming to users, 

cause feelings of cynicism, and burden them with too much agency taking away regulatory 

responsibilities from governments (Ananny & Crawford, 2018; Lepri et al., 2018). 

Hence, transparency is no panacea to ethical concerns of algorithms. Explanations that 

aim to transform the quality of user understanding should be designed carefully to cause a 

balanced transparency perception that allows users to understand the algorithms in a way in 

which they can perform appropriate and informed judgments about the use of the algorithm 

without feeling creepiness towards the algorithm. 

6.5 Practical implications 

Two practical implications can be derived from the results. Firstly, a direct 

methodological implication for future research: The conceptual framework of user 

understanding of algorithms can serve as a reference point for the assessment of understanding 



 

 

36 

 

and inform questionnaires. Secondly, I derive three guidelines regarding user-informed 

explanations.  

6.5.1 Assessment of user understanding 

Questionnaires allow for a more efficient assessment of user understanding than 

conducting qualitative studies. They can also complement recent measures of user 

understanding (which rely on task settings or the belief of understandings). One way to 

construct questionnaires is through a top-down theory-based rational approach (as opposed to 

a bottom-up approach relying on creating a first large item pool; Bühner, 2011). The conceptual 

framework proposed here can support a rational construction of questionnaires. As the 

conceptual framework organizes user understanding into conceptual knowledge and qualities 

of understanding, it is possible, on the one hand, to create a knowledge test that assesses the 

amount or correctness of user understanding and, on the other hand, to create scales for the 

qualities of understanding.  

For the knowledge test, the conceptual framework could be translated into a 

questionnaire by relying on each conceptual knowledge and their underlying concepts (data, 

processes, artifacts) to inform item creation. One possible way to design the questionnaire for 

the measurement of conceptual knowledge could be the inclusion of single-choice or multiple-

choice items which precisely measure whether certain types of data are correctly classified as 

implicit, explicit, or latent (e.g., "Which of the following data can be considered as [explicit, 

implicit, latent] data?"). A dimension on the artifacts could be designed similarly. A 

questionnaire could assess correct and incorrect answers operationalizing user understanding 

as the performance in the knowledge test. 

Regarding processes, it is possible to measure this through the awareness of data 

processing (e.g., "Which of the following data is used by the algorithms?"). Concerning a 

dimension of processes, a questionnaire could involve items that asked for the algorithmic 

processes (e.g., "Which of the following processes do algorithms achieve [the goal of the 

algorithm]?"). Such an item could include the processes described in the framework (data 

acquisition, storing data, inferencing a virtual user profile, comparison of users and items, 

generation of recommendations) and add distractor processes that are not performed by the 

applied algorithm (e.g., blocking friends, buying products, changing formats of participants). 

It is important, however, to note that it is necessary to adapt the questionnaire to applied context 

and algorithms in terms of items and the exact phrasing of the questions. 
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Moreover, the qualities of understanding could be assessed similarly through Likert 

scales. Here, the description of the qualities of understanding can inform the formation of items 

(for item suggestions, see Table 1). Such a knowledge test and scales could advance the study 

of user understanding from a qualitative approach that is limited in its sample size and 

generalizability to a more quantitative approach that allows for representative studies and 

systematic investigation of relationships. Future work could validate these items their 

objectivity, reliability, and validity. 

Table 1 

Examples for items for each quality of understanding 

Construct Item suggestion (Likert scale, 1 = I fully disagree to 5 = I fully agree) 

Centrality of self The algorithms evolve around me.  

Metaphorical understanding I tend to use metaphors when I describe algorithms. 

Technical-procedural understanding Algorithms are a chain of steps. 

Concept-based understanding Algorithms are connected to users and items.  

Abstract understanding Algorithms are dependent on the context.  

Simplified understanding Technical devices, such as a PC or a server, are essential to 

algorithms. 

 

6.5.2 Guidelines for user-informed explanations 

From the work of this thesis, I can infer guidelines for creating user-informed 

explanations, i.e., explanations that are tailored to user understanding of algorithms. Study 1 

showed that users might overestimate their understanding when they receive a how-

explanation. I argue that this finding implies that explanations need to prompt users’ 

metacognition, i.e., a rigorous reflection on their understanding. Thus, I propose the following 

first guideline: 

• Guideline 1: User-informed explanations should increase awareness of the limits of 

understanding 

Increasing the awareness of what users do not know of algorithms does not come at 

zero costs. It might discourage users from learning more about algorithms, contributing to 

feelings of overwhelm and cynicism that might already be prevalent when engaging with 

algorithms (Ananny & Crawford, 2018; Swart, 2021). At the same time, providing explanations 

might not be in the users’ interest in their everyday interaction. A way to mitigate possible 
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frustration is to provide options for users to learn more about algorithms that are not upfront in 

everyday interaction but hidden in FAQs sections. This solution allows users to learn about 

algorithms when they deem necessary and might prevent frustration and overwhelm.  

As a second way to avoid such aversion I suggest stressing specific purposes of 

explanations. The prime example is the purpose of online privacy. In this context, an 

explanation could highlight that its purpose is to inform users about data processing. This 

could, for instance, include information on what kind of (sensitive) data is processed, or how 

it is processed. Another example concerns the order of curated feeds and recommendations that 

users are confronted with. User-informed explanations could highlight their purpose of 

informing users about diversification and possible biases here. 

The studies revealed that lay users could hold certain misconceptions regarding 

algorithms. These misconceptions might be ascribed to the use of metaphors and simplification 

by lay users. Throughout studies 2 – 5, users particularly stated their uncertainty about their 

assumptions. In study 2, some users were unaware of the fully- or semi-automated nature of 

algorithms (newsroom assumptions) or were not sure about the functionality of cookies and did 

not know whether and how to delete them (cookie assumption). Study 5 showed that lay users 

simplify their understanding by comparing algorithmic reasoning with human reasoning. This 

simplification may be feasible for the interaction with algorithms, but they might be flawed by 

misattributions. Against this background, I suggest the following design guideline: 

• Guideline 2: User-informed explanation should eradicate common misconceptions 

This can be achieved by highlighting the capabilities and limitations of algorithms as 

algorithmic reasoning is not the same as human reasoning or providing metaphors that are 

adequate to represent the algorithmic function. However, it remains open how common the 

insecurities and misconceptions mentioned here are prevalent among users. Thus, it is 

necessary to investigate these in representative samples to eradicate misconceptions reliably. 

 Study 5 identified the shared understanding of experts and lay users and revealed that 

experts and lay users understand algorithms as a sequence of actions. In other words, both 

groups expressed that algorithms adhere to input-model-output structure. Shared understanding 

can inform the elements that need to be communicated to users in an explanation (Eiband et 

al., 2018). Based on this argument, I proposed the following design guideline: 
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• Guideline 3: User-informed explanations should rely on an explanation template of 

input-model-output 

In other words, I argue that user-informed explanations should generally contain information 

on the input, model, and output. Here, the conceptual framework can provide insights into 

which kind of information can be presented. Data, processes, and artifacts can be used as 

categories to include in user-informed explanations as users, seemingly, use these categories 

naturally.  

6.6 Limitations and outlook 

It needs to be acknowledged that the proposed guidelines are first steps to form 

explanations that are tailored to the user understanding. They do not specify how exactly to 

phrase user-informed explanations. Future research needs to study the phrasing (e.g., technical 

vocabulary, non-technical vocabulary) and the level of detail (e.g., depth in content, length of 

explanation). It is also open to future work to validate such explanations and study their effects 

on system perceptions, perceived and objective understanding.  

Another critical but neglected challenge in research of explanation is to ensure and 

design explanations in a way that users actually read them. Tailoring explanations to the user 

understanding is only one way to contribute to this issue. Other questions that need to be 

addressed to ensure that users read explanations are the presentation format (e.g., what is the 

most compelling visual design to present explanations?) as well as the time and frequency of 

presentation.  

This work constitutes a mainly qualitative exploration and characterization of user 

understanding. The results primarily rely on explicit (and often verbal) information, i.e., 

information that participants could express through the drawing tasks, interviews, and focus 

groups. Thus, user understanding that participants were not able to express in these ways could 

not be sampled. Future research could apply different elicitation methods for user 

understanding, including observational methods, task analyses, structural analyses (e.g., 

Pathfinder, Network Text Analysis; for an overview, see Cooke, 1994). These approaches 

could allow for an investigation of how user understanding affects interaction with algorithms. 

In addition, future work can extend this work and build on the conceptual framework 

proposed here to investigate the user understanding in representative samples or different target 

groups (e.g., elderly users, users without technical affinity, users from Non-Western countries) 
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and different domains (e.g., speech assistants, Internet of Things technology). The conceptual 

framework could be complemented by other concepts, such as user awareness of algorithms, 

user characteristics (e.g., personality traits, learning styles), and behavioral and affective 

consequences (e.g., interaction behavior, overwhelm, sense of autonomy) to contribute to a 

complete picture of how users interact with algorithms.  

Finally, I proposed to increase users’ awareness of their own knowledge limits. This, 

in turn, implies that users cannot receive a complete picture of the inner workings of algorithms. 

Some parts of algorithms stay opaque and possibly ambiguous to users. There remains a risk 

(e.g., for online privacy) when users engage with algorithms. Therefore, I argue that it is 

important to go beyond the concept of algorithmic transparency and study trust in algorithms. 

Essential questions in this regard are: What aspects of algorithms need to be transparent to 

foster trust? Are trust labels (similar to privacy labels) an effective way to increase trust in 

algorithms?  

7 Conclusion 

 With the increasing influence of algorithms, it is crucial for users to make informed 

decisions about using and interacting with algorithms. To do so, algorithms need to be 

transparent and explained in a way that users can make sense of them. Thus, explanations need 

to consider user understanding of algorithms. However, to which extent explanations affect 

user understanding is still understudied due to a lack of conceptualization of user understanding 

of algorithms. With a strong qualitative focus, the aim of this thesis is an extensive exploration 

and characterization of user understanding. Results of five user-centered empirical studies 

reveal that (1) it is needed to distinguish between the concepts of belief of understanding and 

(genuine) user understanding, (2) at its core, user understanding of algorithms follows a pattern 

of input-model-output that can take different qualities of understanding. In addition, the thesis 

provides empirical evidence that – at least some of – these qualities exist across systems in 

larger samples. They can be linked to certain system perceptions: Specifically, the results 

suggest a relationship between centrality of self and control perception as well as technical-

procedural understanding and transparency perception. As practical implications, the thesis 

provides guidance for the assessment of user understanding of algorithms through 

questionnaires as well as guidance for the design of user-informed explanations. In conclusion, 

the thesis contributes to a conceptualization of user understanding of algorithms and advocates 

for its relevance in research on explanations.  
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I HUMANIZE, THEREFORE I UNDERSTAND? 

Abstract 

The functioning of intelligent systems can be opaque to users. Yet, users 

need to make informed choices about them. This work compares two knowledge 

mechanisms, i.e., ways for users to achieve an understanding of intelligent 

systems: explanation and humanization. In online experiment (N = 416), we 

compared the effects of a control condition without any explanation against a) a 

neutral and b) a humanized how-explanations as well as c) active humanization on 

(perceived and objective) user understanding and systems perceptions (trust, 

transparency, satisfaction, perceived usefulness). Our main finding: Explanations 

increased transparency and perceived understanding but not objective 

understanding. Active humanization, surprisingly, decreased objective 

understanding compared to the control condition suggesting inhibition of 

knowledge retrieval. Humanized how-explanation increased the perceived 

usefulness. We found no effects for trust and satisfaction. We conclude that 

explanations lead to a deceptive feeling of understanding. Explanations should 

consider the prior understanding to affect objective understanding.  

Keywords: user understanding; explanation; humanization; intelligent system; 

algorithmic ranking; transparency  
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Introduction 

Intelligent systems are ubiquitous in their application. For instance, as ranking 

algorithms, they determine which information users are exposed to on their search 

results or social media and news feed. As such, they can serve as gatekeepers to 

information (Cotter & Reisdorf, 2020; Gillespie, 2014). Despite their tremendous 

importance, prior research highlights that users have sparse knowledge (Araujo et al., 

2020) or idiosyncratic ideas about these systems' inner workings (DeVito et al., 2018; 

Eslami et al., 2016). Users might also have misconceptions about the possible 

inferences that intelligent systems can make (Hautea et al., 2020). This flawed 

understanding threatens the user's autonomy to make informed decisions about the use 

and interaction with intelligent systems. As a consequence, users can lack the possibility 

to scrutinize the system's outputs and overly rely on their decisions (Cotter & Reisdorf, 

2020; Pan et al., 2007). Therefore, the user understanding, i.e., what users know about 

the processing of (personal user) data, the algorithmic model, and the generation of 

specific outputs, is crucial to retain the users' autonomy (Cotter & Reisdorf, 2020). 

Additionally, from a system developer's perspective, user understanding is a 

prerequisite for acceptance and interaction with intelligent systems (Norman, 1983; 

Yeomans et al., 2019). Prior research also highlights that users are interested in learning 

more about the inner workings of intelligent systems (Eslami et al., 2016; Lim & Dey, 

2009).  

Therefore, this work concerns the question of how users can gain an 

understanding of intelligent systems. We compare two knowledge mechanisms which 

we define as ways through which users can achieve understanding about a particular 

intelligent system. 

 The first mechanism concerns explanations of intelligent systems. There are 

several types of textual and visual explanations that aim to increase algorithmic 
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transparency. They can affect the user understanding and perception of an intelligent 

system differently (Mohseni et al., 2020). In this work, we are specifically interested in 

the effects of how-explanations. These explanations describe intelligent algorithms' 

inner working and can increase user awareness and user understanding (Rader et al., 

2018). We present neutral how-explanations and humanized how-explanations. The 

latter entails anthropomorphic descriptions of the system. 

The second mechanism concerns a phenomenon that can occur when individuals 

face technology: Humanization (also called anthropomorphism) is the process of 

attributing human characteristics and states to non-human agents by using one's very 

own as an anchor (Epley et al., 2007). Humanization can be an inherent part of user 

understanding (Kodama et al., 2017; Ngo et al., 2020; Wu et al., 2019). Individuals tend 

to humanize, especially when systems appear unpredictable and they feel uncertain 

about their behavior (Epley et al., 2007; Waytz et al., 2014). Therefore, we suggest that 

humanization might occur particularly in the absence of explanations. 

In this regard, we ask whether humanization can provide a deceptive feeling of 

user understanding. If so, we argue that humanization can be disadvantageous when 

users intend to gain an understanding of intelligent systems. Users might merely have 

the perception that they hold a correct understanding, while they actually do not. 

Therefore, this study pursues two research goals: (1) We compare the effects of 

these two knowledge mechanisms (neutral how-explanation and humanization) and 

their combination (humanized how-explanations) on the perceived and objective user 

understanding. The distinction between perceived, i.e., the extent to which users feel 

that they have understood a system, and objective understanding are important. Prior 

research could already show that users may have an illusion of understanding when 

informing themselves using the Internet (Fisher et al., 2015). In this regard, our main 
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hypotheses are that explanations lead to a higher perceived and objective understanding. 

In comparison, humanization should only lead to a higher perceived understanding. 

Additionally, we (2) explore the effects of explanations and humanization on different 

system perceptions, including trust, transparency, satisfaction, and perceived usefulness.  

To address these goals, we conducted a pre-registered online experiment 

choosing the news ranking algorithm of Google News as an example for intelligent 

systems. In particular, our study sought to answer the following questions:  

• RQ1: How do explanations and humanization contribute to the perceived 

and objective user understanding of intelligent systems (in this case, Google 

News)? 

• RQ2: How do explanations and humanization contribute to the perception of 

intelligent systems (trust, transparency, satisfaction, perceived usefulness)? 

This work examines the effects of how-explanations and humanization on user 

understanding and highlights the danger of the discrepancy between perceived and 

objective user understanding. By understanding these effects, future research on 

algorithmic transparency can evaluate and improve explanations to ensure their 

effectiveness for user understanding.   

Background 

In the following sections, we first provide an overview of explanations and the 

underlying psychological mechanisms of humanization. We then derive our hypotheses 

based on the existing literature.  

Categories and effects of explanations 

Explanations serve to expand the user understanding of a particular subject 

(Keil, 2006). Researchers have distinguished explanations based on their content, 
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presentation format (textual or visual), and the provision mechanism (Gregor & 

Benbasat, 1999). Concerning the content of explanations, they can be categorized as 

global (or model-centric) explanations, which provide general information about an 

algorithmic system, or local (or subject-centric) explanations, which are case-specific 

and based on the input data that is given to an algorithmic system (Darlington, 2013; 

Došilović et al., 2018; Edwards & Veale, 2017). Another distinction can be made 

between how-explanations (white-box explanations) and why-explanations (black-box 

explanations; Friedrich and Zanker, 2011). How-explanations describe how an 

algorithmic system derives a particular outcome based on a specific input. Their 

purpose is to provide knowledge about how a particular task is done. Why-explanations, 

in turn, justify the reasoning behind a specific output (Darlington, 2013).  

Still, it remains open how much and which kind of content should be included in 

an explanation. On the one hand, Nourani et al. (2019) showed that explanations need to 

be meaningful to be effective. On the other side, Eiband et al. (2019) showed that 

explanations that do not convey any new information can still increase trust similarly to 

meaningful explanations.  

While one relevant goal of explanations is to provide transparency (Lipton, 

2017), they can affect many other variables. Providing explanations increases user 

understanding of intelligent systems and can increase satisfaction and perceived 

usefulness (Dominguez et al., 2019; Lim et al., 2009). Explanations can also affect 

fairness perceptions of intelligent systems. For example, Dodge et al. (2019) found that 

local explanations reveal more fairness discrepancies in judging (fictive) defendant's re-

offense risks than global explanations. Why-explanations have been found to increase 

benevolence perception and trust in recommender systems (Wang & Benbasat, 2007; 

Zanker & Ninaus, 2010).  



I HUMANIZE, THEREFORE I UNDERSTAND? 

In this study, we focus on how-explanations can increase benevolence and 

competence perception of recommender systems (Wang & Benbasat, 2007) as well as 

the awareness of an intelligent algorithm's existence, the understanding of its 

performance, and its accountability (Rader et al., 2018). We deem this kind of 

explanation as particularly interesting for the user understanding as they provide 

information about the inner working of intelligent systems. As such, we assume that 

they potentially hold information that is unfamiliar to users. Therefore, they might 

increase the objective understanding more than other types of explanations. 

Consequences of humanization 

Individuals have the capability and tendency to humanize non-human agents 

(Epley et al., 2007). This has been consistently observed for all kinds of technology, 

including AI-enabled technology and robots (Blut et al., 2021; M. Li & Suh, 2021). One 

central theory that explains and predicts the circumstances under which humanization 

occurs is the three-factor theory of humanization (Epley et al., 2007).  

According to this theory, humanization is driven by three psychological key 

determinants: (1) the elicitation of agent knowledge, (2) effectance motivation, and (3) 

sociality motivation. Concerning the first determinant, Epley and colleagues (2007) 

proposed that humanization is an inductive inference process. In other words, 

individuals make conclusions about a non-human agent based on readily accessible 

knowledge. This knowledge can stem from two sources. Firstly, individuals apply 

knowledge about themselves or humans in general to the non-human agent. According 

to Epley and colleagues (2007), this first source is more likely to serve as a primary 

basis because it is richer and acquired earlier. Thus, it is more likely to be available 

when facing a non-human agent. Secondly, the knowledge can stem from the non-
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human agent itself. For example, in human-robot interaction, inferences about a robot 

can be provoked through visual anthropomorphic features, such as the surface look 

(gender, skin, and eyelashes), body or facial features (Phillips et al., 2018). The 

humanization can also be triggered by verbal anthropomorphic features like voice and 

human-like language (M. Li & Suh, 2021). 

 As the second determinant, the effectance motivation describes the "need to 

interact effectively with one's environment" (Epley et al., 2007, p. 866). Individuals 

wish to explain and predict the non-human agent's behavior, which, in turn, can reduce 

the feeling of uncertainty about the non-human agent. The third determinant, the 

sociality motivation, describes the need for social connections. Humanization satisfies 

this need by enabling individuals to build connections to non-human agents. Empirical 

studies confirm the predictions of the three-factor theory regarding both motivations. 

For example, the desire for control and chronic loneliness can affect the degree of 

humanization of animals, technology, and religious agents (Epley, Akalis, et al., 2008; 

Epley, Waytz, et al., 2008). Furthermore, the unpredictability of robots can increase 

humanization (Eyssel et al., 2011; Waytz et al., 2010). 

Humanization can affect the user perception of non-human agents, attitudes, and 

behavior towards them robots (Blut et al., 2021; M. Li & Suh, 2021). Human-like robots 

and speech agents seem to be more likable and associated with warmth and pleasure. 

They are also seen as more intelligent (Haas & Moussawi, 2020). Moreover, 

humanization can increase technology acceptance, including the acceptance of 

augmented reality applications (Dominguez et al., 2019) and robots, when users have 

prior experience with similar technology (Goudey & Bonnin, 2016). 

Within the scope of this work, we aim to explore the effects of humanization on 

system perceptions. Regarding trust, so far, research has shown mixed results. Some 
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studies suggest no or a weak relationship between humanization and trust. For instance, 

a meta-analysis by Hancock et al. (2011) revealed a small effect of humanization on 

trust in robots. Instead, they found that the performance of a robot contributed more to 

trust perception. More recent studies showed that humanization could increase trust in 

human-like robots (de Visser et al., 2016; Natarajan & Gombolay, 2020; van Pinxteren 

et al., 2019), autonomous vehicles (Forster et al., 2017; Waytz et al., 2014), and 

anthropomorphic presentations of brands (Aggarwal & McGill, 2012; Golossenko et al., 

2020).  

Besides trust, we aim to investigate the effects on other user perceptions, in 

particular, transparency, satisfaction, and perceived usefulness. They are also defined as 

user beliefs that are influenced by the perceived system qualities (e.g., interaction 

adequacy or interface adequacy of a system; Pu et al., 2011). Yet, studies of 

humanization effects on user perceptions of intelligent algorithms are scarce to this date. 

Derivation of hypotheses 

We aim to compare the effects of how-explanations and humanizations on 

perceived understanding and objective user understanding. Additionally, we are curious 

how the combination of both knowledge mechanisms, thus humanized explanations, 

affects user understanding and system perceptions. We argue that humanized 

explanations can be understood as a more passive form of humanization, as the 

explanation itself entails anthropomorphic cues of a system. Therefore, individuals do 

not solely rely on their humanization capabilities. 

How-explanations entail the steps which the algorithmic system takes to arrive 

at a specific output. Rader et al. (2018) have shown that they typically provide new 

information to users. Therefore, we assume that neutral and humanized how-
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explanations increase the perceived and the objective user understanding of an 

intelligent algorithm: 

• H1: Compared to the control condition, the neutral how-explanation 

leads to higher objective and perceived user understanding.  

• H2: Compared to the control condition, the humanized explanation leads 

to higher objective and perceived user understanding. 

In the context of intelligent algorithms, effectance motivation drives the 

individual's wish for effective system interaction and thus, reduces the feeling of 

uncertainty about an intelligent system. Waytz et al. (2010) have shown that 

humanization can satisfy effectance motivation, leading to a higher perceived 

understanding and predictability of a system. Therefore, we assume that humanization 

can increase perceived understanding but does not affect objective understanding as no 

new information about the intelligent algorithm is acquired in this process.  

• H3a: Compared to the control condition, humanization leads to higher 

perceived user understanding but not a higher objective understanding. 

Additionally, technical expertise, i.e., the available knowledge about algorithms, 

should moderate the degree of humanization as it becomes less likely that the user 

applies the knowledge about oneself or humans to an intelligent algorithm. Furthermore, 

based on the three factor-theory (Epley et al., 2007), we suggest that personality traits 

such as the need for cognition, desire for control, and chronic loneliness moderate the 

effect of humanization on the perceived user understanding of intelligent algorithms: 

• H3b: This effect is moderated by technical expertise, need for cognition, 

desirability for control, and chronic loneliness.  

We argue that explanations and humanization work as knowledge mechanisms 

leading to an equal amount of perceived understanding. Therefore, we derive the 
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following set of hypotheses regarding the effects of both mechanisms on the perceived 

and objective user understanding.  

• H4a: The neutral explanation, humanization, and the humanized 

explanation do not differ in their effect on perceived user understanding. 

• H4b: The neutral explanation and humanized explanation lead to higher 

objective understanding than humanization. 

Previous studies indicate that explanations and humanization can increase trust. 

Accordingly, we assume the following hypothesis: 

• H5: Compared to the control conditions, all other conditions lead to 

higher trust perception in the system. 

Regarding transparency perceptions, previous studies indicate that explanations 

increase the perceived transparency of systems (Q. Li et al., 2020). Thus, we assume: 

• H6: Compared to the control condition and humanization condition, the 

neutral explanation and humanized explanation lead to higher 

transparency perception. 

Regarding other effects of humanization and both types of how-explanations on 

systems perceptions (e.g., satisfaction, perceived usefulness), we do not have further 

specific hypotheses. Thus, we investigate these relations through an explorative 

approach.  

Method 

The study was approved by the local ethical committee of the University of 

Duisburg-Essen. All participants gave informed consent. We pre-registered our study 

before the data collection on OSF: https://osf.io/mz528 

https://osf.io/mz528
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Participants 

We recruited 450 participants from the U.K.-based crowd-sourcing platform 

Prolific.co. After removing participants due to missing data and manipulation checks, 

416 participants were included in the final sample. Participants’ age ranged from 18 to 

74 years (M = 33.54, SD = 11.94). Regarding gender, 260 participants identified as 

female, 152 as male, three participants had other gender identities, and one participant 

preferred not to give any information on gender. Most participants had at least a 

bachelor's degree as highest education (n = 155) or a high school degree (n = 148). The 

majority of participants use Google News at least once a week (n = 194) or daily (n= 

127; at least once a month n = 41; at least once a year n = 12; less than once a year n = 

7). Thirty-five participants have never used Google News before.  

Study design 

We conducted an online experiment employing a between-subject design using 

"group" as an independent variable with four conditions: (1) control (2) neutral how-

explanation, (3) humanization, (4) humanized how-explanation.  

In the control condition, participants were asked to describe their experience 

with Google News. In the neutral how-explanation condition, participants received a 

how-explanation on the inner mechanism of Google News. The explanation was based 

on public information on the inner working of Google News (e.g., from their official 

website, public patents). It was further complemented by a figure showing an overview 

of the ranking procedure. Afterward, participants were asked to explain the inner 

mechanisms of Google News in their own words. In the humanization condition, 

participants wrote a text about the news curation algorithms in which they actively 

humanized the system. The instruction was adapted from the task paradigm of Waytz 
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and colleagues (2010).  

Besides the explanation and humanization condition, we decided to add a 

humanized how-explanation condition to facilitate the humanization process to explore 

the effects of both knowledge mechanisms. In this humanized how-explanation 

condition, participants received a how-explanation that was enriched with human 

elements. In this explanation, the ranking algorithm was compared to an expert who 

wishes to choose the most relevant news for the user. An image of a human expert 

subsidized this explanation.  

All explanations were pre-tested in terms of their comprehensibility. All 

explanations, instructions, and the dataset can be found in the supplementary material 

on OSF: https://osf.io/k34fx/ 

Measures 

Our main dependent variables were the user understanding of intelligent systems 

(in this case, Google News). We measured perceived understanding using three self-

created items ("I understand how the system works", "I understand how the news are 

delivered to me", "The order in which Google News presents news articles to me makes 

a lot of sense to me. "). Items were measured on a 5-point-Likert scale. The internal 

consistency of the items was good, Cronbach's α = 0.83. 

To measure objective understanding, we created a quiz consisting of 17 true-or-

false statements about personal data usage and the inner working of Google News 

(Table 1). The statements were informed by the available public information about the 

inner working of Google News (e.g., FAQ page, news articles, public patent). To avoid 

ceiling and floor effects, we pre-tested the difficulty and comprehensibility of each 

statement.  

https://osf.io/k34fx/
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Table 1. Overview of statements for the measurement of objective understanding 

No. Statement True/False 

1 Google News monitors my clicks on news articles and links in order to give me 

news article recommendations 

True 

2 Google News only compares my personal online behaviour to that of other users 

in order to make news recommendations. 

False 

3 Google News cannot know what news topics I am interested in if I do not 

explicitly disclose this to the application. 

False 

4 Google News is fully automated, i.e., there are no humans who intentionally pick 

out the news articles for me (except for the Newsstand function).  

True 

5 Google News uses tags, i.e., keywords for each news article, which are based on 

the news article, my past online behaviour, and my interests, to determine the most 

interesting news for me.  

True 

6 For each news article, Google News calculates a score to determine the 

importance of the news article. The score is only based on my past behaviour and 

my data.   

False 

7 Google News can track my online behaviour continuously.  True 

8 Google News cannot know the country that I am living in if I do not explicitly 

disclose it to the application.  

False 

9 The grammar and spelling of a news article are factors that is considered by 

Google News.  

True 

10 Google News does not consider my past online activities on other Google 

platforms, such as YouTube or Google Search, to give me news article 

recommendations.  

False 

11 Google News can have access to my voice recordings that were recorded when I 

spoke to Google services (e.g., using the mic icon to search by voice). 

True 

12 Google News uses my age to determine the most interesting news articles for me. False 

13 For Google News to show me more similar news articles that I will be interested 

in, I can express this through the "Like" button in every news article I like.  

True 

14 Google News uses the same ranking algorithms as Google Search.  True 

15 If there is an advertisement in the news article, the news article is more likely to 

be delivered to me.  

False 

16 Google News considers my political beliefs to deliver news to me.  False 

17 Google News uses my gender to determine the most interesting news articles for 

me.  

False 
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In addition to the perceived and objective understanding, we measured the 

system perception of Google News. We were particularly interested in satisfaction, 

transparency perception, and perceived usefulness. For this, we used the respective 

subscales from ResQue (Pu et al., 2011). All items were measured on a 5-point-Likert 

scale (1 = strongly agree; 5 = strongly disagree), including a "not applicable" option.  

The internal consistency of these subscales was acceptable to good, Cronbach's α = .68 

to .86 (Pu et al., 2011). Furthermore, we measured trust through ten items taken from 

Cramer et al. (2008), e.g., "I am confident in the system.". We measured these items on 

a 7-point-Likert scale. Internal consistency of this scale is reported to be excellent, 

Cronbach's α = .90 (Cramer et al., 2008). 

Besides these dependent variables, we further measured several moderators, 

which were discussed in the literature. We measured the technical expertise through two 

items which were taken from Lee and Baykal (2017). Here, technical expertise 

consisted of a rating of the programming knowledge and knowledge on computational 

algorithms. Both ratings were measured on a 4-point scale ("no knowledge", "a little 

knowledge", "some knowledge", "a lot of knowledge").  

Finally, we measured several personality traits that are known to be related to 

humanization (Epley et al., 2007): The need for cognition was measured through a short 

version of the Need for Cognition Scale (NCS; Lins de Holanda Coelho et al., 2020). It 

consisted of six items (e.g., "I would prefer complex to simple problems). All items are 

measured on a 5-point Likert scale (1 = extremely uncharacteristic of me; 5 = extremely 

characteristic of me). The internal consistency of the measure is good and comparable 

to the original NCS-18 scale (Cacioppo et al., 2013), Cronbach's α = .86 to .90. 

We measured the desirability of control using the scale by Burger and Cooper 

(1979). The scale consists of 20 items (e.g., "I prefer a job where I have a lot of control 
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over what I do and when I do it."; "I enjoy political participation because I want to have 

as much of a say in running government as possible.") which are answered on a 7-point-

Likert scale (1 = does not apply to me at all, 7 = always applies to me). The internal 

consistency is reported to be acceptable, Cronbach's α = .70.  

Finally, we measured chronic loneliness using the ULS-8 scale by Hays and 

DiMatteo (1987), which consists of eight items (e.g., "I lack companionship."). The 

items are measured on a 4-point Likert scale (1 = I often feel this way; 4 = I never feel 

this way). The internal consistency is good, Cronbach's α = .84. 

Procedure 

The study was conducted in February 2021 on the survey platform Soscisurvey. 

First, we measured the demographics and moderators. Then, participants were 

instructed to think of Google News and their experience with it. Afterward, participants 

were randomly assigned to one of the four conditions. Depending on the condition, 

participants wrote their explanations on the inner working of the Google News, 

described a story about Google News, or were asked to write about their experience 

with the application. After this, we measured the perceived and objective understanding. 

Participants were debriefed and received 3.54 $ as compensation for participation. They 

needed about 13 minutes on average to complete the online experiment. 

Results 

To answer our hypotheses regarding the perceived understanding, we originally 

pre-registered planned contrasts which considered all possible group comparisons. 

However, we conducted a one-way ANOVA as this procedure was more appropriate. 

Detailed reasoning for a changed strategy of analysis as well as the results of the 

originally pre-registered analysis can be found on OSF. Concerning the remaining 



I HUMANIZE, THEREFORE I UNDERSTAND? 

hypotheses, we strictly followed our pre-registered strategy of analysis and conducted 

planned contrasts regarding the objective understanding and trust and moderation 

analyses. In addition, we performed an explorative analysis to examine the effect of the 

groups on the system perceptions.  

We used IBM SPSS 27 and PROCESS v. 3.5. to perform the statistical analyses. 

For all analyses, Levene's test indicated that homogeneity of variance could be assumed. 

We applied Bonferroni-correction to all post-hoc comparisons.  

Perceived and objective understanding 

To analyze the effects on perceived understanding, we performed a one-way 

ANOVA using group as a factor. The omnibus-test was significant (Table 2), F(3, 412) 

= 11.82, p < .001, partial η2 =  0.79, 95% CI [.03, .13].  

Table 2. Overview of descriptive statistics for perceived and objective understanding 

Condition n Perceived understanding Objective understanding 

  M(SD) 95% CI M(SD) 95% CI 

Control 110 3.39 (.75) [3.25, 3.53] 11.15 (1.64) [10.83, 11.45] 

Humanization 112 3.51 (.80) [3.36, 3.66] 10.58 (1.81) [10.24, 10.92] 

Neutral Explanation 90 3.84 (.71) [3.69, 3.98] 11.01 (1.92) [10.61, 11.41] 

Humanized Explanation 104 3.90 (.70) [3.77, 4.04] 11.19 (1.86) [10.83, 11.56] 

Post-hoc comparisons revealed four significant group differences: Compared to 

the control group, participants in the neutral how-explanation condition had a 

significantly higher perceived understanding (95% CI of the difference between means 

[-.73, -.17], p < .001). Similarly, participants of the humanized how-explanation 

condition also had a significantly higher perceived understanding than the control group 

(95% CI of the difference between means [-.79, -.25], p <.001).   

Additionally, we found that compared to the humanization condition, the neutral 

how-explanation condition (95% CI of the difference between means [-.60, -.05], p = 
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.013) and the humanized how-explanation, respectively, showed significantly higher 

perceived understanding (95% CI of the difference between means [-.66, -.12], p < 

.001). Thus, both explanations increased the perceived understanding significantly. 

Humanization, in turn, did not affect the perceived understanding.  

To examine the effects on objective understanding, we conducted four planned 

contrasts (Figure 1). We note that for planned contrasts, the adjustments of p-values are 

controversial. We decided for the conservative adjustment of the significance level to p 

= 0.05/4 = 0.0125 (Frane, 2015).  

First, we compared the control group with each experimental group separately. 

The planned contrast comparing the control condition with the neutral how-explanation 

was not significant (t(412) = -0.52, p = .602, Cohen’s d = -.076, 95% CI for effect size 

[-.35, .20]). Furthermore, the planned contrast for the comparison between control 

condition and humanized how-explanations was not significant either (t(412) = 0.19, p 

= .850, Cohen’s d = .027, 95% CI for effect size [-.24, .29]).  

When comparing the control condition and the humanization condition, we 

found a decrease of objective understanding, (t(412) =  -2.33, p = .020, Cohen’s d = -

.327, 95% CI for effect size [-.59, -.06]). While this result was not significant 

(according to our adjusted p-value), we still consider this result relevant due to the small 

overlap of confidence intervals and medium effect size. We performed four moderation 

analyses using perceived understanding as an outcome variable and need for cognition, 

desire for control, technical expertise, chronic loneliness as respective predictors. These 

analyses revealed no significant interaction effects.  

Additionally, we found that, compared to the humanization condition, the 

neutral and humanized explanation lead to a significant higher objective understanding 

(t(412) = 2.43, p = .016, Cohens’ d = .559, 95% CI for effect size [.09, 1.02]).  
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Figure 1. Group means for objective understanding. Error bars represent 95% 

confidence intervals of means. 

 

Note. Measurement of objective understanding consisting of 17 true-or-false statements. 

Thus, participants could achieve up to 17 correct answers. 

 

In sum, we reject most of our hypotheses, H1-H4a. We found that both 

explanations lead to a higher perceived understanding. However, humanization did not 

lead to a higher perceived understanding. Our results supported H4b, suggesting that 

both explanations lead to higher objective understanding than humanization. However, 

participants who received (neutral or humanized) how-explanations did not perform 

significantly better than the control group. Surprisingly, humanization led to a relatively 

lower objective understanding than the control condition.  

System perceptions 

Regarding trust, the planned contrast revealed that compared to the neutral how-

explanation, the humanized how-explanation and humanization did not increase trust 
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perception significantly (t(412) = 0.47, p = .641, Cohen’s d = .118, 95% CI for effect 

size [-.38, .61], Table 3). Thus, we reject H5.  

The last contrast (H6) revealed that compared to the control and humanization 

condition, both explanation conditions yielded in a significant increase of transparency 

perception (t(403) = 4.41, p < .001, Cohen’s d = .878, 95% CI for effect size [0.48, 

1.27]). Therefore, results support H6.1  

Table 3. Overview of  descriptive statistics for system perceptions 

Condition Trust Transparency 

 
M(SD) 95% CI M(SD) 95%CI 

Control 4.11 (1.16) [3.89, 4.33] 3.79 (0.92) [3.61, 3.97] 

Humanization 4.47 (1.17) [4.25, 4.69] 3.95 (0.92) [3.77, 4.12] 

Neutral Explanation 4.43 (1.11) [4.19, 4.66] 4.24 (0.68) [4.09, 4.38] 

Humanized Explanation 4.51 (1.15) [4.29, 4.74] 4.23 (.078) [4.08, 4,38] 

 Perceived usefulness Satisfaction 

 M(SD) 95% CI M(SD) 95%CI 

Control 3.56 (.86) [3.40, 3.73] 3.40 (1.03) [3.20, 3.59] 

Humanization 3.80 (.84) [3.65, 3.96] 3.63 (1.09) [3.42, 3.84] 

Neutral Explanation 3.81 (.66) [3.67, 3.95] 3.72 (.95) [3.52, 3.92] 

Humanized Explanation 3.92 (.67) [3.79, 4.05] 3.72 (.93) [3.54, 3,90] 

 

Moreover, we performed four one-way ANOVAs using group as an independent 

variable and trust, transparency, perceived usefulness, and satisfaction as respective 

measures. Results of the ANOVAs showed a significant omnibus-effect of group on 

trust, transparency, and perceived usefulness (Table 4). 

                                                 

1 We note that regarding transparency, nine participants answered with “not applicable” leading 

to fewer data points for this measure (degree of freedom is therefore lower than for other 

measures). 
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Table 4. One-way ANOVA and post-hoc comparisons for system perceptions 

 F df p partial 

η2 

95% 

CI 

Post-Hoc 

comparisons 

Trust 2.78 3, 412 .041* .020   

Transparency 7.05 3, 403 < 

.001* 

.050 [-0.00, 

0.09] 

1 < 3, 1 < 4 

Perceived 

usefulness 

4.04 3, 407 .008* .029 [0.00, 

0.06] 

1<4 

Satisfaction 2.38 3, 405 .069 .017   

Note: * significant at least at p < .05; 1 = control,  2 = humanization, 3 = neutral 

explanation, 4 = humanized explanation. 

Subsequent post-hoc comparisons revealed no significant group differences for 

trust but for transparency and perceived usefulness. Furthermore, we found that 

compared to the control condition, the neutral how-explanation (95% CI of mean 

difference [-.77,-.13], p = .001) and the humanized how explanation (95% CI of mean 

difference [-.75, -.13], p = .001) increased transparency perception significantly (Table 

4).  

Regarding perceived usefulness, we found a significant difference between the 

control group and the humanized how-explanation (95% CI of mean difference [-.64, -

.08], p = .005). Effect sizes of the one-way ANOVAs can be considered relatively large 

(Perugini et al., 2018). 

In addition, we conducted further exploratory analyses of moderators and 

possible relationships to objective understanding and system perceptions. Here, in all 

moderation analyses, we used group as the predictor variable. For the moderation 

analyses, we used the need for cognition, desirability for control, technical expertise, 

and chronic loneliness as moderators and system perceptions (trust, transparency, 
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satisfaction, perceived usefulness) as well as objective understanding as predictors.  

This additional analysis revealed that transparency perception is moderated by 

technical expertise, F(7, 399) = 4.33, p < .001, R2 = 0.07. In particular, we found a 

significant interaction effect between neutral explanation and control group, b = .4558, 

t(399) = 2.90,  p = .004. The addition of this interaction contributed to a significant 

change to the model, F(3, 399) = 2.97, p =.0318,  ΔR2 = .0207.  

For participants scoring 1 SD (-.66) below the mean of technical expertise, the 

difference between the neutral how-explanation and control group is .147 (p = .356). 

For participants scoring 1 SD (.75) over the mean of technical expertise, the difference 

between the neutral how-explanation and the control group is .790 (p <.001; Figure 2).  

 

Figure 2. Moderation of technical expertise on the relationship between groups and 

transparency perceptions 
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In sum, contrary to our expectation, humanization and the humanized how-

explanation did not yield higher trust perception in the system. The further exploration 

of system perceptions revealed that both types of explanations led to higher 

transparency perceptions. We, additionally, found that this effect was moderated by 

technical expertise, in particular, in the neutral how-explanation condition. Finally, the 

humanized how-explanation led to higher perceived usefulness of Google News. None 

of the experimental conditions affected satisfaction with the system. 

Discussion 

We compared the effects of humanization, neutral and humanized how-

explanations on perceived and objective user understanding, and system perceptions. 

Our main result is that, compared to the control and humanization conditions, both types 

of explanations resulted in a higher perceived understanding and transparency 

perception, but not in an increase of objective understanding. This result is particularly 

important as it shows that how-explanations can lead to a deceptive feeling of 

understanding: Users who receive how-explanations might view intelligent systems as 

transparent and might believe in having a certain user understanding of a system, while, 

in fact, they do not. Hence, we observed a discrepancy between the perceived 

understanding and objective understanding. One possibility is that the how-explanations 

used in this study might have failed their main purpose: transferring new knowledge to 

users (Keil, 2006). This has two implications for future research: 

Firstly, we argue that future studies on explanations should not merely measure 

the perceived but also make an effort to measure the objective user understanding. We 

acknowledge that this is difficult as there are no universal benchmarks for it. In our 

view, the solution to this challenge is use-case-specific as intelligent algorithms vary in 

their application, input, and output data. 



I HUMANIZE, THEREFORE I UNDERSTAND? 

Secondly, while both types of how-explanations presented in this study were 

detailed and understandable, but they were insufficient to transfer new knowledge to the 

participants. One possible reason could be that the explanations were not tailored to 

their understanding, i.e., too obvious and without new information about the intelligent 

system. We conclude that it is crucial to explore what users know about intelligent 

systems. This needs to be translated into user-informed explanations that consider the 

specific user understanding (Ngo & Krämer, 2021). 

Effects of humanization on perceived and objective user understanding 

We made three interesting observations regarding humanization: (1) Our results 

show that the humanization condition led to a lower perceived understanding compared 

to both explanation conditions. (2) Surprisingly, humanization also led to a lower 

objective understanding than the control condition that did not receive any explanation. 

And (3) we found that the humanized how-explanations, i.e., the combination of both 

knowledge mechanisms, affected the measures differently than active humanization. 

This first observation is contrary to what is predicted by the three-factor theory, 

which claims that humanization satisfies effectance motivation resulting in higher 

perceived understanding (Epley et al., 2007). The observation is also contrary to prior 

empirical findings by Waytz et al. (2010), which showed that individuals reported 

higher (perceived) understanding and predictability for humanized objects than non-

humanized ones.   

One explanation might be the different amount of distinct knowledge 

representations concerning the objects that participants humanized. According to the 

three-factor theory, the humanization of non-human agents is less likely, when 

individuals have many distinct cognitive representations of these agents (Epley et al., 

2007). In the former study by Waytz et al. (2010), participants were asked to humanize 
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objects, including technical devices (human-like robot, mobile alarm clock), 

geometrical shapes, and animals (dog). Some of these objects entail anthropomorphic 

cues (human-like robot, dog) encouraging humanization. For the others, individuals 

might have had less cognitive representations about the functioning, thus leading to 

more humanization than our study. In fact, for intelligent systems, prior research could 

show that users can hold distinct concept-based and processed-based components in 

their user understanding (Kunkel et al., in press; Ngo et al., 2020). These distinct and 

more mechanistic components might have decreased the likelihood of humanization.  

Another explanation for this observation might be that the humanization of the 

intelligent system did not satisfy the participants' effectance motivation sufficiently. 

Compatible with this assumption, the humanization did not significantly affect the 

transparency perception. This indicates that, despite humanization, participants might 

have still felt uncertain about the intelligent system. However, we note that we did not 

measure the uncertainty or predictability of the intelligent system directly so that this 

issue remains open for future work. 

Moreover, we found that humanization led to a lower objective understanding 

than the control group, who did not receive any explanation. We assume that 

humanization might have inhibited the retrieval of the participant's prior knowledge 

about the system, leading to more incorrect answers in the quiz compared to the control 

group. Against the background of the three-factor theory, this assumption might be 

plausible: Humanization is the process of ascribing one's own mental states to a non-

human agent (Epley et al., 2007). Thus, if individuals are explicitly requested to 

humanize a system, they might favor the application of their own mental states instead 

of their objective understanding of the system. Thus, the retrieval of the (objective) user 

understanding is inhibited.   
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Finally, our third observation concerns the humanized how-explanation. We 

found that the humanized how-explanation (which encouraged humanization through its 

anthropomorphic description of the intelligent system) affected the perceived and 

objective user understanding in the same manner as the neutral how-explanations. This 

raises the question of why its effects differed from the effects of the humanization 

condition. One possible answer for this is that the humanization suggested through the 

humanized how-explanation was less relevant to the participants than the explanatory 

content about the functioning of the system. Participants were explicitly asked to report 

on the inner working of Google News. Thus, they might have focused on the processes 

of the systems instead of the humanization of the system. The effects of the humanize 

how-explanations might have been different if we had asked about a more general 

description of Google News. In this case, participants might have focused more on the 

anthropomorphic cues instead, possibly leading to a lower objective user understanding.  

Effects on systems perceptions 

In addition to the effects on perceived and objective user understanding, we 

examined the effects of humanization, and humanized and neutral how-explanations on 

trust, transparency, perceived usefulness, and satisfaction. 

In line with some former studies, we found no relationship between trust and 

humanization and humanized how-explanation. Former studies that found this 

relationship investigated humanization slightly differently: They added 

anthropomorphic cues to the respective non-human agent (e.g., in the case of Waytz et 

al. (2014) name, gender, and voice to an autonomous vehicle). Here, in our study, we 

did not add any anthropomorphic cues and relied on the individual's tendency (in the 

humanization condition) or anthropomorphic cues to explain (humanized how-
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explanation condition). It, therefore, appears to be crucial for the increase of trust that 

the non-human agent itself needs to own anthropomorphic cues.  

Furthermore, we found that both how-explanations resulted in a higher 

transparency perception. Technical expertise moderated this effect: The neutral how-

explanation resulted in a higher transparency perception, especially when their technical 

expertise was high. We conclude that explanations might be beneficial for users who 

already have high technical expertise. Interestingly, we did not find this effect for the 

humanized how-explanation. We assume that the humanized how-explanation was not 

perceived as technically accurate due to the anthropomorphic cues. Apparently, the 

humanized how-explanation highlighted rather practical aspects of the system 

increasing the perceived usefulness. 

Finally, none of the experimental conditions led to a significant increase in 

satisfaction with intelligent systems, the mere undertaking of understanding is not 

sufficient for an increase. Here, we assume that interaction and experience with the 

system might contribute more to the satisfaction with an intelligent system. 

Limitations and future work 

Our study focuses on the explanation and humanization of one specific platform. 

Therefore, it remains open whether these results can be generalized for other intelligent 

systems. This particularly applies to the aspect of humanization: Users might be able to 

humanize other intelligent systems quite differently, leading to possibly more 

substantial inhibitory effects of humanization. Therefore, we suggest future work on 

other platforms and systems.  

Additionally, we focused on one specific type of explanation, namely, how-

explanations. These can also vary in their level of detail and form. It, therefore, remains 
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open to how different levels of detail or completely different types of explanations (e.g., 

why-explanations) can impact the perceived and objective user understanding.  

Finally, as algorithmic transparency is highly relevant for the users' autonomy, 

the (increase of) objective user understanding is a crucial explanation goal. We suggest 

testing the effects of more user-informed explanations that consider the user 

understanding and therefore hold more explanatory power for users. These should aim 

to impact the objective user understanding successfully. 

Conclusion 

Our experiment revealed three main results regarding explanation and 

humanization: (1) Neutral and humanized how-explanations could lead to a deceptive 

feeling of understanding. In other words, individuals who receive how-explanations 

might perceive intelligent systems as transparent and think that they understand it, 

while, in fact, they do not. This undermines the main purpose of explanations, i.e., 

transferring new knowledge to users. (2) The effects of humanized how-explanations 

might be task-dependent. When individuals need to focus on the inner working of a 

system, they might rely less on anthropomorphic cues and more on the explanatory 

content of the explanation. Finally, (3) humanization can lower objective understanding 

compared to participants who did not receive any explanations. This has theoretical 

implications: Active humanization might be an inhibitory process that hinders the 

retrieval of knowledge about a system. In conclusion, this study points out the 

importance of objective user understanding as a benchmark for explanations and further 

highlights the need for explanations that consider the prior user understanding. 
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Exploring Folk Theories of Algorithmic News Curation for Explainable 
Design 

Abstract 

Algorithmic news curation determines users’ news exposure in the online environment. 

Despite its usefulness, it also comes along with the problem of algorithmic opacity. To 

combat this, explainable algorithmic news curation systems are necessary. One user-

centered solution to design these systems can be achieved through the systematic 

exploration of user folk theories. For this, we conducted twelve in-depth semi-structured 

interviews to explore 1.) the user preferences for explainable system design, and 2.) folk 

theories of algorithmic news curation. By applying qualitative content analysis, we 

found that a psychological trade-off between the desire for transparency and feelings of 

creepiness, thus a preference for explanations to be hidden. Furthermore, we identified 

eight folk theories. The results are compared to previous folk theories results and 

discussed in terms of the “sweet spot” of system transparency. We conclude that 

exploring folk theories is a key requirement for designing explainable algorithmic news 

curation systems.  

Keywords: folk theory, algorithmic decision-making, explanation, user interface, 

qualitative research, news curation 
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1 Introduction  

The digital age provides users the opportunity to consume their news on online 

platforms such as online newspapers, social networking sites, or web search engines. In 

this context, algorithmic news curation influences information exposure by determining 

which content users view on their news article feed and social media feed (Diakopoulus 

2015). This news curation is necessary and useful as it reduces the huge amount of 

online content to the most relevant information for one specific user. However, it also 

poses the major challenge of algorithmic opacity: While the data sets and the program 

code used by these systems might be comprehensible, the interplay between these two 

components yields complexity, and thus opacity. Algorithmic systems do not “naturally 

accord with human semantic explanations” (Burrel, 2015). This leads to problems of 

interpretability as users are not able to fully understand the inner working of an 

algorithmic system. Thus, they might rely inappropriately on the decisions of it (Burrel, 

2015). 

Recent research suggests that providing explanations to users is necessary to 

overcome algorithmic opacity (Wang et al. 2019; Rader, Cotter, and Cho 2018). One 

prerequisite for developing these explanations is the systematic consideration of user 

understanding and preferences of the user interface (UI) design (Wang et al. 2019; 

Rutjes, Willemsen and Ijsselsteijn 2019). This user-centered approach accounts for 

existing user understanding and build systems that are tailored to the users’ knowledge 

and thus, understandable to them. In user-centered design, the designer generates a 

system image through the UI, i.e., the explanation of the system (Normal, 2013). When 

interacting with the UI, users create their understanding of the system. Capturing this 

particular user understanding from the beginning enables designers to identify the 

explanation goals of the system and meet the users’ information needs. 



 

 

For this, user understanding can be investigated through the lens of folk theories 

– intuitive and informal theories of a technological system (which are comparable to the 

mental models by Norman; (DeVito et al. 2018)). Thus, the critical question is: What are 

the user folk theories of algorithmic news curation?  

In this context, our aim is to 1.) investigate users’ preferences for the UI design 

of explainable systems. Here, we specifically ask for the sources users recognized to 

become aware of algorithmic news curation to understand which aspects of a system are 

relevant for their understanding. In addition, we 2.) explore folk theories of algorithmic 

news curation. With this work, we make two contributions: Firstly, we present user 

preferences for the design of explainable systems. Secondly, we identify the folk 

theories of algorithmic news curation providing insights to the user understanding. We 

show that users have a nuanced and fragmentary understanding. 

2 Theoretical background 

Despite algorithmic opacity, users do form some subjective understanding of 

algorithmic news curation systems. This subjective understanding can be conceptualized 

as folk theory. There is a variety of folk theories definitions: While Gelman and Legare 

(2011) have defined them as “intuitive causal explanatory theories “, there are also more 

extensive and inclusive definitions. Here, we adhere to the definition of folk theories as 

“intuitive, informal theories that individuals develop to explain the outcomes, effects, or 

consequences of technological systems, which guide reactions to and behavior towards 

said system” focusing on the mechanism of algorithmic curation (DeVito, Gergle and 

Birnholtz 2017). We chose this because it implies that folk theories are incomplete and 

inconsistent. Furthermore, multiple folk theories may coexist and might even contradict 

each other (Keil 2010). 



 

 

Folk theories are not generated from the vacuum. DeVito and colleagues (2017) 

differentiated between endogenous information, which “originates with the platform 

itself” and exogenous information, “which originates outside the platform” as two 

sources of folk theories. They are shaped through violations of expected system 

behavior and resources outside the system (e.g., through the media) indicating that they 

may change over time due to the users’ experience (DeVito, Gergle and Birnholtz 2017). 

Recent folk theory research in the field of information technology has focused 

on algorithmically driven social media feeds (DeVito, Gergle and Birnholtz 2017; 

Bernstein et al. 2013; Eslami et al. 2017; Rader and Gray 2015), but also investigated 

wearable devices (Rader and Slaker 2017), online advertisements (Yao, Lo Re and 

Wang 2017), or home computer security (Wash 2010) focusing on rather mechanistic 

aspects. Other works in media sciences have investigated folk theories in broader terms 

considering folk theories as “ways to enact data assemblages” (Siles et al. 2020). 

Besides the mere user understanding, Bucher’s (2017) work on ‘algorithmic 

imaginaries’ of Facebook algorithms included further aspects such as experience and 

affect.  

To our best knowledge, there is only one study that has explicitly investigated 

the folk theories of news consumption and discovery (Toff and Nielsen 2018). Studying 

a sample of people who rarely seek out news, Toff and Nielsen (2018) identified three 

folk theories of news consumption. The folk theories varied regarding the role of the 

news consumer and the attitudes towards news consumption. While within the “News 

find me” theory participants expressed a passive role in seeking out news, within “the 

information is out there” theory, they expressed a more active role perceiving news as 

easily accessible. According to Toff and Nielsen (2018), these folk theories indicated 

participants’ confidence in news seeking. Yet, the folk theory of “I don’t know what to 



 

 

believe” entailed negative feelings of overwhelm. The study took a broad approach to 

news consumption and discovery considering several news channels (search engines, 

social media). However, it did not investigate the understanding of applications and 

algorithms of news curation. Additionally, the question remains whether a sample of 

regular news consumers would express similar folk theories and attitudes. 

Another prominent folk theory study by Eslami and colleagues (2016) identified 

a variety of theories of the Facebook News Feed curation. The folk theories differed in 

the role of interactions with other users and the perceived user control over the feed 

curation. For example, concerning the interactions with other users, the folk theory of 

personal engagement considered all interactions (likes, comments, profile visits, etc.) 

with other users, while the folk theory of global popularity stated that the news feed is 

primarily influenced by the numbers of likes and comments by others. Regarding the 

perceived user control, the folk theory of loud and quiet friends stated that the amount 

of content produced by a user is the primary influence on the news feed curation while 

the randomness theory stated that the curation algorithm acts randomly.  

Finally, this study by Eslami and colleagues (2016) underlines that through 

careful application of cues, that make the inner working of an algorithmic decision-

making system visible, users can be invited to interact with the system and update their 

folk theories. Despite these research efforts, user preferences for the design of 

explainable algorithmic decision-making systems are still understudied. Nevertheless, 

the investigation of user preferences offers insights into possible cues and explanations 

users might be prone to. This may help system designers to choose the most appropriate 

explanations for users.  

In this context, some researchers have distinguished between white-box and 

black-box explanations (Rader, Cotter, and Cho 2018): White-box explanations provide 



 

 

information about the input and output of a system and how it determines a certain 

outcome. They influence the trust in a system and its perceived usefulness. Black-box 

explanations provide information on the motivation of a system and influence user 

satisfaction and comfort of the system (Rader, Cotter, and Cho 2018).  

To explore user folk theories of algorithmic news curation, we chose Google 

News curation algorithm as an example. We focus our analysis on the following 

questions:  

• RQ 1:  What are user preferences for the UI design of an explainable 

algorithmic news curation? 

• RQ 2: What are user folk theories of algorithmic news curation? 

So far, researchers applied different methods to investigate folk theories, ranging from 

interviews to card sorting tasks, and content analysis of public tweets and online 

comments (DeVito et al. 2018). Despite these methodological differences, a qualitative 

approach seems to be most appropriate to identify folk theories as they conceptualize 

the qualitative notion of user understanding.  

3. Method 

The local ethics committee of *** approved the study. All personally identifiable 

information was anonymized. All participants consented to an audio recording of the 

interview. Except for P8, all other ones consented to use direct quotes from the 

interview scripts.  

3.1 Participants 

Twelve individual face-to-face interviews were conducted using a semi-structured 

interview guideline. The interviews were conducted in March 2019 and took place 

either in a closed meeting room at the affiliated university or in a closed room at the 



 

 

participants’ home. Participants were recruited through online advertisements on local 

Facebook groups, personal contact on the streets, and through word of mouth in the 

environment of the interviewer until theoretical saturation (Morse 2004). Snowball 

sampling was applied to achieve a diversified sample in technical knowledge. 

Seven men and five women took part in the study. Participants’ ages ranged 

from 22 to 70 (M = 33.83, SD = 16.30). Participants came from diverse professional 

backgrounds (Appendix A). Generally, they were highly educated, with eight of them 

holding a university degree. The other participants held a professional training degree, 

were in professional training, or students. Except for two participants, all the other ones 

consumed news daily. 

3.2 Procedure 

All interviews started with an introduction of the interviewer and the purpose of the 

study. After that, participants´ demographics (age, education, professional background) 

and means and frequency of news consumption were collected.  

In a guided exploration phase (two to five minutes), the Google News 

application and four different functions of it were introduced to the participants on the 

interviewer’s smartphone (Table 1). For the headline-function and for-you function, the 

interviewer described that these two functions show news articles but did not mention 

that news curation was personalized. At the end of this phase, the interviewer explained 

that she logged in the application with her user account. Participants were asked 

whether the login influenced the application asking for general awareness about 

personalization.  

Next, they were asked about the functioning, factors, and personal data that are 

considered by the application for the headline and for-you function, respectively. 

Additionally, participants had to elaborate on where and how personal data was stored. 



 

 

When participants had difficulties in answering this question, they were prompted by 

the interviewer. Firstly, they were encouraged to talk about their ideas openly. In case 

the participants still hesitated to answer the questions, the interviewer provided further 

information (e.g., informing the participant that the application considers more than 

50,000 news resources every day so that it is necessary for the application to curate the 

content). We took great care in the wording and revised the interview guideline several 

times specifically to ensure that none of the interview questions was phrased 

suggestively. 

Furthermore, participants were asked how they infer the factors used by the 

algorithm from the UI of the application and where exactly they expected to find this 

information. They answered the question of whether they prefer a hidden or prominent 

design of these factors. Moreover, participants were asked about other Google services 

and their relationship with each other as well as their general attitudes towards 

algorithms. The interviews lasted between 24 and 49 minutes. After the interview, each 

participant was debriefed and received ten Euro as compensation for participation.  

3.3 Qualitative Content Analysis 

Audio files were transcribed using the software easytranscript 2.50 (e-werkzeug, 2014) 

and oTranscribe (otranscribe.com). Transcripts were coded according to qualitative 

content analysis using the software MAXQDA 18.0.0 [23, 24]. We applied a 

combination of an inductive and deductive approach to code our data which is frequent 

in qualitative content analysis (Schreier 2012; Forman and Damschroder 2007). Some 

codes were driven top-down by our research questions, such as ‘factors considered by 

the news curation algorithms’ and ‘sources of folk theories. Other codes were data-

driven, especially the codes regarding the folk theories themselves. Two raters coded the 

content of the transcripts line-by-line separately into meaningful categories. This 



 

 

resulted in a coding scheme with eight categories and 20 subcodes on the first level. For 

the folk theories, we defined a second subcode level, including all in all eight codes. 

Folk theory names were derived from participants’ descriptions to remain close to the 

semantic description. Intercoder reliability was calculated using a third of the data and 

two independent judges. Cohen’s kappa was calculated considering a value of 70% 

raters’ agreement as a base on the first subcode level, as is recommended by Brennan 

and Prediger (1981). Values were found between in κ = .54 and κ = .83 indicating a 

moderate to an almost perfect agreement (Landis and Koch, 1977). 

4 Results 

This section is structured as follows: We first describe what sources participants 

recognized to become aware of algorithmic news curation and which their design 

preferences for explainable design (subsection 4.1). Then, we report findings on the 

factors that participants believed to be considered by Google News (subsection 4.2). 

Finally, we present eight folk theories of algorithmic news curation (subsection 4.3).  

Our interview material offered us many interesting insights into the topic of 

algorithmic news curation including general attitudes towards algorithmic decision-

making and online privacy issues. For the scope of this work, however, we focus on the 

main topics of user preferences for explainable design and folk theories of news 

curation. Nonetheless, the complete coding scheme is provided in Appendix B. 

4.1 Sources of user awareness and user preferences for explainable design 

Participants explained from which source they infer their awareness of algorithmic news 

curation. At the same time, they expressed a need for more information and 

explanations that make the inner working of Google News more transparent. In this 



 

 

context, participants preferred a hidden design for explanations. 

One the one hand, we identified two sources from which users infer their 

awareness of algorithmic news curation: visual cues (ten participants, 47 statements) 

and non-visual cues (five participants, eleven statements). Visual cues included the 

specific titles of the taskbar. P3 explained: “Because of the For-You. It is already in the 

title. And up here is "Selection for [name of the interviewer]." Other cues were news 

resources (P2: “Well, I see here that the [name of a local newspaper] is in here. That's 

probably because you entered [location of the interview] as favorites or saved at some 

point.”), and visibility of autocompletion in the search bar (e.g., P10: “If I enter a 

specific, concise term, then there is autocompletion.”). Non-visual cues included the 

perceived reputation of the service provider (P10: “If it is from Google, I would be a bit 

reluctant.”), friends and family, as well as the media (“You read it also more often that 

such things [user data] are collected.” (P5)).  

On the other hand, participants expressed interest in more transparency about the 

inner working of Google News (ten participants, 19 statements). The main reason was 

their curiosity about how such an algorithmic news curation system works (P3: “I just 

think that's interesting. I'm just curious.”). Despite this interest, however, we found a 

sense of creepiness (seven participants, 21 statements), e.g., P12 believed:” I would 

imagine that this scares off some people.”, or as P7 stated: “It is also a bit scary. […] 

Because that shows you how vulnerable you are.” Apparently, by making the inner 

workings more transparent participants were afraid of confirming an apprehension: “[..] 

many people feel scared and perhaps exposed because they think: ‘Oh, so much data.’" 

(P9). 

P4 put the reason for this sense of creepiness in a nutshell: “But [the awareness 

of data processing] is abstract. I believe it is different if you have a clear picture of what 



 

 

[user data] is passed on. How, and how much. And what is done with them? It is 

different if you just know that it happens without detailed knowledge about it. […] If it 

was transparent, the behavior of users would change.” 

Hence, most participants preferred a hidden design of an explanation of how 

Google News works, and which user data is processed (ten participants, 26 statements). 

We instructed the participants to imagine a complete list of all the information that is 

known to Google News and asked where they would expect to find this list. Most 

participants expect this information to be hidden, “not directly next to a message show, 

but somehow hidden” (P11), e.g., “somewhere under preferences or in the setting.” 

(P10) Or “in the user account area” (P7). According to P4, the goal of making the 

system more transparent should be “that the user has the feeling that he knows what is 

communicated. And he feels safe.” 

4.2 Factors considered by algorithmic news curation 

Participants believed that many factors are considered by Google News. These factors 

can be classified into three groups: article-related factors, user behavior within the 

software application, and data outside the software application.  

Article-related factors refer to the news article itself (reported by eleven 

participants in 39 statements). The most prevalent article factor was the topicality of the 

news article (23 statements) as P11 speculated: “Maybe Google searches and takes the 

newest article from other media and news services.”. Moreover, article-related factors 

included the relevance of the topic (eight statements) and the explosiveness of the 

article (four statements). In the latter case, the way of its presentation seems to be 

crucial, as P1 described: “You are first lured with pictures and a fat bold headline.” 

Explosiveness was also linked to negative news (P9: “My assumption is that negative 



 

 

news is more lucrative.”). Participants expressed that the source and economic 

performance of articles were considered as factors as well. 

User behavior within the software application included the number of clicks on a 

news article or any other item inside the application (e.g., pictures, links, videos), saved 

favorite news article, dwell time on a news article and input in the search bar (reported 

by all participants in 68 statements). P7 summed up: “How you move through app, 

which headlines you click, which ones you often read, what your favorites are.” 

As a third category, participants mentioned factors that are outside the software 

application, i.e., data that do not refer to their own behavior within the software 

application and are independent of the news article (170 statements). They included 

their location, time at which they read the news article, number of other users who read 

the news article, and input on other Google-related platforms (e.g., Google Search, 

Google Maps, YouTube). Additionally, many participants believed that Google News 

also considered information about themselves, such as gender, age, and hobby. P1 

speculated: “I use WhatsApp to send my private messages. I would even go so far that 

Google can see in which mood I am.” Moreover, most participants assumed that 

economic interest played a role in news curation, as P2 described: “Surely, some sites 

can appear faster in the feed by simply paying money to Google.” 

4.3 Folk theories of algorithmic news curation 

All in all, we identified eight folk theories with regards to three different aspects of the 

algorithmic news curation: why a news article becomes relevant, where user data is 

stored, and how user data is processed (Table 2). The folk theories are presented in the 

order of their prevalence (number of participants that expressed this theory).  



 

 

4.3.1 Uncertainty and speculation 

During the interviews, participants heavily expressed their uncertainty and speculation 

about the folk theories. We distinguished between certainty, moderate uncertainty, and 

high uncertainty. Certainty was especially expressed in regard to the factors that are 

considered by the news curation algorithm. Some participants explicitly stated their 

certainty about the factors, e.g. location (P10), “definitely the topicality […] because 

nobody is interested in news from last week.” (P3) and “certainly all collected data, 

meaning clicks, visited website” (P2). The certainty was also expressed about explicit 

data which was disclosed consciously by the participants, “certainly name, address, if 

you have entered these. “ (P2), and  “definitely name, place of birth” (P9). 

Concerning uncertainty, all participants used phrases like “I suppose…”, 

“believe…”, “I can image that…” or paraphrases like “probably” and “maybe” 

indicating a moderate amount of uncertainty in their statements. This was found across 

all categories. We note that P12 expressed almost no uncertainty and speculation. This 

might be due to his high technical expertise, and thus, due to his detailed technical 

knowledge of algorithmic mechanism. 

Moreover, participants expressed their limited (technical) knowledge, high 

uncertainty, and the absence of assumptions despite being prompted and encouraged to 

express their very own ideas. This was particularly apparent in the statements of P7: “I 

can imagine that there are several ways [how the algorithm chose relevant news 

articles]. But which way is applied, I cannot say, because I have never dealt with this 

before.” Or “I am not a software developer, that is why I do not know, how I should 

answer this question [about how data is processed by the algorithm].”  This indicated 

that many participants were not able to express the specific mechanism of how news 

articles become relevant and curated to them. 



 

 

Regarding the latter answer by P7, the participants started to speculate on the 

data processing after further inquiry. This suggests that the folk theories might have 

emerged during the interview. This happened a few times in the interviews, for example, 

in the interview of P8 and P11 when they were confronted with the mobile application. 

4.3.2 Folk theories of why a news article becomes relevant 

Collector theory  

According to this theory, user data is distributed throughout the internet and collected by 

the software application (eight participants, 22 statements). One participant described 

the data as a “jumble of data that an artificial intelligence deals with” (P1), implying 

that all relevant user data is unsystematically distributed throughout the Internet and 

collected by the News curation algorithm. Furthermore, P1 assumed: “In general, I 

think Google collects my data: what I search on Google and what I watch on 

YouTube.”. He further speculated: “Maybe even my pictures in the Google cloud, or 

documents I saved on Google Drive, and my emails.” As P4 suggested, this data 

collection is extensive: “I can easily imagine a company like Google, being a pioneer, 

collecting things everywhere.” Given that all participants believed that factors outside 

the software application were used by the curation algorithms, the user collection is 

based on the service provider’s economic motives, “maybe [the news curation 

algorithm] collects info that Google thinks is important to you. Google supports you 

and itself through personalized advertising.” (P11). 

Keyword theory 

This folk theory states that news articles can be characterized by several keywords 

(seven participants, 28 statements). The curation algorithm chooses the news article 



 

 

according to these keywords and generates the news feed, as P12 explained: “Each 

article can be broken down to specific keywords so that you can see that an article 

contains five aspects. These are the key points of the topic. […] After that, Google can 

categorize it.” This categorization mainly considers article-related factors and user 

behavior within the software application. P4 believed for example: “[Google News] 

looks at keywords in articles that I have frequently clicked on before. Then the articles 

that are currently available are weighted by the occurrence of the keywords that I was 

interested in before. This is how I imagine it.” 

Crawler theory 

The Crawler theory states that the Google News application uses an automatic bot 

called crawler: “[Google News] probably crawls through a variety of news. And then 

they identify that these news articles are about the same topic.” (P3). This theory was 

held by two participants, both having high expertise in computer science (13 

statements). P3 clearly stated that this process is automatic and without any human 

influence, “There is no one who reads this. They automatically recognize this headline 

[…].”. As P12 summed up: “There is a bot crawler that automatically scans the 

Internet. This is done by an index that Google has put together. The bot archives that on 

the Google servers.”  

Regarding how the news articles are chosen by the news curation algorithm, P3 

stated “that the most important [aspect, why this is at the top of the news] is that many 

news outlets have reported about this. And these news outlets are important with high 

traffic. […]. “ Similarly, P13 considered (“[…]  articles you have read, your favorites 

[…]” and “current headlines which were read by other users as well” as relevant factors 

for the categorization of the news articles.  



 

 

Newsroom theory 

Finally, one participant (P6) speculated that there is a human influence on the choice of 

news articles, “somebody decides - probably an editorial conference? - what should be 

in this message overview.”, comparing the curation algorithm to a traditional newsroom 

process in print media. This curation is based on factors “as always like in other 

newsrooms. Interest and selling. […] it is crucial how many clicks Google gets in the 

so-called Ads.”. 

4.3.3 Folk theories on where user data is stored 

Server theory 

According to the Server theory, user data is stored externally on one or several servers 

(eleven participants, 27 statements). P11 believed: “There is probably a super gigantic 

server somewhere or several. One is not enough.” In the case of several servers, many 

participants assumed that they are distributed around the world, e.g., P3 claimed: “This 

[data] is spread over thousands of servers in dozens of server farms around the world.”,  

or as P4 illustrated that user data is “some servers around the world.”. In addition to 

servers, some participants reported that user data is also stored in a cloud treating 

servers and clouds as two different entities. As P7 assumed: “The cloud is on some 

server in Africa or South America.” 

Cookie theory 

While the Server theory is characterized by external storage of user data, the Cookie 

theory states that user data is stored in a local entity on the user’s device (“It's on your 

device. “(P12); four participants, 21 statements). This entity is usually referred to as 

cookies. The cookies are generated automatically when using the application for the 



 

 

first time (“They [the cookies] do not exist until I click on a website.” (P7), “When you 

visit a page, cookies are also generated.” (P12)). Regarding their deletion, however, 

cookies need to be deliberately deleted by the user as P2 described: “As long as you do 

not delete your cookies, all this is stored in the cookies.”. 

Some of the participants were not certain about the inner working of cookies 

(“All I know is that cookies are there for a certain amount of time on the portal […], But 

eventually, the cookie becomes active, and then there is the interface and then […] I 

assume it has something to do with it [the interface].” (P7)), yet one participant had a 

clear idea of how cookies work. As P12 explained: “The cookies are usually identifiers, 

which can then also contain user data. By being logged in to your Google Account, 

Google, or the webpage, also knows that this cookie is with you. They can then create 

links between your user account and your cookie and know each time that you are the 

same user.” 

4.3.4 Folk theories on how user data is processed   

One profile theory 

The One Profile theory assumed that all collected user data is in one joint user profile 

(eleven participants, 41 statements). P5 explained: “Everything you do on the Internet, 

with your Google account, which is somehow linked, everything is collected.“ While 

most participants equated this user profile with the Google account, P4 related this one 

profile to her e-mail account: “I could imagine that there is a central platform. The 

original platform is your e-mail account. And this email account is likely to feed 

everyone or feed them with information”.   

Regardless of the platform, all participants who held this theory agreed on the 

aggregation of all user data in one user profile. Hence, extensive inferences can be 



 

 

drawn from this profile. P10 assumed that based on the profile, “a very transparent or 

very meaningful picture of us as a person can be created. It can be shown quite clearly 

in which social networks we move, in which social environments we travel, who we 

know, when, where we meet and how long and where we go shopping which restaurants 

we visit, what news we use we're interested in whether we always go to the boulevard 

sites first, or check the stock prices first, or maybe even read a policy page.” 

P10assumed: “This can be merged into a wonderful psychic profile, which, I think, can 

make people terribly transparent.” 

According to the One profile theory, users are divided into different user groups 

based on the collected user data so that the service provider is “able to conclude how 

people are thinking in this region. Maybe also considering ethnicity or age.” (P1), and 

eventually can determine “the message that you would like to see the most.” (P12). 

Statistical modeling theory 

According to the Statistical modeling theory, the news curation algorithm performs 

mathematical data analysis to identify the users’ news interest (eight participants, 17 

statements). While P7 described: “The simplest thing I'd think of now would be cluster 

analysis. You could theoretically also do factor analysis. Just statistical or non-

statistical methods.”, P3 assumed that there is a “smart model” that the services 

provider trains “to recognize that a message is relevant” or as P3 rephrased: “There's an 

algorithm over there that knows, or tries to learn, what interests me.”, highlighting the 

fundamental functionality of machine learning. Both participants, P7 and P3, had a 

technical background. 

Other participants without technical background expressed that “different topics 

or main topics [are] probably statistically evaluated.” (P4). P4 further explored the idea 

of the Statistical modeling theory by giving an analog example to the news curation 



 

 

algorithm: “At Spotify, I do not know if you know the system, you can always give 

hearts. And thus, you give the signal "I like that.". And it works with that.” Hence, 

participants without a technical background were aware of the statistical processing of 

user data. 

5 Discussion 

In this work, we explored the folk theories of algorithmic news curation and user 

preferences for explainable design. For this, we used Google News as an example and 

investigated a sample of regular online news consumers. All in all, we identified eight 

user folk theories covering three aspects: why an article becomes relevant news, how 

user data is stored, and how user data is processed. Results revealed an interest in more 

algorithmic transparency and suggested a psychological trade-off between the desire for 

transparency and feelings of creepiness. Furthermore, participants preferred a hidden 

design of explanations. We discuss these results in relation to the need for different 

types of explanations.  

5.1 Folk theories of algorithmic news curation 

Participants do not view algorithmic news curation as one holistic process but have a 

nuanced and fragmented picture of the mechanism of algorithmic news curation. The 

identified folk theories clearly differ in their level of detail. While some participants 

relied on their technical knowledge, other explanations were rather superficial. Such 

folk theories did not entail a granular understanding of how algorithmic system 

determines the ranking of news articles, i.e., while participants were able to enumerate 

important factors that play a role in the news curation, they were not able to elaborate 

on the respective influence of each factor. 



 

 

In this regard, the Collector, Keyword, and Newsroom theory establish the 

vaguest idea about the choice of news articles. Interestingly, the Collector and Keyword 

theory were often combined to incorporate the usage of article-related data and data 

inside and outside the application. We assume that each folk theory alone does not fully 

meet the participants’ explanation needs and, thus, is combined with another to achieve 

higher explanatory power. The Newsroom theory is characterized by the newsroom 

metaphor and the human reasoning behind algorithmic news curation. In this light, 

while it is effective for the system interaction, it is neither a detailed nor accurate theory 

to explain algorithmic news curation. The folk theory shows that at least some users 

tend to rely on familiar domains to explain foreign ones.  Finally, the Crawler theory 

was the most detailed folk theory. Participants with the highest technical background 

held this theory suggesting a relationship between folk theories and users’ technical 

expertise. This result indicates that technical knowledge plays a central role in the 

interindividual differences in folk theories. Hence, explainable system design might 

need to account for users’ technical background offering more explanations for users 

with low expertise. 

We note that the question of whether participants’ folk theories existed a priori to 

the interviews or emerged during the interviews (or a combination of both assumptions), 

is an important aspect. Yet, this question was not within the scope of this study and, 

therefore, it is not possible to answer this within the current study. In an additional 

analysis we reviewed the participants’ uncertainty and speculation expressed in the 

interviews. This further analysis demonstrated that participants reported a great deal of 

uncertainty which indicated that they at least did not hold established theories which 

have often been reflected and discussed. It might also have been the case that 

participants already held the folk theories and needed time to verbalize them, and 



 

 

therefore pondered between different folk theories. Independently from the question of 

whether the participants’ folk theories existed before the interviews or emerged during 

the interviews, we stress that the participants developed the folk theories themselves as 

the carefully phrased interview questions and prompting avoided any suggestions. 

Compared to the study by Toff and Nielsen (2018), our work investigated the 

mechanistic understanding of algorithmic news curation as a technology. While they 

show that irregular news consumers think that news is ambient and easily accessible, we 

focused on the question of how specifically news articles are catered by a single 

application. Our findings revealed that users express a procedural understanding of 

algorithmic news curation. In this sense, the folk theories of algorithmic news curation 

entail the subjective knowledge of the specific steps that news takes to reach consumers. 

This shows that news consumers might have more understanding of how news is 

distributed and discovered than indicated in Toff’s and Nielsen’s study (Toff and 

Nielsen 2018). Our identified folk theories of algorithmic news curation can be 

considered as complimentary to the folk theories of news distribution and discovery. 

Comparing our results with folk theory studies on social news feed curation, 

users did not express notions of agency or control over the news curation. This might be 

due to the feeling of lack of interaction with other users on the system (e.g., through 

likes and ratings). The goal of news curation is not the invitation to online interaction, 

but the delivery of a personalized news feed which is related to a rather passive 

function, i.e., the algorithmic news curation system collects behavioral data and use 

article-related data to determine the relevant news articles. This type of data can be 

characterized as more unintentional than typical social media interaction. Our work 

revealed that users still hold an extensive understanding of the fact that the algorithmic 

news curation system collects such data. However, due to its unintentionality, it seems 



 

 

that users perceive less agency and control over the news curation, a notion that is also 

expressed in Toff’s and Nielsen’s folk theory of “News find me” (Toff and Nielsen 

2018). 

Furthermore, it has been shown that users understood online news reading as an 

implicit social activity despite the absence of social interaction functions (e.g., 

messaging function; (Haapoja and Lampinen 2018)). This understanding stems from the 

idea that their collected behavioral data represents a meaningful way to infer article 

recommendations. Our results are in line with the previous work, showing that agency 

and control might not be relevant in the context of online news curation. 

5.2 Between the desire for transparency and feelings of creepiness 

While the participants of our study were interested in higher algorithmic transparency, 

complete transparency of the algorithmic news curation systems may cause feelings of 

creepiness because users become aware of their vulnerability. This result suggests a 

psychological trade-off between the desire for transparency and feelings of creepiness 

(Eslami et al. 2016; Kizilcec 2016).  

Explanations of algorithmic (news) curation may play a particularly important role 

for the user. Algorithmic curation is a widespread online technology and therefore, has a 

tremendous influence on the users’ information exposure. For users, understanding the 

algorithmic curation - in a more or less accurate way - is essential for specific online 

behaviors and agency. Such online behaviors might include online privacy-related 

behaviors (e.g., disclosure of personal data, giving informed consent) or critical thinking 

on possible algorithmic biases in the delivery of online content (e.g., in the political 

context). The latter might hold risks of deceit and manipulation of the user. Our results 

highlight that users might be interested in the inner mechanism of algorithmic news 

curation out of curiosity. While the user understanding does not have to be granular and 



 

 

completely accurate, identifying the folk theories of algorithmic news curation can 

provide insights for the kind of explanations that are needed. In this context, we ask: 

How can explanations reveal the inner working of algorithmic news curation without 

causing feelings of creepiness?  

In our view, this is a matter of user-centered communication. There are two 

criteria for the evaluation of explanations (Gilpin et al. 2018): 1.) interpretability, which 

describes the inner working of a system in a way that is understandable to non-technical 

users. To achieve this, system designers need to consider the users’ cognition, 

knowledge, and biases. And 2.) completeness, which is the degree to which the 

operation of a system is described accurately. Because of the complexity of the deep 

learning machine techniques, there is trade-off completeness and interpretability (Gilpin 

et al 2018). In light of our results, the psychological trade-off between the desire for 

transparency and the feelings of creepiness suggests that there should be a stronger 

emphasis on interpretability than completeness. With regards to the feeling of 

vulnerability, “meaningful” explanations – that do not evoke feelings of creepiness - 

could entail descriptive information about the capabilities and limits of the algorithmic 

news curation. Furthermore, we suggest that explainable systems may provide control 

options for users to avoid undesired user data processing. This means that users would 

not only be informed of what happens to their data but also are informed about possible 

measures to control and protect their data. Thus, this might mitigate feelings of 

creepiness. 

We note that researchers have pointed out that one limitation of transparency is 

the revelation of vulnerability and the power imbalance, putting inappropriate 

responsibility on the individual user (Annany and Crawford 2018; Nadon et al. 2018). 

Additionally, as user understanding of algorithmic news curation is fragmentary, users 



 

 

might not be able to make informed decisions especially about their privacy in the 

online environment. Hence, besides an individual user-centered approach of 

explanations, legal efforts have to be undertaken to shift the responsibility of data 

handling on other stakeholders (e.g., the data controller).  

5.3 Implications for explainable system design 

We suggest that visual cues might be an effective way to provide explanations. Most 

participants expressed interest in more transparency and explanations, mainly because 

of curiosity. The majority of participants preferred a hidden but accessible design of 

system explanations (e.g., in a submenu of a system) over a prominent one. This 

preference show that information overload should be avoided. With regards to the folk 

theories, we can identify four general underlying questions that are relevant to the user 

understanding of algorithmic news curation:  

1. What are the mechanisms that determine the news article that is shown? 

(Folk theories of why an article becomes relevant news) 

2. Where is the user data stored? (Folk theories of where the user data is 

stored) 

3. How is personal data processed? (Statistical modeling theory) 

4. What inferences are made from personal user data that is disclosed to the 

algorithmic news curation system? (One profile theory) 

From the folk theories, we can infer the existing user understanding of algorithmic news 

curation that regular consumers of online news. All questions are addressed through 

white-box explanations that provide information about the input and output of a system 

and how it comes to a certain outcome (Rader, Cotter and Cho 2018). Our results 

indicate that white-box explanations should not merely address the mechanisms of how 

a system comes to a certain output, but also include where the personal user data is 



 

 

stored and how it is processed. The Cookie theory and Server theory indicate that users 

are already familiar with technical terms. Explainable systems could rely on this 

existing knowledge by including information on whether personal user data is stored 

locally or externally.  

Furthermore, from the folk theories, we can infer what aspects are missing in the 

user understanding of algorithmic news curation. Our results revealed that participants 

were certain about the existence of cookies; most of the participants lack the knowledge 

of their generation and deletion. This indicates a need for explanations about how, 

where, and when cookies are generated.  

We did not identify any folk theories that can be addressed through black-box 

explanations. Yet, black-box explanations play a role for the user’s satisfaction and 

comfort of the system (Rader, Cotter and Cho 2018). As our results indicate no user 

understanding of the motivation of a system, black box explanations might need to be 

carefully designed - potentially through a case-by-case approach and including the user 

in the design process of black-box explanations. 

5.4 Limitations and future work 

The main limitation of our study is the representativeness of our chosen sample 

regarding the world population. Our participants were regular news consumers with a 

Western cultural background. Thus, it is not a representative sample for the global use 

of news curation algorithms. We strongly suggest investigating the folk theories of a 

different sample in terms of news consumption, educational, and cultural background.  

Despite the sample size of twelve people, the study satisfies the aim of 

identifying folk theories as data was acquired until so-called theoretical saturation. In 

comparison to quantitative studies, in qualitative ones the number of participants is 

determined by theoretical saturation. This means that data acquisition continued until no 



 

 

new data appeared, and the concept of each folk theory was well-developed (Morse, 

2004). 

For future work, we suggest addressing the important question of whether users 

already hold folk theories before the study or developed them during the interview when 

they were asked about it. Such work could include questions about how often users 

consciously think about and potentially discuss the mechanism of algorithmic curation. 

Furthermore, more indirect methods might need to be applied, potentially in form of 

Think Aloud or observational studies. 

Finally, the interview study identified folk theories at one point in time. While it 

is known that folk theories may change through system interaction, it is yet not clear 

whether and how explanations influence folk theories over time. For this, long-term 

studies are necessary. 

6 Conclusions 

We explored the folk theories of algorithmic news curation and found that algorithmic 

news curation is not viewed as one holistic process. Compared to previous studies, the 

folk theories of algorithmic news curation seem to be more procedural than non-

mechanistic folk theories of news distribution and discovery. In this sense, these two 

types of folk theories can be viewed as complimentary. Furthermore, the intentionality 

of data disclosure may play a crucial role in the perception of control over the social 

feed and news curation. Additionally, we found a psychological trade-off between the 

desire for transparency and feelings of creepiness which might be addressed through 

meaningful communication. Finally, for the explainable design of algorithmic news 

curation, we inferred the existing and missing user understanding. Here, we conclude 

that the user understanding of the goals and motivation of a system was not expressed in 

the folk theories and should be included in explainable design.   
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Table 1 Summary of explored Google News functionalities  

Functionality Description 

Headline Shows the latest news articles based on a variety of factors (language, 

region, etc.) 

For-you Shows a personalized news feed to the user  

Favorites A collection of existing subscriptions and sources (for the interview the 

city of the location was chosen) 

Newsstand Shows a variety of topics and sources to subscribe to 

 

 

 

Table 2 Overview of identified folk theories  

Aspect Folk theory Number of participants  

Why a news article becomes 

relevant 

Collector theory 

Keyword theory 

Crawler theory 

Newsroom theory 

8/12 

7/12 

2/12 

1/12 

How user data is stored Server theory  

Cookie theory 

11/12 

4/12 

How user data is processed One profile theory 

Statistical modeling theory 

11/12 

  8/12 
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ABSTRACT

While online content is personalized to an increasing degree, e.g. us-

ing recommender systems (RS), the rationale behind personalization

and how users can adjust it typically remains opaque. This was

often observed to have negative effects on the user experience and

perceived quality of RS. As a result, research increasingly has taken

user-centric aspects such as transparency and control of a RS into

account, when assessing its quality. However, we argue that too

little of this research has investigated the users’ perception and

understanding of RS in their entirety. In this paper, we explore

the users’ mental models of RS. More specifically, we followed the

qualitative grounded theory methodology and conducted 10 semi-

structured face-to-face interviews with typical and regular Netflix

users. During interviews participants expressed high levels of un-

certainty and confusion about the RS in Netflix. Consequently, we

found a broad range of different mental models. Nevertheless, we

also identified a general structure underlying all of these models,

consisting of four steps: data acquisition, inference of user profile,

comparison of user profiles or items, and generation of recommen-

dations. Based on our findings, we discuss implications to design

more transparent, controllable, and user friendly RS in the future.
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1 INTRODUCTION

With the growing use of intelligent algorithms in current systems,

such as recommender systems (RS), end-users find it increasingly

hard to comprehend the rationale behind a certain recommenda-

tion. Thus, it is important for users to understand the relationship

between user input and recommendation of RS [36]. In most cases,

systems appear to users as black boxes, particularly in case of the

increasingly used complex probabilistic techniques [12]. Previous

research suggests that this opaqueness can lead to feelings of dis-

comfort or even creepiness when a personalized recommendation

matches a user’s interest very accurately [41]. These feelings, in

turn, may have negative consequences on users’ trust in a RS and

their intention to accept recommendations. Thus, recently, research

efforts were made to increase transparency and control of a RS,

e.g. through interactive explanatory interfaces [21, 42]. An impor-

tant and understudied question in this context is what kind of men-

tal models users form of RS. Based on in-depth knowledge about

such mental models, designers of RS could make recommendations

more transparent and controllable, thus mitigating the negative

consequences.

Mental models can be defined as subjective knowledge represen-

tations of technological systems (e.g. computer programs) [26, 33].

Previous research indicates that users do construct mental models

for RS. The soundness of these models influences satisfaction and

effectiveness of interaction with the RS [9, 16]. As such, mental

models focus on practical effectiveness and on making predictions

about the outcome of the system. They are typically incomplete,

inaccurate, and may contain areas of uncertainty [26, 33].

Due to this subjective nature of mental models, a qualitative

approach seems to be most appropriate to investigate them. This

approach allows us to investigate the users’ unique perspectives in-

depth and ask forwhat andwhy users hold certain mental models of

a RS. Specifically, we chose the Grounded Theory (GT) methodology

[5] due to its strong exploratory and data-driven nature. The partic-

ipants’ knowlegdge, experiences, and attitudes solely drive the data

collection and analysis. Thus, the results from this methodology

emerge from the data. In other words, they are grounded in them.

In GT, data sampling is performed purposefully, i.e. not randomly.

Thus, to reveal what mental models users of RS, what assumptions

these models entail, and what implications for future RS develop-

ment can be derived from them, we focused on mental models of

typical and regular RS users. In particular, we aim to answer four

central research questions:

• RQ1: What are the mental models users hold of a RS?

• RQ2: To what extent is the RS perceived as transparent?

• RQ3: To what extent is the RS perceived as controllable?

• RQ4: What implications for RS design can be derived?



In this study, we chose Netflix as an example because it makes

extensive and apparent use of recommendations [11]. Moreover,

it is one of the most popular video-on-demand services in the U.S.

and Germany [8, 38]. Thus, the sample of this study most likely has

developed a mental model of Netflix.

We make two main contributions with this work: (1) A theo-

retical contribution in form of the exploration of mental models

of RS. The mental models provide in-depth insights to the user

assumptions of how a RS works internally. For example, we found

that all mental models followed a basic structure, comprising four

steps: data acquisition, inference of user profile, comparison of user

profiles or items, and generation of recommendations. (2) A practi-

cal contribution in form of discussing how our theoretical results

can be applied to the development of RS. For instance, we suggest

to link recommendations and user preferences more explicitly than

it is done to this date.

2 BACKGROUND AND RELATED WORK

RS have become widely adopted tools to pro-actively filter online

content with respect to the current user’s preferences. While recom-

mendation algorithms are able to suggest items with high precision,

quality criteria that go beyond accuracy [15, 24] were neglected for

a long time. It has been argued that user-centric aspects, such as

the system’s perceived transparency or the degree of control users

are able to exert, constitute important facets of a system’s overall

perceived quality [2, 29].

2.1 Transparency and Control in RS

Typically, RS appear as black box to their users as it remains opaque

why items are recommended and how they relate to the users’ pref-

erences [13, 35]. Increasing the transparency of a RS constitutes

a prominent issue in HCI design for RS [2, 9]. It can improve per-

ceived quality of recommendations [18], their acceptance [6, 13],

and users’ confidence [36]. Therefore, many researchers have called

for explainable RS, i.e. the increase of system transparency through

(mostly textual) explanations (e.g. [40, 42]).

Another aspect that goes beyond accuracy is the extent to which

users can exert control over the recommendation process. Allowing

users to control what is recommended to them can increase user sat-

isfaction [32] and the perceived accuracy of predictions [28]. While

many RS rely on user ratings (e.g. implicitly by recording click-

through streams, or explicitly by eliciting thumb up/down ratings)

[31, 37], more advanced methods for controlling recommendations

have been suggested. Examples include relating preferences and

recommendations more directly [1, 19], or eliciting preferences for

groups instead of single items [3, 22].

Transparency and control are not independent from each other.

To exert control over their recommendations effectively, users need

insights into the system’s reasoningÐat least to a certain degree

[9, 40? ]. Yet, the relation between transparency and control is not

trivial to investigate and may lead to counter-intuitive observations.

Tsai and Brusilovsky [42], for instance, found that, besides increas-

ing transparency, explaining recommendations can also result in

a decrease of the perceived degree of control. According to the au-

thors, this might be due to information overload effects entailed by

the explanatory interfaces.

Such observations underline that putting transparency and con-

trol into practice may not be straightforward. In this context, we

add another aspect that might be responsible for this: a discrepancy

between a user’s mental model of a system and its actual behavior.

2.2 Mental models in RS

Mental models can be defined as knowledge representations of

technological systems, which are generated through interaction

with the respective system [26, 33]. Rumelhart and Norman [33]

used the terms of represented and representing world. The mental

model represents an object or a situation of the represented world

inside the cognitive representing world. This points out that mental

models are constructed, i.e. the representing world is incomplete

as it only contains those properties of the represented world that

were deemed necessary. Elsewhere, Norman [26] uses a slightly

different terminology to which we adhere in this paper: Based on a

target system (i.e. the represented world) the user invents a mental

model (i.e. the representing world) to simulate system behavior

and make assumptions about interaction outcomes. Norman under-

lines that the users’ mental models are incomplete, contain areas

of uncertainty and possibly superstition, and focus on practical ef-

fectiveness rather than technical accuracy. In contrast to the user’s

mental model, the conceptual model represents a more appropriate

model of the target system in terms of accuracy, consistency and

completeness. They are constructed by specialists regarding the

target system (e.g. the system designers).

Yet, mental models need some degree of technical correctness

to let users successfully predict system behavior and thus, use it

effectively. If this is not the case, misaligned mental models can

result in what Norman describes as łgulfsž between user and system

[27]: The gulf of execution occurs when a user’s mental model is

erroneous in terms of how a specific task can be performed with the

system. The gulf of evaluation occurs when the actual outcome of an

action with the system diverges from what the user’s mental model

predicted. These gulfs are well-known in usability engineering and

account for many problems and misconceptions arising in HCI.

One reason for the occurrence of such gulfs may lie in the transfer

of a mental model from one technical system to another. To save

cognitive effort, users try to re-use mental models whenever it

seems feasible [26, 27].

Shneiderman and Maes concluded that one important future

challenge is to make users aware of how autonomous software

agents (e.g. RS) came to decisions and thus, become predictable

for users [34]. Even though they did not use the term of mental

models explicitly, they described them implicitly asmaking practical

predictions about the outcome of the system is the most central

utility of mental models. Surprisingly, this aspect was not further

investigated in the subsequent years. To this date, the literature on

mental models of RS is relatively sparse.

Only few studies have examined mental models in the context

of RS so far. In an initial online survey, Ghori et al. [10] presented

scenarios of different RS platforms and asked for users’ knowledge

and beliefs about RS. While they did not explicitly elicit mental

models of RS, they concluded that users hold a łcognitive modelž,

understand that RS track user behavior, and have rudimentary ideas

of filtering mechanisms. In an exploratory approach, Kodama et al.



[14] elicited different mental models that middle school students

create of the Google search engine. They found, that these models

were most often wrong and conclude that concepts behind algo-

rithmic agents should be taught better. In line with this, Kulesza

et al. [16] has shown in an experiment that users who increase

soundness of their mental model during usage were more efficient

in controlling their recommendations. This resulted in a higher

satisfaction with the outcome. To operationalize the systematic

consideration of users’ mental models into actual software design,

Eiband et al. [9] have proposed a stage-based, iterative prototyp-

ing approach that targets at making RS more transparent through

offering explanations.

3 METHOD

The research goal of this study is to investigate the users’ mental

models. Since the structure of mental models is inherently subjec-

tive and individual, a quantitative approach would be insufficient

for this goal as this approach aims at analyzing empirical data for

predetermined hypotheses. Thus, to explore unknown and highly

individual mental models, we deem a qualitative approach as more

appropriate.

Our qualitative study followed theGrounded Theory (GT)method-

ology [5, 39]. GT is an established and well-defined methodology

from social sciences for systematic data collection and analysis.

This methodology has a strong exploratory focus, i.e. no clear the-

ory about the topic at hand is presupposed. Concepts evolve from

the data during conduct of the study and hence, are grounded in the

data. Due to the lack of predetermined hypotheses, data sampling

follows the approach of theoretical sampling [5]. This means that

sampling is performed purposefully, not randomly. Furthermore,

while sampling in quantitative research is typically randomized and

person-wise, in qualitative research theoretical sampling is done it-

eratively and concept-wise. Data are collected, coded, and analyzed

simultaneously. In this way newly occurring concepts determine

the sampling during the study to explore them dynamically. For

this, the differences in relevant concepts (also called contrasts) are

deliberately varied until no further novel observations regarding

the concept are made. Then, the state of so-called theoretical sat-

uration [5, 25] is achieved. In this case, either another concept is

explored or the study is concluded if the pursued theory is already

well-developed.

In our study, the theory of GT are the different mental models

users hold of a RS. We deliberately focused Netflix as an example

for RS, since it 1) is well-known for its extensive and apparent use

of recommendations [11], and 2) is wide-spread, increasing the

likelihood for us to sample a broad variety of contrast in our con-

cepts. In other words, this allows us to study different variations of

one concept. As instruments we applied individual semi-structured

face-to-face interviews, which we combined with a Think Aloud

task and a drawing task to capture different facets of each mental

model as broadly as possible. Following the approach of theoretical

sampling, we deliberately recruited participants of whom we had

information about their background and who fit to the current

concept under consideration (e.g. the level of technical knowledge).

Throughout the entire study, we only sampled participants with

advanced Netflix experience (frequent use for at least one year), as

we aimed to focus on the typical Netflix user. All in all, we recruited

ten participants (six female) with an age range between 19 and 31

(M= 24.70, SD= 4.57). Hence, our sample represented the typical

Netflix user group well [7]. The interviews were conducted in July

and August 2019.

For our analysis, each interview was transcribed in a timely man-

ner using easytranscript 2.50 and analyzed with MAXQDA 18.2.3.

The transcribed interview of each participant was first coded by

two independent raters. Subsequently, the two raters discussed and

analyzed each interview jointly. During analysis, various analytic

tools and mental strategies were used, including microanalysis of

the data through open line-by-line coding, constant comparison and

axial coding to summarize the open codings to categories, and selec-

tive coding to infer the mental model of Netflix for each participant.

To ensure that codes and resulting categories emerge from the data,

throughout the whole process in-vivo codings (i.e. verbatim codes

from participants’ statements) played a central role. In order to

record impressions, evolving theoretical concepts and the relation-

ships among them, raters made extensive use of memos, which

constitutes a substantial aspect of the GT method.

This iterative process led to 10 distinct categories such as evalua-

tion strategy for items, which pertains to how participants asses the

quality of items (e.g. content-based vs. non-content-based), search

strategy for items, which describes how participants decide whether

to consume an item or not (e.g. through internal or external infor-

mation acquisition), and general model of RS, which we focus within

the scope of this work and which emerged from our data presented

in Section 4.

3.1 Preparation

The study was approved by the local ethics committee of the Uni-

versity of Duisburg-Essen in Germany. Participants consented to

the interview and audio recording. All personally identifiable infor-

mation was anonymized.

3.1.1 Interview guide. We developed an interview guide with an

interview duration of roughly one hour. All interview questions

in the guide were open-ended. The interview started with a brief

introduction of the interviewer and a short description of the pur-

pose and motivation of the interview. It was emphasized that the

study is concerned with the recommendation component of Netflix

and that the main interest of the study lies in the exploration of

the participants’ experience with the personalized content of Net-

flix. The participants were then asked about their experience with

Netflix: How often do they use Netflix? Since when do they use

it? Which experience do they have with the recommendations in

Netflix? Which parts of Netflix are subject to personalization? How

confident do they feel with personalization in general?

The interview proceeded with the Think Aloud task: Partici-

pants were instructed to use their own Netflix account to find a

comedy movie to watch in the evening that was in line with their

preferences. After that, a hypothetical scenario was introduced. Par-

ticipants had to imagine that the movie was not as good as expected.

Thus, they should try to express negative feedback to Netflix for

that movie. The purpose of this task was for the participants to

reflect on the options to express their preferences to Netflix. Then,

participants were asked about the functioning and data processing



of Netflix: How does a RS like Netflix work? Which data are used by

the system? What happens to the data in order to generate recom-

mendations? Do they know about the thumb function of Netflix?

What does it trigger?

Finally, participants received a sheet of paper and were asked to

draw their very own image of Netflix. Participants were informed

that they could perform this task freely, without any limitation.

They were prompted to explain their drawing.

At the end of the interview, participants were debriefed and

offered to ask questions and give general feedback on the interview.

No incentives were given for participation, besides a certificate of

taking part in the study1.

3.2 Data sampling

Our data sampling was fundamentally influenced by the data-driven

approach of GT and of theoretical sampling. Accordingly, we sam-

pled participants not at random, but based on what concepts we

decided to explore next. In general our data acquisition was orga-

nized in three phases with different foci. In the following section,

we elaborate on our sampling decisions for this study.

3.2.1 First sampling phase: Typical Netflix users. As recommended

by Corbin and Strauss [5], we first focused on a typical sample of

the target population. According to Dahlgreen [7] 57% of Netflix

users are female and roughly 50% of all Netflix users are between

18 and 34 years old. Our initial sample (P1, P2, P3, P4) were females

with an age of 21, 24, 27, and 24. Thus, we were able to recruit a

sample within the age range of typical Netflix users.

In this first sampling phase, we found the concepts of central-

ity of self and item-based recommendation. The first concept was

especially salient in the interview of P3, while the item-based rec-

ommendation was most apparent in the drawing of P2. We found

these concepts mostly through comparison. During further axial

coding, we observed that all participants held rather technical men-

tal models (see Section 4.3), i.e. they are close to the functioning of

algorithms or procedures. This became mostly apparent through

microanalysis, which revealed that P1, P3, and P4 generally used

many technical terms (e.g. łip addressž (P1, P3), łdatabasež (P1, P3,

P4), and łdynamic queryž (P3)).

Following the flip-flop technique [5], we turned this concept

łupside downž, asking ourselves questions such as: łHow are the

mental models in case of lower technical knowledge?ž, and łHow are

the mental models in case of higher technical knowledge?ž In order

to investigate these questions, we decided to sample low and high

extremes on the dimension of technical knowledge next.

3.2.2 Second sampling phase: Low/high technical knowledge. Next,

we purposefully sampled P5 and P6. Both participants were male

and aged 31 and 30, respectively. While P5 had a very low technical

background regarding RS (he held a bachelor’s degree in arts and

was currently unemployed), P6 had a high technical knowledge as

he worked in computer science research and was currently engaged

with decision support systems.

In this second sampling phase, we found mental models which

differed in a metaphorical and technical dimension (see Section 4.3).

1This was requested by 3 of the 10 participants since they needed to participate in
empirical studies as part of their study program.

P5 clearly held a metaphorical mental model: He drew Netflix as a

monster serving recommendations with many arms (see Figure 2c).

In contrast to this, P6 had a technical idea of Netflix.

In addition, P6mentioned that he used the explicit rating function

(thumbs up/down) occasionally to steer his Netflix account towards

better recommendations. We found this aspect quite striking as we

did not elicit any responses on what influence the explicit rating

function may have until this point of the study. Rather tentative,

we assumed a connection between usage of explicit ratings and

decided to restrict our next sample to participants using explicit

ratings frequently.

3.2.3 Third sampling phase: Use of explicit ratings. During this third

sampling phase, we conducted interviews with participants P7, P8,

P9, and P10 aged 19, 19, 22, and 30. P7 and P10 were male, while

P8 and P9 were female. All declared using the thumbs function

in Netflix frequently. During analysis of this sample, we observed

the counterpart of item-based recommendation, namely user-based

recommendation (see Section 4.2).

After analyzing the data, we found that the main concepts, which

we found before, did not show further variation in these observa-

tions. Thus we deemed them as theoretically saturated. Especially,

with regards to our main aspects of transparency and control, we

did not see new insights in the interviews. Thus, we ended our data

sampling at this point.

4 RESULTS

Overall, one general structure of users’ mentalmodels of RS emerged

from our collected data. All participants followed the same pattern

and divided the functioning of RS into four separate steps: (1) data

acquisition, (2) inference of a virtual user profile, (3) comparison of

user profiles or items, and (4) generation of recommendations (see

Figure 1).

NETFLIX Recommender System

3) Comparison of items 

or user profiles

4) Generation of 

recommendations

4) Generation of 

recommendations

1) Acquisition of data 

(mostly implicit)

1) Acquisition of data 

(mostly implicit)

Returning

recommendations

Returning

recommendations

2) Inference of a 

virtual user profile

2) Inference of a 

virtual user profile

UserUser

Figure 1: Basic mental model found in all participants.

Regarding the acquisition of data in step (1), our analysis revealed

that participants considered user characteristics, such as location,

gender, and age, as well as user interaction behavior as relevant

for Netflix. For the latter, we were able to form two categories:

implicit user behavior, such as watching a movie, and explicit user

behavior, such as pressing the thumbs-up button. From these data,

participants assumed that Netflix derives a virtual user profile in

step (2). This profile may contain latent item characteristics, which



are not visible to the user. For example, P5 speculated: łAs far as I

know, there are a lot of subcategories in the background which a user

does not see on the interface.ž In step (3), participants assumed that

comparisons between items or user profiles were made. These two

general directions adhered to the concepts of user- and item-based

recommending (see Section 4.2). Finally, step (4) corresponds to the

actual selection of personal recommendations. Here, participants

assumed that all process data cumulated into one recommendation.

This assumption is for instance depicted in the drawing of P3 (see

Figure 2b).

Regarding details of how the four steps are performed, partici-

pants made diverse assumptions. Nonetheless, across all interviews,

participants expressed confusion and uncertainty when asked about

the inner working of Netflix: łI don’t know which data they have of

me.ž (P3), or łIt’s a black box. I don’t know how they do it. Maybe I

should know it.ž (P7). Many of them also rejected the recommenda-

tions provided by Netflix, as P2 stated:

łSome [recommended] movies I find interesting, but

there are also many things, I am not interested in. I feel

that my preferences don’t play a role, instead it’s just

[the movies] which people are currently talking about.ž

Furthermore, based on participants’ drawings and statements,

we derived the concept of "centrality of self" from our data as well

as two dimensions that characterize the identified mental models.

They are reported in the following sections.

4.1 Centrality of self

Some participants clearly viewed their own self as central com-

ponent in their Netflix experience (P3, P5, and P6). This became

particularly apparent in the drawing of P3 (see Figure 2b), as she

confidently started the drawing task with the role of herself (łOk,

I am still a little overburdened by what to begin with. Ok, in any

case, first of all we need myself: the Netflix user.ž). Then, the en-

tire drawing evolved around this central self. While many other

participants used a content-based approach of explaining how rec-

ommendations are generated (see Section 4.2), content aspects of

any kind were entirely absent in the drawing of P3. Instead, in

different parts of the sketched functionality, users played a central

role, for instance, when recommendations are generated based on

what was watched before (box with dashed line in the southwest

of Figure 2b). The centrality of self together with the importance of

users per se and their social interrelation, was emphasized by the

participant’s estimation of an existing internal connection between

Netflix and Facebook (northern arc in Figure 2b). P3 assumed that

the history of what her friends watched in the past was also taken

into account when recommendations for herself are generated, and

vice versa. Note, that this drawing clearly depicted three of the four

general steps discussed above: data is acquired (watched items and

Facebook data), similarity is calculated between users and items

(inside the box with the dashed line), and recommendations are

generated (arrows inside the box on the right).

The concept centrality of self can also be found throughout the

interview of P3. She, for instance, mentioned that her recommen-

dations are sometimes inaccurate. This results in long searching

sessions, which she described as tedious and confusing. Yet, the

reason for this lack of decisiveness was sought at her own side:

łBecause it takes an extreme amount of time to search,

but I would not necessarily burden this on Netflix but

on myself, since I am never satisfied with my choice.ž

Note, however, that when being asked, P3 did not assess herself as

a person who has a hard time to decide in general (łat the super-

market [. . . ] I am very determined.ž). Even though, this person did

not ascribe the problem of long searching sessions in Netflix to the

RS, she fancied the idea of having better explanations for her rec-

ommendations. In particular, P3 formulated a wish to know more

about the relation of recommendations and her own preferences.

As a consequence, the category of łsimilar to . . . ž recommendations

was perceived as helpful, yet also as arbitrary. When confronted

with the idea to be able to control to which preferences recommen-

dations are generated, P3 expressed a strong affection for such a

feature2.

Other participants did not see the self as central as P3 but elabo-

rated on the role of the self implicitly throughout the interview. P1,

for instance, showed some aspects of centrality of self, when she

was asked to clarify the difference between implicit and explicit

ratings. She underlined that her explicit ratings have higher im-

pact compared to her implicit interaction data because she used

the thumb function seldom. In the same answer during the inter-

view, P1 took over the role of Netflix talking about herself: łOk,

now she clicked on something [i.e. rated an item], so we will give her

more of that.ž Even though rather shallow, the self as a concept

was mentioned in both statements. It constituted a counterpart to

Netflix as a system making assumptions about the user. A similar

effect could be observed in answers of P10. He emphasized his own

responsibility for the influence on recommendations (łIf I dislike

Adam Sandler but all the time [. . . ] watch movies starring him, I do

not have to wonder when a Adam Sandler comes out [of the RS].ž).

4.2 User- vs. item-based recommendations

When participants were asked about the rationale they assumed

behind items being recommended, we observed two major direc-

tions. While some participants assumed recommendations being

generated with respect to similarity between items (P5, P8, P10),

others followed a user-based approach (P1, P9). As P9 put it:

ł[Recommendations base on] other users: what other

users frequently watched, or gave a good rating for.ž

Strikingly, this style resembled closely the explanation model used

byAmazon (łUsers who bought . . . also bought . . . ž). This resemblance

was also explicitly mentioned by P9:

łI could imagine that it is like e.g. at Amazon. There it

is also written that users bought something together.ž

P9 adhered to this form of thinking in her drawing as well (Fig-

ure 2d). Here, the entire process of generating recommendations

was envisioned as inherently social. It depicted a crowd of users

at the bottom left, which was connected to the personal Netflix

agent (large stick figure in the middle). Through this connection the

agent selects a movie as recommendation. Even Netflix in general

was depicted as person, which instructs and overviews the entire

process (at the bottom right of the drawing). When examining level

2Note, that such a function actually exists (next to the details for a movie or TV show).
P3 also knew this function but, nonetheless, wished it to be more visible and that the
łsimilar to . . . ž category on the front page was replaced by an interactive version.



(a) Drawing of P2. A user

watches three movies, from

which two are liked. The rec-

ommendation (orange circle)

is similar to the liked ones.

(b) Drawing of P3. The central-

ity of self is highly salient as the

entire recommendation process

evolves around this person’s self.

(c) Drawing of P5. Netflix as

a łtentacle monsterž, which

can handle a huge range of

recommendations with its

many arms.

(d) Drawing of P9. The entire

process of recommending is per-

ceived as inherently social. This

perspective highly emphasizes

the role of users in Netflix.

Figure 2: Drawings of participants asked to illustrate their mental model of the inner workings of Netflix

of technical knowledge, P9 mentioned that she łstudies in that areaž

and did have some knowledge about łtechnical topics, AI, and suchž.

Such social assumptions were juxtaposed by a model of Netflix

that was based on content features of items. Examples for fea-

tures being utilized for deriving similarity between items were łac-

torsž (P8), łbuzz wordsž (P10), and other content data such as łmovies

set in the same timež (P3). Another aspect for item-based compar-

ison that was frequently mentioned were latent categories. Such

categories were supposed to be only used łin the backgroundž (P5)

and had a finer granularity:

łthere is not just action but also Asian action, German,

and English. . . such things [. . . ] for depicting more ac-

curate [recommendations].ž (P6)

Apparently, this assumption originated from the RS in Spotify as P6

further explained: łOnce I saw a list somewhere containing Spotify

genres. [. . . ] They have somewhat over 400 genresž.

However, user- and item-based styles were not fully mutually

exclusive. P2, P3, P4, and P6 showed aspects of both dimensions. P3,

for instance, assumed a hybrid algorithm, which combines items

watched by similar users and items that have a similar genre to

the recently watched ones. Over all different styles, frequent use

of verbs like thinking, guessing, and believing underlined the un-

certainty about the inner workings of Netflix. The same applied

to the matching score, which was shown for recommendations at

Netflix. All participants agreed on being uncertain regarding what

is actually matched when talking about the depicted score (ł91%

match ś whatever that means.ž (P6)).

4.3 Technical vs. metaphorical

We found that the mental models can be characterized as either

technical or metaphorical. Technical models were expressed by six

participants (P2, P3, P4, P6, P7, P8). They used process diagrams

and data flows to explain how Netflix arrives at its recommenda-

tions, which indicated a procedural understanding. For instance,

P8 described:

łI am thinking about which data Netflix takes from me

or already hold of me. [. . . ] From this they know, what I

like to watch. What else? Actors, producers... they take

this from the movies I watched. Then, [Netflix] takes a

look at the match and searches for [recommendations].ž

In the technical models, the general four steps were often made

explicit by the participants. For example, P2 explained the steps

data acquisition, inference of user profile, and comparison of user

profiles:

łProbably everything is saved and collected for each

user. And then, they compare users with similar pro-

files, in terms of the movies, to see whether these users

have similar interests. Then, perhaps, one similar user

has rated a movie positively the other one has not yet

watched. Interviewer: And this is how they arrive at

recommendations? P2: Yes, for instance.ž

The clear understanding of P2 was underlined by her drawing (see

Figure 2a), which depicted the same process of recommending from

an item-based perspective.

A different standpoint was taken by four participants (P1, P5,

P9, P10), who used a metaphorical description of Netflix and thus,

drew characters to illustrate how the RS works. P1, for instance,

used a metaphor of a house:

łAhuge complex house in which all the data and databases

are somehow saved. [. . . ] Of course, there are employees,

but I think everything works with algorithms.ž

P1 focused on Netflix as a whole entity and in a more literal way

than other participants. She expressed the four basic steps in the

interview, however, for the drawing task, she chose the depiction

of a house. This could be seen as a simplification of Netflix and a

tangible understanding of Netflix which was based on the Netflix

corporation building.

Additionally, some metaphorical mental models clearly entailed

the participant’s attitudes towards Netflix. P5 compared Netflix to

a tentacle monster (see Figure 2c):

łIt has all its tentacles and at each tentacle it offers its

products, the movies it has. It’s like a kraken monster.

It has a huge range of offers, hence so many tentacles

so that there is something for everybody.ž

This description expressed a negative view on Netflix. When brows-

ing through the catalog of movies to find a matching one during

the Think Aloud task, this participant expressed feelings of being

lost and confused:



łMost things here mean nothing to me. These all are

arbitrary and random images that do not catch me so

that I think I don’t want to look into [the details of the

movie]. No. [. . . ] everything seems absolutely random.ž

Such negative feelings were also quoted by other participants. Some,

for instance, pointed out that personalization of Netflix engenders

a loss of diversity in their movie consumption and therefore pose a

risk of becoming trapped in a łfilter bubblež (e.g. P1, P7, P9).

Apart from that, nearly all participants lacked trust in Netflix.

Especially they doubted the system’s integrity assuming that rec-

ommendations were biased towards in-house productions or third-

parties, łI have the feeling that in-house productions are mostly ad-

vertised and this is not necessarily good.ž (P6). When being asked

about who influences the movie recommendations, P3 mentioned

third-parties: łThe producers of the movies. [. . . ] And perhaps record

companies of movie soundtracks?! I don’t know.ž Hence, at least some

participants were aware of the economic interest of Netflix and

third-parties. However, P9 justified their influence on the person-

alization process: łI think it is good how it is because they do not

exaggerate it and draw attention to it. It is also their production. [. . . ]

Therefore, it is good and also their right to advertise for themselves.ž

5 DISCUSSION

Regarding our first research question (łWhat are the mental models

users hold of the RS?ž), we found very diverse mental models, which,

nonetheless, all adhered to a very basic structureÐeven among

those participants with little technical knowledge. This structure

consists of four steps: data acquisition, inference of a user profile,

comparison of items or users, and generation of recommendations

(see Figure 1). As this basic structure was held by all participants,

we suspect that this structure might be prevalent in many typical

and regular Netflix users. Our results extend the findings by Ghori

et al. [10] substantially through the identification of this general

model.

The subsequent sections are organized regarding our other re-

search questions thus, asking for transparency and control in the

identified mental models, and finally for possible implications for

RS design.

5.1 As how transparent is Netflix perceived?

Across the four general steps, participants made various causal

assumptions of how recommendations are derived and how their

behavior as user affects them. We observed many discrepancies re-

garding these assumptions during single interviews, and especially

between participants’ drawings and their explanations throughout

the rest of the interview. Assumptions were highly speculative and

led to confusionÐeven superstition. This resulted in an effect we

term mystification of the underlying RS: Participants invented var-

ious suppositions about the capabilities of the system, although

they might be entirely unjustified and lack realistic evidence. One

example illustrating this is P3’s assumption that she receives rec-

ommendations, based on what her friends liked on Facebook. Thus,

regarding RQ2, we conclude that users did not perceive the RS of

Netflix as very transparent. We note that this was also not mitigated

by the experience in using a RS, since we observed this in spite of

the rather advanced experience with Netflix all participants had.

As a consequence of this lack of transparency, users encountered

a gulf of evaluation (i.e. users did not understand what their recom-

mendations were based upon) and were thus not able to exploit the

full potential a personalized RS bears. We also found that mysti-

fied beliefs may harm the reputation of Netflix, which is shown by

metaphorical mental models entailing negative attitudes towards

the RS (e.g. P10 cynically drew Netflix as evil hungry black box

eating user data and łpoopingž recommendations). Reasons for this

mystification and gulf of evaluation can be found in the dimensions

we identified as concepts.

Participants, showing the centrality of self (Section 4.1), were

clearly aware of the role of their own self, which we assume to be

a general stance when encountering the surrounding world. Not

surprisingly, this was also applied to the interpretation of recom-

mendations. The users who expressed the centrality of self, wished

to be more informed about which information about them is re-

sponsible for the recommendations. Participants were not able to

understand this causality, which also resulted in a gulf of evaluation

and, consequently, in a demand for a higher transparency regarding

the influence of user preferences on recommendations.

In line with Norman [26], we observed that many of our partic-

ipants tried to transfer their mental model of Amazon to Netflix.

The RS of Amazon provides users with textual explanations for

recommendations (i.e. products that were bought together with

the currently inspected one). These explanations follow the algo-

rithmic mechanism of item-based collaborative filtering, which we

also found in the concept of item-based recommending (Section 4.2).

While the prevalence of such algorithmic methods in the users’

mental models, might be beneficial in some special cases (i.e. when

source and target RS are algorithmically very similar), we assume

such situations to be rather unlikely in practice. Our observations,

for instance, show that the transfer of the mental model of Ama-

zon to Netflix lead to false assumptions and misunderstandings.

We ascribe this mainly to the different forms of how recommenda-

tions are presented. While Amazon follows an item-based approach,

showing recommendations right next to the textual specification

of single products, Netflix mainly presents recommendations in

accordance to the entire user profile (i.e. łtop picks for youž). Con-

sequently, participants were highly unsure about how the list of

recommendations was constructed.

5.2 As how controllable is Netflix perceived?

In our third research question, we asked ourselves to what degree

the RS of Netflix is perceived as controllable by its users. As men-

tioned (e.g. in [9, 40? ]), transparency and control are interdepen-

dent. We observed the same in our study: The lack of transparency

led to a gulf of execution (i.e. participants were unable to figure out

what interaction possibilities they had). Consequently, they also

found it unclear how to steer the RS towards recommendations

fitting their needs more adequately.

One reason we deem responsible, is again the transfer of mental

models from Amazon to Netflix, mainly because the rather sim-

plistic style of explanations provided by Amazon does not provide

any direct entry points for interaction: Users might perceive that

they cannot influence what łusers who bought, also boughtž. As

a consequence, many participants experienced no or little control



over their recommendations, although they were aware of explicit

interaction options (e.g. in form of expressing a like for a movie).

To make interaction with RS less confusing, more transparent,

and controllable, we argue that mental models of RS need to be

aligned with the conceptual model, which represents the actual

algorithmic functioning. In other words, users need to be educated

about how recommendations are derived and what possibilities for

interactively controlling them they have. In such a way educated

users understand recommendations and their causality better, are

able to use the system more effectively, and thus, are more satisfied

with it and the resulting recommendations.

5.3 Implications for RS development

Considering RQ4 (łWhat implications for RS design can be derived?ž),

we derive four guidelines for the development of RS. While we are

aware that these are based on one particular RS, we are confident

that they pose valuable anchor points for general RS design.

5.3.1 Link components to existing mental models. To reduce con-

fusion and cognitive complexity, RS developers might rely on our

identified basic mental model (Figure 1) to be already present. In par-

ticular, we encourage developers of RS to increase transparency by

relating components of their system to one or more of the model’s

four steps. This implies that it might not be necessary to explain

each single step of the inner working of RS to users in detail.

5.3.2 Align UI components with recommendation algorithm. We

suggest to align explanatory and interactive components with the

underlying algorithmic pattern of recommending more precisely

and explicitly. Here, especially item- and user-based recommending

should be distinguished. Our results indicate that both pertain to

diverse mental models and that they were transferred between RS,

which caused many false expectations about system behavior. In

this sense, prevalent mental models might need to be corrected

regarding the system’s actual functioning.

5.3.3 Heed the centrality of self. RS developers should emphasize

the impact of the users’ current preference profile on recommended

items. We particularly suggest to link content features between

consumed and recommended items, since we observed that the

content of items is a paramount expected aspect in the process

of recommending (see Section 4.2). This does not mean that the

RS has to solely rely on content-based filtering though. There is

some research on how to combine collaborative filtering with con-

tent data [20, 21, 23], which could be used to make systems based

on collaborative filtering more transparent using the content of

items. When communicating the relation of preferences and rec-

ommendations adequately, it can also be used to exert control over

recommendations (see, e.g., [1, 19]).

5.3.4 Enlighten the mystification. A central challenge of making RS

more transparent and controllable is to overcome the mystification

of RS.While this is implicitly also addressed by the guidelines above,

we observed that mystification was especially a result of metaphor-

ical mental models. Hence we suggest to introduce standardized

and accordingly aligned metaphors that correct or replace exist-

ing ones. This could, for instance, be achieved by personifying the

RS, e.g. by depicting an anthropomorphic avatar. However, while

the depiction of such avatars and the social presence they emit,

were observed to improve trust and adoption of recommendations

[17, 30], negative emotions may be triggered, e.g. due to uncanny

valley effects [4]. Thus we deem the design of feasible metaphors

for RS as distinctively challenging and emphasize that it requires

further research in this topic.

5.4 Limitations

Despite the small size of N =10, we consider our identified concepts

as theoretically saturated because we noticed that the concepts of

the mental models were very well developed early in the recruit-

ment process. The main limitation of our work is the focus on a

very specific sample of one single platform, namely regular and

experienced Netflix users which most likely has contributed to the

early theoretical saturation. Finally, due to the qualitative nature of

this study, we cannot make assumptions about the prevalence of

the identified mental models.

6 CONCLUSIONS AND FUTUREWORK

Applying a qualitative approach, we found a variety of mental

models. Our participants expressed high degrees of uncertainty

and confusion about the inner working of Netflix. Nonetheless,

we elicited a general structure that all of these models adhered to

which can be used for RS development in practice. Furthermore,

the concepts of centrality of the self and item- and user-based rec-

ommending can serve as entry points for the design of transparent

and controllable RS. Hence, this work contributes not only to the

exploration of users’ mental models of RS, but also provides insights

for RS development in practice.

In future work, we plan to validate our findings through quanti-

tative research. Especially, the general structure represents a solid

baseline for hypotheses and confirmatory studies on a large user ba-

sis. Here, it might also be interesting to investigate a more diverse

user group which differ in the frequency of use and experience

with RS. We stress out that it is worthwhile to investigate other

RS platforms as our study focused on one single platform. Finally,

the aspect of transfer of mental models was a striking result of our

study. Transfer of mental models can be important for RS develop-

ers as they could rely on this to build the RS. To further investigate

the transfer of mental models, we suggest to conduct comparative

studies with several examples of RS.
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Abstract. How users interact with an intelligent system is determined
by their subjective mental model of the system’s inner working. In this
paper, we present a novel method based on card sorting to identify
such mental models of recommender systems quantitatively. Using this
method, we conducted an online study (N =170). Applying hierarchical
clustering to the results revealed distinct user groups and their respective
mental models. Independent of the recommender system used, some par-
ticipants held a strict procedural-based, others a concept-based mental
model. Additionally, mental models can be characterized as either techni-
cal or humanized. While procedural-based mental models were positively
related to transparency perception, humanized models might influence
the perception of system trust. Based on these findings, we derive three
implications for the consideration of user-specific mental models in the
design of transparent intelligent systems.

Keywords: Mental models · Transparency · Recommender systems ·

Card sorting · Hierarchical clustering

1 Introduction

Mental models of intelligent systems are subjective, typically incomplete and
flawed understandings of the system’s inner working [38,45]. They are shaped
through system interaction [38]. Studying mental models can, thus, explain how
users perceive a system and how they interact with it, e.g. by identifying super-
stitions or misconceptions. This is also a crucial prerequisite to explain elements
of intelligent systems better and to increase their transparency [13,54].

To investigate subjective mental models, research has focused thus far on
qualitative approaches that characterize single mental models in greater detail
using small samples (typically smaller than N =20; e.g. [13,34,36]). While such
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qualitative studies describe single, overarching models and are valuable for a
general comprehension of what is included in such a model, they struggle to
capture their full diversity and lack the ability to reliably identify and system-
atically compare different mental models that might coexist in large samples.
Such comparisons, most importantly, offer systematic insights into relationships
between specific mental models and user-centered aspects. We argue that this
needs to be addressed through a quantitative approach.

In fact, quantitative methods might reveal individual and reappearing struc-
tures of mental models in large samples and across different systems. Hence, they
could allow comparisons of diverse mental models among individuals and groups.
Studying mental models quantitatively might also lead to practical implications
for the design of user-friendly interfaces. Specific themes and visual perspec-
tives could be designed for certain user groups, commonalities among models
could foster general design of transparent systems. However, the application of
quantitative methods still poses a serious challenge.

In this work, we aim to close this gap and explore the users’ mental models
of intelligent systems quantitatively. For this, we applied a novel card sorting
setting which captured the entire processing chain of an intelligent system. The
card sorting setting provided typical functional steps of intelligent systems (e.g.
data acquisition) for users to reconstruct their mental model. The method allows
us (1) to identify user groups and characterize their mental models, and (2) to
explore the relationship of these user groups and mental models with system
perceptions (e.g. transparency).

We applied this novel card sorting setting in the domain of recommender
systems (RS) as RS are a mainstay in today’s online environment. Furthermore,
their decisions are often perceived as subjective which are met with more dis-
trust by users than other systems that make more objective decisions (e.g. route
planners) [6]. We asked RS users of a broad sample (N = 170) to sort different
actions according to how they think the RS works internally. Hence, we aim at
answering the following research questions:

RQ1 : Which different mental models do users hold across RS?
RQ2 : How do these mental models relate to the perception of RS?
RQ3 : Based on these findings, which implications can we derive for the design

of transparent intelligent systems?

With this work, we contribute to the advancement of research on users’
assumptions and knowledge about intelligent systems in three ways: (1) We cap-
tured the entire processing chain of an intelligent system (i.e. RS) in a detailed
way through a novel card sorting setting. (2) This allowed us to demonstrate and
uncover which mental models are prevalent in a broad sample of RS users, thus
forming a baseline for future research in this domain. (3) We derive practical
implications for system designers regarding how the knowledge of such mental
models can be leveraged to increase user-centric qualities of intelligent systems,
such as transparency and trustworthiness.
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2 Background and Related Work

Recommender systems typically appear as black box to users, i.e. their internal
reasoning and functioning remain hidden. This can affect users negatively, e.g.
it can cause feelings of creepiness towards recommendations [47]. Furthermore,
users may distrust algorithmic decision making and reject its results [12,40].
This algorithm aversion seems to pertain especially to situations of subjective
compared to objective decision making [6]. As a result, RS that recommend sub-
jective items (e.g. music or movies) are more affected by distrust than objective
systems (e.g. route planners that give directions) [6]. To tackle this potential
distrust in subjective decision support systems, transparency appears to be a
central factor. Studies indicate that transparency can increase the users’ trust in
and satisfaction with a system [27,49] and recommendation acceptance [11,20].

A clear understanding of the users’ knowledge and interpretation of the sys-
tem’s functioning is a key prerequisite for determining how to improve trans-
parency and which parts of the system to focus on [13,55]. A holistic depiction
of such knowledge can be conceptualized as mental models [38,39].

2.1 Mental Models of Intelligent Systems

Mental models (closely related to folk theories1) can be defined as cognitive
knowledge representations of technological systems that serve users to cogni-
tively simulate system behavior and predict its outcomes [45]. They are subjec-
tive in nature, and thus, may be parsimonious and flawed [38]. Mental models are
developed through system interaction, especially when confronted with anoma-
lies and unexpected behavior [18]. In other words, mental models represent what

users know about a system and determine how they interact with it.
A field study by Tullio et al. [50] demonstrated that this also holds for intelli-

gent systems. They found that, without prior knowledge about the system, users
showed a basic understanding of machine learning methods when confronted with
an intelligent agent. In particular users’ mental models included decision trees
and statistic predictions based on “patterns” and “averages”.

Other research has highlighted the impact of mental models on the users’
task performance. For example, in a qualitative study Muramatsu and Pratt
[34] showed that flaws in mental models of search engines may cause confusion
regarding the interpretation of search results. Despite the familiarity and daily
use of search engines, many participants did not fully understand how search
queries are processed. This is supported by a study of Kulesza et al. [26] which
showed that improved soundness of mental models was positively related to the
effectiveness of interaction with the system.

Most studies on mental models of intelligent systems focused a single general
mental model, e.g. [13,19,36]. Eiband et al. [13] highlighted the importance of
identifying one “overarching user mental model” of a target group and indicated
that within this model, several group-specific mental models may exist.

1 For a detailed discussion on folk theories, e.g. see [15,16].
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Indeed, some findings indicate a diverse landscape of mental models. In the
domain of RS, Ghori et al. [19] showed that users mostly explain technical con-
cepts, such as collaborative filtering, in their own words. In an interview study,
Ngo et al. [36] revealed that mental models of RS might be technical or metaphor-
ical. The study also suggests that users had different views on the importance
of themselves in the recommendation process.

To summarize, while the elaboration of an overarching mental model for a
system is useful, there is also strong support for the existence of diverse mental
models within a population. To find a balance between one overarching men-
tal model and an individual mental model for each user, we therefore argue
to identify group-specific mental models. Even though qualitative approaches
may provide some insights into the diversity of mental models, a quantitative
approach is required to more precisely identify and classify these diverse models.

2.2 Methods for Eliciting Mental Models

Few studies have applied a quantitative approach to explore the mental models of
intelligent systems. They mostly studied effects of mental models on the percep-
tion of a system. For instance, Kulesza et al. [26] induced different mental models
and captured their “soundness” through multiple-choice questions. Thus, they
did not directly investigate the structure and characteristics of mental models
but the users’ capacity of using them to simulate certain system outputs.

Other studies have used mixed-method approaches: Xie et al. [53] investigated
the effects of mental model similarity on web page interaction performance in an
experimental study. They combined a card sorting and a path diagram of web
navigation and calculated different similarity measures based on these methods.
A recent example studied mental models of cooperative AI agents in a game
setting [18]. The researchers first applied a think-aloud task to explore the mental
models. Then, a large-scale survey was conducted. We encourage such informed

quantitative studies that exploit insights from former qualitative work.
Conceptual techniques, such as the repertory grid, pairwise rating, or card

sorting [10,30] can be used to study mental models quantitatively. They are
based on an existing body of concepts which needs to be explored before, e.g.
through interviews. Thus, they do not rely on direct verbalization [10].

In repertory grid and pairwise rating, users rate different concepts on a cer-
tain scale or compare them with one another. This leads to a similarity matrix
between the concepts representing the user knowledge. The data can be ana-
lyzed through e.g. multidimensional scaling [30]. While both methods have dif-
ferent advantages, they are either time-consuming or are limited in the number
of concepts that can be studied. Therefore, Cooke [10] recommends to apply
card-sorting techniques, if the number of concepts is higher than 25–30.

In card sorting, users assign certain cards, representing concepts, into cat-
egories. The method is often used in usability studies to determine navigation
structures [9]. There are different types of settings: In closed card sorting, the
content of the cards and the label as well as number of categories are fixed. In
open card sorting, participants can label the cards themselves [9]. The method
allows for the identification of common themes and differences in samples [44].
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Table 1. Overview of the four general categories and their associated action cards we
used in the card sorting task.

Acquisition of user data Comparing items or users

[01] Recording my mouse clicks [10] Comparing items regarding their content

[02] Asking me for my age [11] Matching rating data of items

[03] Recording my dwell time on an item’s
detail page

[12] Calculating a similarity score between
items

[04] Asking me to explicitly rate items [13] Calculating a similarity score between
users

Inference and aggregation Presenting recommendations

[05] Determining my interest in item
categories

[14] Suggesting items that are new to me

[06] Analyzing my current mood [15] Showing items, I might like

[07] Combining all data about me to an
abstract user profile

[16] Presenting items that other users liked in
the past

[08] Adding additionally item data that
users cannot see

[09] Analyzing content of items

3 Identifying Diversity and Commonalities of Mental

Models

We developed a new setting based on card sorting. Card sorting is suitable for
large online studies [4], allows open and closed settings [9], and can be used to
include a wide range of concepts [10]. Our setting considers the subjectivity of
mental models by providing a diverse range of pre-defined cards, and allowing
participants to formulate their own thoughts using open cards and as many
actions and steps as they find appropriate to describe their mental model.

In our card sorting setting, participants are presented with a set of cards rep-
resenting typical RS actions and are asked to assign them to up to seven sequen-
tial steps. Our method assumes a procedural structure of the inner workings of a
RS. This is in line with how these systems typically work and with observations
in previous qualitative user studies [36,38,50]. The resulting card sorts of each
participant represents their mental model of RS. Through hierarchical cluster-
ing, card sorts can be aggregated into groups, allowing us to characterize the
differences and commonalities between mental models in a larger sample.

3.1 Cards Used as Actions of RS

We carefully created 35 cards for participants to express their mental model:

– 16 action cards, represent actions of the recommendation process (Table 1)
– 12 distractor cards, represent actions that are not part of the central recom-

mendation process
– 4 question mark cards, provide the possibility to express uncertainty
– 3 open cards, let users express self formulated actions
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The action cards correspond to typical paradigms used by RS while still
“speaking the language of the user”. We extracted concepts of mental models
from former qualitative mental model studies [13,19,26,36,50] and contributed
our own technical expertise on RS functioning. In particular, we followed the
four general categories provided by Ngo et al. [36]: (1) acquisition of user data,
(2) inference and aggregation, (3) comparing items or users, and (4) presentation

of recommendations. For each category, we designed up to five cards (Table 1).
We describe the rationale behind the action cards in the following.

(1) Acquisition of User Data (Cards 01–04): For any personalized RS,
elicitation of user data and their preferences is a necessary prerequisite [42,46].
While these data can take various forms (e.g. ratings, purchases, clicks), the
underlying concept appears to be well known by RS users and was mentioned in
many in-depth qualitative user studies [13,19,36,50].

(2) Inference and Aggregation (Cards 05–09): In almost all cases RS
do not perform their recommending on raw user data, but aggregate them or
infer further (e.g. situational) data [1,3]. A similar concept can also be found in
many user responses of prior interview studies. Users, for instance, mentioned
(statistical) inference [50], or construction of a personal interest profile [19].

(3) Comparing Items or Users (Cards 10–13): Relating users or items
is one of the most common techniques in RS design [25,37]. Such techniques,
e.g. the commonly used collaborative filtering, are apparently well understood
by users. In many prior mental models identified, the similarity between users
or items was mentioned or played a central role [19,36].

(4) Presenting Recommendations (Cards 14–16): While the form of pre-
senting recommendations seems to play an inferior role in users’ mental models
[36], it is very relevant for RS research [23,48]. We thus decided to also include
three actions for the presentation of RS outcome.

To further diversify answers and to enable analysis of the extent to which the
mental models of participants diverge from a “ground truth”, we added 12 dis-

tractor cards. These cards were chosen as misconceptions of RS as well as actions
that are not part of the main personalization process. Distractor cards were col-
lected by identifying such actions in results of a previous qualitative user study
to which we had access (i.e. [36]). All distractor cards can be found in the supple-
mentary material. Examples are: “Employees suggest items for me”, “Evaluating

my satisfaction of recommendations”, and “Blocking advertisement”.
Finally, we added question mark and open cards. The question mark cards

account for uncertainties in participants’ mental models, i.e. to indicate that
there might be an unknown action performed in a certain step. Open cards
account for any missing actions that were not part of the pre-labeled action or
distractor cards, but are part of the subjective mental model.

4 User Study

Our online study consisted of three parts: instruction, mental model task, and mea-
surement of technical knowledge and perception of RS. At the end, participants
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How do you think that „Discover weekly playlist on Spotify“ works?

Which steps and actions do you think the recommender system has to take in order to personalize „Discover weekly playlist on Spotify“?

Please drag and drop these actions to assign them to steps according their order.

Remember that you do not have to use all steps nor all actions.

Actions you can choose from: Put your actions here:

Calcuating a similarity 

score between items
Suggesting items that are 

new to me
Blocking advertisement

1st step:

Action

Action

Action

2nd step:

Action

Action

Action

Employees suggest items 

to me

Determining my interest in 

items categories

Recording my mouse 

clicks

Matching rating data of 

items
Evaluating the usability of 

the platform

Combining all data about 

me to an abstract profile

Fig. 1. Excerpt of the mental model task with shortened description and examplified
for Discover weekly playlist on Spotify. For reasons of space efficiency only nine actions
and only two steps with three action slots are depicted here.

were debriefed and received 2.76 $ as compensation. We used Soscisurvey2 as a
survey platform in which we implemented the card sorting setting ourselves. On
average participants took 13:39 minutes (SD = 01:55) to complete the study. This
study was approved by the local ethics committee of the University of Duisburg-
Essen. We included the complete lists of measures and items in the supplements.
This section is organized according to the three parts of the user study.

4.1 Instruction

At the beginning, participants were presented with a definition of RS and
the term “item”, which we defined as all content subject to recommendations,
whether it is a product on Amazon, or a person suggested as friend on Facebook.
Participants chose a RS they encounter regularly. Eight options were provided:
Top pics for you on Netflix, Video recommendations on YouTube, Discover weekly

playlist on Spotify, Recommendations of similar items on Amazon, Friend rec-

ommendations on Facebook, Trending hashtags for you on Twitter, Personalized

feed on Instagram, and Daily news recommendations on Google News.
Additionally, participants could opt for “None of the above”, which resulted

in an immediate end of this participant’s session. If any of the eight options was
chosen, participants were instructed to keep the chosen RS and its items in mind
as point of reference for all subsequent questions. As auxiliary reminder, their
chosen RS was also explicitly displayed in several texts throughout the survey.

4.2 Mental Model Task

Next, participants had to complete the card sorting task described in Sect. 3.
They were briefed to use their RS chosen in the previous part as reference while
sorting their cards. All 35 cards were displayed on the left and participants were
asked to sort as many of them as they deem appropriate via drag-and-drop in

2 https://www.soscisurvey.de.

https://www.soscisurvey.de
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up to seven steps. The steps were displayed on the right (see Fig. 1). The open
and question mark cards were shown at the bottom of the card list. Action and
distractor cards were presented in a randomized order.

After the task, participants were asked about the degree of fidelity that
reflected how well participants were able to express their mental model. We mea-
sured this using two self-created items on a 5-point Likert scale (1 (“I strongly
disagree”) to 5 (“I strongly agree”)). The items were: “I was able to express my

ideas through the arrangements of steps and actions very well” and “I feel very

certain about the arrangement of steps and actions.”, (Cronbach’s α= .725).

4.3 Measures

We asked participants about their perception of RS and technical knowledge: on
the one hand, through self-created items on technical or metaphorical perception
of RS, and, on the other hand, through standardized scales for social presence,
trusting beliefs, transparency, and other user-centric measures of RS.

Perception of the RS: To assess whether participants perceived the chosen RS as
rather technical or metaphorical, we included a self-created semantic differential
consisting of twelve pairs such as “machinelike” vs. “humanlike” (Cronbach’s
α= .809). Items were assessed on a 5-point Likert scale.

We used the social presence scale from Gefen and Straub [17] consisting of 5
items (e.g. “There is a sense of human contact in the system.”). Furthermore, we
assessed trusting beliefs using items from McKnight et al. [32]. Trusting beliefs
consist of three dimensions: benevolence, integrity, and competence. For all of
these scales, items were rated on a 7-point Likert scale.

We measured transparency, control, and perceived usefulness using the
ResQue inventory [41], and added recommendation quality and perceived sys-

tem effectiveness from Knijnenburg et al. [24]. All items were assessed on a
5-point Likert scale.

Technical Knowledge of RS: We assessed the prior technical knowledge of par-
ticipants by using three self-created items, e.g. “In the past I learned about how

recommender systems work” (Cronbach’s α= .818). Additionally, we specifically
asked for the confidence in the capability of learning about RS through one item,
(“I would be capable of understanding the recommendation process, if someone

would explain it to me.”). All items were measured on a 5-point Likert scale.

4.4 Participants

In total, 170 participants were recruited through the UK-based crowd-working
platform Prolific3. Participants’ age ranged from 18 to 67 (M = 31.42, SD =
11.64). Regarding gender, 71 participants identified as male and 99 as female.

3 https://www.prolific.co/.

https://www.prolific.co/
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The sample was rather educated with 75 participants (44.1 %) holding a bach-
elor’s degree, 55 participants (32.4 %) holding a high school diploma, and 26
(15.3 %) a master’s degree. Six participants (3.5 %) held a PhD, while three
participants (1.8 %) reported to hold less than a high school diploma. Five par-
ticipants (2.9 %) indicated other degrees. Participants reported to have a low to
moderate technical knowledge on RS (M=1.87, SD = .99).

Generally, participants were able to express their mental model through the
task well: Descriptive analysis revealed a moderate degree of fidelity with a
mean score of 3.18 (SD = 0.90). Question mark cards were used very rarely
(on average participants used M = 0.03 (SD = 0.06) of them). Only few open
cards4 were used: Participants created 63 cards themselves accounting for 2.32 %
of all cards used. Most of them indicated similar ideas as existing action cards,
e.g. “Collecting other data such as gender”, or were specific to the RS, e.g.
“Monitoring what I watch”. 25.40 % of them were left blank or were unclear in
their meaning.

Overall, participants used M=15.74 (SD = 8.20) cards and M=4.90 (SD =
1.76) steps to represent their mental model. When comparing action cards and
all other cards, a t-test for paired samples revealed that action cards (M=9.85,
SD = 4.15) were used significantly more often than the others (M=5.88, SD =
4.80), t(169) = 14.94, p = .001. The proportion of actions to distractors was at
26.61 % (SD = 12.70%) on average, i.e. for each four action cards that were used
in the mental model task, one was a distractor.

5 Results

We followed a data-driven approach to answer our RQs. Hierarchical cluster-
ing on participants’ card sorts revealed three distinct user groups in our data.
We conducted a descriptive analysis to compare the perceptions of RS of these
groups. For the analyses we used SPSS 25 and R 4.0.2.

5.1 RQ1: Which Different Mental Models Do Users Hold Across
RS?

To determine clusters among the different mental models expressed, we first
calculated dissimilarities between card sorts. While card sorts are commonly
evaluated this way, we faced two specific challenges in our task setting: (1) The
order of steps, the cards were sorted in, was relevant to us, which is not taken
into account by typical dissimilarity measures (e.g. Jaccard Index ). (2) Partic-
ipants were free to use any number of steps (up to a maximum of 7) and any
number of cards (up to a maximum of 35), which resulted in many missing val-
ues. To overcome these two challenges, we calculated the dissimilarity between
participants as follows:

dis(p, u)=0.7 ∗ d(p, u) + 0.3 ∗ q(p, u)

4 Note that a qualitative in-depth analysis of open cards was not within the scope of
this work.
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Table 2. Overview of user groups descriptive statistics. SI values refer to the cluster
cut within each group.

Group N No. of cards No. of steps Degree of fidelity No. of clusters SI

M (SD) M (SD) M (SD)

1 66 8.53 (2.56) 4.09 (1.84) 3.34 (0.88) 4 0.298

2 79 16.76 (3.39) 4.99 (1.42) 3.46 (0.85) 2 0.238

3 25 31.60 (3.20) 6.76 (0.52) 2.82 (0.99) 7 0.132

This dissimilarity calculation is based on two components. The first one
(d(p, u)) determines the normalized Manhattan distance between any two par-
ticipants. We interpret each participant’s card sort as vector p ∈ INc, where c is
equal to the number of available cards5. Each position of p, thus, corresponds to
a specific card, while the value indicates the number of the step this participant
assigned the card to. The Manhattan distance between these vectors accounts
for challenge (1) as it considers the order of steps cards are sorted in. While this
could be achieved with other similarity measures (e.g. Euclidean distance), the
Manhattan distance treats coordinates as discrete, thus matching the discrete
steps of our task design. This first component only includes cards that were used
by both participants. Therefore, to account for (2), we add a second component
(q(p, u)) as the difference of how many cards both participants used.

We acknowledged that both components should not equally contribute to the
dissimilarity and deemed the step order as more important than the number of
cards each participant used. Thus, we assigned different weights to each com-
ponent and chose a factor of 0.7 for the first, and a factor of 0.3 for the second
component. Detailed description of the formulas is included in the supplement.

Hierarchical Clustering. Hierarchical clustering can follow a divisive or an
agglomerative clustering algorithm. Divisive clustering follows a top-down pat-
tern, which starts with one cluster containing all items and divides them itera-
tively until each cluster contains only one single item. Agglomerative clustering
takes the opposite approach and starts with each item as an own cluster and
iteratively combines them until only one cluster remains [22].

We compared the clustering coefficients of divisive and agglomerative vari-
ants. This coefficient “describes the strength of the clustering structure” [22].
A coefficient closer to 1 indicates a stronger cluster structure and a better fit
with the data. In our case, agglomerative clustering in tandem with the Ward’s

criterion [35,51] resulted in the best performance with a clustering coefficient

of .949. To determine the number of clusters that fits the data best, we then
compared cuts of the hierarchy at 2–7 clusters. For this, we used the respec-
tive average silhouette index (SI) [43] which reflects the cohesion within clusters

5 We ignored open and question mark cards, since they cannot be compared easily.
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Fig. 2. Dendrograms depicting clusters of how cards have been sorted for each identified
user group. Clusters and actions within are ordered regarding the median of steps, they
have been sorted in.

and separation between clusters. The index ranges from −1 to 1. We found the
highest SI of .237 when cutting at 3 clusters, and thus, 3 user groups.

Subsequently, we performed hierarchical clustering again. This second clus-
tering was applied to cards within each of the 3 user groups and resulted in 2–7
clusters, depending on the group (Fig. 2 and Table 2). Below we describe the
mental models of each user group in detail.

Group 1: Users with a Parsimonious Concept-Based Mental Model.
This group used the lowest number of cards and steps (Table 2). Partici-
pants were convinced of their card sorts (degree of fidelity). Compared to the
other groups, they expressed less prior knowledge in RS, but felt confident in
understanding them. The group perceived RS as rather rational, planned, and
machine-like (Table 3). The dendrogram of this group shows four major clusters
(Fig. 2a) and that this group held a rather concept-based mental model.

The first major cluster is small and pertains to elicitation and analysis of
implicit and less tangible user data (“recording of mouse clicks” (card 01) and
“analyzing content of items” (card 09)) which can be considered as a starting
point of RS processes. The second major cluster refers to the inference of a user

model comprising of several processes including processes of data acquisition,
inference, and comparison, all regarding the user (card 02, 07, 08, 13).

Following this, the third major cluster (card 05, 10, 12, 14–16) represents the
processing of the user model. Further user data, e.g. “mood” and “dwell times”,
are analyzed and recorded. Additionally, the user data is connected to item
data. In contrast to this, the fourth major cluster (card 03, 04, 06, 11) focuses
clearly on the processing of items. It includes different processes, i.e. inference,
comparison, and presentation of items.

In sum, this group was parsimonious in their use of cards, i.e. they only
used few actions and steps. Participants of this group focused on the concepts
of the user model, the user model processing, and on the items. In each cluster,
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Table 3. Overview of perception of RS for each user group.

Variables M (SD)

Group 1 Group 2 Group 3

Technical knowledge of RS

Knowledge of RS 1.56 (0.83) 1.97 (1.03) 2.20 (1.10)

Confidence 4.23 (0.74) 4.30 (0.65) 3.72 (0.84)

Perception of RS

Technical/ metaphorical 2.74 (0.48) 2.65 (0.62) 3.01 (0.74)

Social presence 3.11 (1.44) 3.29 (1.58) 3.50 (1.62)

Transparency 3.76 (0.79) 4.09 (0.75) 3.88 (0.78)

Trusting beliefs (TB) 3.85 (1.22) 4.04 (1.29) 4.20 (1.38)

TB benevolence 3.39 (1.42) 3.44 (1.60) 3.95 (1.47)

TB integrity 3.61 (1.36) 3.66 (1.50) 4.18 (1.54)

TB competence 4.45 (1.48) 4.88 (1.34) 4.41 (1.57)

processes are mixed (e.g. acquisition and inferences processes regarding the user
model, comparisons, inference, and presentation regarding the items).

Group 2: Users with a Feasible Procedural Mental Model. This group
could express their mental model through the task well. Their prior knowledge
was higher than in group 1, but lower than in group 3 (see Table3). Like group 1,
they perceived RS as rational, planned, machine-like, but as more transparent.
The card sorting task resulted in two major clusters (Fig. 2b).

The first major cluster can be divided into two sub-clusters. The first one
(card 02, 06, 07, 09, 11) pertains to the inference of a user model using contextual

user data, such as the “age” or “mood” of the user. The second sub-cluster (card
01, 03, 04) pertains to the acquisition of interaction data that is dependent on
the use of the RS, e.g. “mouse clicks”, “dwell time”.

The second major cluster consists of three sub-clusters that represent dif-
ferent processes of RS: comparison of items and users (cards 10, 12, and 13),
inferences of the user’s interest based on items (card 05, 08), and finally the
presentation of recommendations (card 14–16).

In sum, this group showed a procedural mental model that reflected our
proposed procedure best (Sect. 3 and Table 1). Only the first major cluster rep-
resented a more nuanced understanding of the acquisition of user data which
differed from our proposed procedure. Group 2 views the user model as a start-
ing point that is characterized by contextual data, i.e. data that exist prior to the
interaction with RS. Thus, they distinguish between contextual and interaction
data. The second major cluster represented the last three steps of our proposed
procedure accordingly.

This user group seemed to have the most structured comprehension of RS
which is indicated by the rather high values for the degree of fidelity, confidence,
and transparency.
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Group 3: Users with an Extensive Social-Focused Mental Model. This
group used the highest number of cards and steps (Table2). The confidence in
their card sorts was the lowest, but they expressed a higher knowledge about RS6.
Group 3 perceived the RS as more empathetic, spontaneous, and human-like. We
found this tendency as well when examining the values for social presence and
trusting beliefs, which were the highest in this group (Table3). The dendrogram
(Fig. 2c) reveals seven major clusters of action cards.

The first major cluster mainly contains the presentation of recommendations,
showing items that are new (card 14) and the user might like (card 05). Based
on these presented items, additional, invisible data are considered (card 08). The
second major cluster combines user information to an abstract profile (card 07),
to which user data (e.g. “dwell time”, card 03) are added. The third and fourth
major cluster mostly pertain to comparison processes of the items (card 10–12)
and determination of user interests (card 05).

The fifth cluster refers to the data acquisition of explicit user data (card 01,
02), while the sixth pertains to items in relation to users (e.g. user ratings of
items (card 04), similarity between users (card 13), and presentation of what
users liked in the past (card 16)). These processes were mostly assigned to step
3. The last cluster refers to inference processes on the “mood that the user is
currently in” (card 06) and “analyzing content of items” (card 09).

This group used nearly all cards and steps, i.e. many distractor, open, and
question mark cards were used. We conclude that this user group might have an
extensive mental model consisting of many different processes that go beyond
the recommendation process described in Sect. 3.

In sum, the mental model of group 3 appears rather unstructured. This is
reflected by the high number of clusters (i.e. many small unrelated islands).
Like group 1, participants of this group seem to follow a rather concept-based
mental model. Yet, they distinctively assigned more human attributes and social
presence to the system indicating a higher social focus of their mental models.

5.2 RQ2: How Do These Mental Models Relate to the Perception
of RS?

Due to the exploratory nature of our approach, we analyzed our results descrip-
tively7. First, we explored if we find differences for the RS choice in the mea-
sures. The descriptive data revealed that confidence intervals (CI) of means of
each chosen RS largely overlap for all measures. This indicates that the results
are independent of the particular RS a participant had in mind. Instead, we
conclude that measured differences resulted from the particular mental model a
participant held.

Then, we analyzed the group differences based on 95 % CI of mean differences
and effect sizes (using Cohen’s d with pooled standard deviation to account for
different group sizes). To this end, we first performed a visual analysis of CI of

6 However, the level of knowledge in all groups can be considered as low to moderate.
7 An overview of all descriptive data can be found in the supplement.
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Table 4. Overview of descriptive analysis.

Group comparisons Cohen’s d 95% CI Mean diff. 95% CI

Confidence

Group 1 vs. 3 −.66 [−1.13, −0.19] .51 [0.10, 0.91]

Group 2 vs. 3 −.83 [−1.29, −0.37] .58 [0.19, 0.98]

Technical/ metaphorical

Group 1 vs. 3 .48 [0.01, 0.95] −.27 [−0.60, 0.07]

Group 2 vs. 3 .55 [0.10, 1.01] −.36 [−0.69, −0.03]

Transparency

Group 1 vs. 2 .43 [0.10, 0.76] −.33 [−0.64, −0.02]

Knowledge of RS

Group 1 vs. 2 .43 [0.10, 0.77] −.41 [−0.81, −0.02]

Group 1 vs. 3 .70 [0.23, 1.17] −.64 [−1.19, −0.09]

group means for each measure. We only report results with moderate to large
effect sizes and CI with little or no overlap (Table 4).

Regarding confidence, we found that group 3 was less confident than group
1 and 2. This indicates that users with a social-focused mental model were less
confident in their capabilities to understand the RS. The analysis revealed the
same pattern regarding technical vs. metaphorical perception suggesting that
group 3 tended to view RS as more human-like than the other two groups.
Concerning transparency, we found a difference between group 1 and 2 indicating
that the procedural mental model might be associated with higher transparency
perception. Finally, regarding knowledge of RS, we found that group 1 expressed
lower knowledge than group 2 and 3.

The descriptive analysis suggests that the precision of the measures were low.
Therefore, the results give first indications of relevant relationships between the
structure of mental models and RS perceptions.

6 Discussion

This work extends the existing research body on the measurement of mental
models through a novel card sorting setting. While it does not investigate single
mental models in detail, as fully qualitative methods would, our approach allows
for relevant analytical insights. We analyzed the diversity of mental models in a
large sample. Thus, we envision our card sorting setting as beneficial in a second
research stage, after a first general mental model was already revealed.

In line with prior work of Norman [38], who observed the transfer of mental
models from one system to another, we found that mental models exist across

systems. Interestingly, we did not find any relationship between the referenced
RS and the perception of RS, i.e. they were independent of another. In fact, dif-
ferences in users’ perceptions of RS were only dependent on users’ mental model.
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We conclude that mental models appear to be more critical for the perception
of RS than the system itself. Hence, for contemporary user-centered design of
RS, we suggest a shift from system-focused to mental-model-focused research.

In the following, we discuss the mental models of RS and their relation to the
perception of RS. Furthermore, we address RQ3 (Based on the identified mental

models, which implications can be derived from them for the design of transparent

intelligent systems?) and discuss practical implications for the development of
more user-friendly, trustworthy, and transparent user interfaces.

6.1 Seeing Is Not Understanding

Many participants perceived the referenced RS (e.g. Youtube, Netflix, Spotify)
as transparent. However, the transparency perception cannot be ascribed to a
factual knowledge about the inner workings of these RS. Firstly, because these
systems do not provide any sophisticated explanatory components and, secondly,
because participants reported a low to moderate technical expertise of RS. We
therefore attribute the transparency perceptions to participants’ mental models,
which are based on subjective explanations of how the RS work. These explana-
tions, hence, merely form an impression of understanding that may not match
the actual systems’ functioning. In other words, “seeing” a system does not
necessarily translate to understanding it [2]. We argue that such mental mod-
els, based on vague information of how the system works, may result in a gap
between actual system behavior and users’ expectations—a concept known as
gulf of evaluation [39]. Such gulf was observed to result in false assumptions
and erroneous behavior [33,34]. Morris [33] found that social media users can
misinterpret the opaque algorithms responsible for composing their news feed.
In the case of Morris’ observation, this led to the negative public misperception
that new mothers post excessively about their newborns when in fact they do
not. Muramatsu and Pratt [34] could show that false assumptions and erroneous
mental models can be corrected through transparency.

Practical Implication: Dare to Provide Transparency to Users. To avoid
a false sense of understanding a system, typical straightforward explanatory com-
ponents might be too shallow to provide “real” transparency in terms of an actual
user comprehension. Thus, users’ mental models need to be regarded, evaluated,
and, if flawed, corrected by providing factually accurate insights into the sys-
tem’s inner working. While we note that such a correction could benefit from
knowing the active user’s mental model during runtime, it could also be based
on a general elicitation of mental models prevalent in a user base. The presented
study demonstrates how such elicitation could be performed. Yet, we acknowl-
edge that further research in eliciting mental models and providing transparency
of RS is necessary as intelligent systems become increasingly sophisticated.

Previous research has indicated users’ interest in more algorithmic trans-
parency, e.g. [15,31]. Our study extends on that: It highlights that there is not
only a user interest, but also that users feel confidence in their ability to under-
stand intelligent systems when appropriate explanations are present. This is
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especially interesting considering the low technical knowledge of our participants.
We, thus, encourage developers to dare to provide sophisticated components of
transparency, e.g. in form of explanations [7,21] or visualizations [5,28,29].

6.2 Procedural vs. Concept-Based Mental Models

We could uncover three different mental models of RS that coexist in a large
sample of RS users. We observed that these models exhibited different structures
and perceptions of RS. Concept-based and procedural mental models were the
most prevalent models that co-existed in our sample. An extensive and social-
focused mental model was held by a minority of the participants.

The mental model of group 2 reflected the procedure, that our method was
based on, best. Due to the opacity of RS, we cannot claim this procedure to be a
ground truth of RS. Yet, it is based on established publications of researchers and
practitioners in the field of RS and we deem it—to a certain degree—accurate. In
this regard, group 2, interestingly, felt the highest degree of fidelity in expressing
their mental model through the card sorting. Based on this, we assume that the
mental model of this group was rather well-defined. Therefore, they perceived
the highest transparency of RS. The well-defined mental model might also be the
cause for the highest competence perception: The RS was perceived as reason-
able leading to comprehension of the system and appreciation of its competence.
As this group expressed low technical knowledge of RS, we conclude a close con-
nection between a well-defined mental model, understanding the actual system
functioning, the transparency and competence perception of the system.

Group 1 and 3 did not strongly adhere to a process-based mental model. It
seems that they did not use the steps in a chronological, but in a concept-wise
manner. Inspection of the clusters in the dendrogram of group 1 (Fig.2a) showed
that many clusters consisted of actions from different chronological stages. The
second cluster, for instance, comprised of four cards (02, 07, 08, 13) of which
three cards belong to another chronological stage. Yet, they shared a conceptual
focus: the user model. The most frequent and strict concepts in the mental
models of group 1 and 3 were item- vs. user-based recommending.

Practical Implication: Increase Transparency Through Procedural
Explanations. We conclude that there are several perspectives on a RS that
users can adopt. Delivering different user interfaces to each of these groups might
address this issue best. For users adhering to a procedural mental model, expla-
nations that emphasize the chronology of the recommendation process can be
useful. To prevent aforementioned false assumptions, we suggest great care that
explanations reflect the actual recommendation process as closely as possible.

Users that adhered to a concept-based mental model perceived lower trans-
parency. Hence, we suggest explaining the concepts more clearly to those users,
i.e. practitioners could provide clear definitions and examples of explicit and
implicit user data and explain their application in RS. Similarly, practitioners
can stress clearly whether users or items are compared to generate recommen-
dations. The latter was recently identified to cause confusion for users [36].
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However, we acknowledge that treating each user group differently is not
always possible, e.g. when no information on the active user is available. While
our quantitative approach could be used to correlate mental models to user inter-
action data (e.g. mouse movements), thus forming a baseline for inferring the
user’s mental model during runtime, this demands further studies. Yet, in our
study, we identified some procedural aspects in all user groups and are thus con-
fident that a procedural perspective could be “imposed” on users with a more
concept-wise mental model. Hence, we recommend considering procedural expla-
nations in RS. Apart from matching most user expectations, our findings suggest
that this form of explanation also results in a higher perceived transparency.

6.3 Technical vs. Humanized RS

While group 1 and 2 held a rather technical understanding of RS (rational, and
machinelike), group 3 described them as neutral to metaphorical (empathetic,
spontaneous, and humanlike). Thus, group 3 humanized the RS more than the
other groups, i.e. they ascribed humanlike characteristics to a non-human agent.
This humanization acts as a mechanism to combat uncertainty and situations
in which a system seems unpredictable [14]. This effect might be at work here:
Besides the more humanized mental model compared to the other groups, group
3 expressed low confidence in the ability to learn about the system.

Prior work in autonomous vehicles has indicated a link between humanization
and more trust in the non-human agent [52]. Our study shows that this mech-
anism might also occur in intelligent systems: group 3 perceived higher levels
of trusting beliefs. Furthermore, descriptive values indicate a higher social pres-
ence for group 3. We ascribe this also to the more metaphorical and humanized
mental model of this group. In line with prior work [8,27], this social presence
may act as mediator between humanization and trusting beliefs in group 3.

Practical Implication: Educate Users and Create Social Presence.
Uncertain users might hold an unstructured mental model including metaphor-
ical concepts. As a consequence, such user groups might perceive the system as
unpredictable and tend to humanize it. From this, we derive two implications
for practitioners: (1) There is a need to educate uncertain users, so that they
do not need to develop metaphorical or humanized mental models. As a result
the system could be perceived as more predictable and transparent. Yet, we also
note that some desirable aspects may arise from a higher social presence of RS
and thus, (2), suggest to include social aspects into a user interface. This could,
for instance, be realized by adding elements that express metaphors or using a
metaphorical language. We, however, note that this is speculative and emphasize
the necessity of investigating these aspects in greater depth.

6.4 Limitations

We created the cards as carefully as possible and added open cards to formulate
new actions. Still, some actions that participants created were redundant with
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our pre-formulated cards. Therefore, we assume that some participants did not
read all cards or did not fully understand them. Thus, we deem 35 cards as
maximum in such settings and reconsider wording choices. Another limitation
of our study concerns our task setting. While participants were able to express
procedural mental models well, this did not necessarily apply to other forms
of mental models (although participants managed to express them anyway, see
Sect. 6.2). We conclude that the task design could be slightly adjusted to, for
instance, express parallel actions or feedback loops. This could, for instance, be
achieved through concept networks or flow diagrams. We also acknowledge that
we have included only a small fraction of all existing RS in our study and that
RS represent only one facet of the full range of intelligent systems. Future work
might investigate mental models of additional RS and other intelligent systems.

7 Conclusions and Future Work

We introduced a method that enables us to identify mental models quantitatively
and to examine their diversity in large samples and across platforms. It poses a
substantial extension of prior research on mental models of intelligent systems
which relied on qualitative studies with small samples.

We could reveal a relation between mental model structures and user percep-
tion of RS: Procedural mental models were positively related to transparency,
implying that transparency can be increased through procedural explanations.
Such type of explanations could also be imposed on users who hold a concept-
based mental model. Additionally, uncertain users might hold social-focused
mental models and perceive RS as more humanlike, which leads to ambivalent
results: While social-focused mental models might positively relate to trust, they
might lead users to be less confident and perceive a system as unpredictable.

Finally, this study highlights that mental models exist across systems, i.e.
the perception of RS mainly depends on the mental models, and not on the
particular system. We consequently emphasize the relevance of mental models
for designing user-friendly intelligent systems and advocate a shift from system-
focused to mental-model-focused research in that area.

Our method allows to identify mental model in statistically representative
user studies, and thus, to make generalizable inferences about the mental models
in a target audience and their relations to system perceptions. Moreover, we sug-
gest an analysis of the relationship between user characteristics (e.g. personality
traits such as need for cognition) and mental models of intelligent systems. Our
method could be used to identify user groups that relate to certain personality
profiles. This could contribute to measuring a user’s mental model during run-
time, enabling presentation of personalized transparency components, tailored
towards their mental model and personality. This might be especially useful for
system applications that require long-term relation between a user and a system.



Identifying Group-Specific Mental Models of Recommender Systems 401

References

1. Adomavicius, G., Tuzhilin, A.: Context-aware recommender systems. In: Ricci, F.,
Rokach, L., Shapira, B., Kantor, P.B. (eds.) Recommender Systems Handbook, pp.
217–253. Springer, Boston (2011). https://doi.org/10.1007/978-0-387-85820-3 7

2. Ananny, M., Crawford, K.: Seeing without knowing: limitations of the transparency
ideal and its application to algorithmic accountability. New Media Soc. 20(3), 973–
989 (2018). https://doi.org/10.1177/1461444816676645

3. Beliakov, G., Calvo, T., James, S.: Aggregation Functions for Recommender Sys-
tems. In: Ricci, F., Rokach, L., Shapira, B. (eds.) Recommender Systems Hand-
book, pp. 777–808. Springer, Boston, MA (2015). https://doi.org/10.1007/978-1-
4899-7637-6 23

4. Bussolon, S., Russi, B., Missier, F.D.: Online card sorting: as good as the paper ver-
sion. In: Proceedings of the 13th Eurpoean Conference on Cognitive Ergonomics:
Trust and Control in Complex Socio-Technical Systems. ECCE 2006, New York,
NY, USA. ACM (2006). https://doi.org/10.1145/1274892.1274912

5. Cardoso, B., Brusilovsky, P., Verbert, K.: Intersectionexplorer: the flexibility of
multiple perspectives. In: Proceedings of the 4th Joint Workshop on Interfaces and
Human Decision Making for Recommender Systems. IntRS 2017, CEUR Workshop
Proceedings, pp. 16–19 (2017)

6. Castelo, N., Bos, M.W., Lehmann, D.R.: Task-dependent algorithm aversion. J.
Mark. Res. 56(5), 809–825 (2019). https://doi.org/10.1177/0022243719851788

7. Cheng, H.F., et al.: Explaining decision-making algorithms through UI: strategies
to help non-expert stakeholders. In: Proceedings of the 2019 Conference on Human
Factors in Computing Systems. CHI 2019, New York, NY, USA, pp. 559:1–559:12.
ACM (2019). https://doi.org/10.1145/3290605.3300789

8. Choi, J., Lee, H.J., Kim, Y.C.: The influence of social presence on evaluating
personalized recommender systems. In: Pacific Asia Conference on Information
Systems, p. 49. AISeL (2009)

9. Conrad, L.Y., Tucker, V.M.: Making it tangible: hybrid card sorting within qual-
itative interviews. J. Doc. 75(2), 397–416 (2019). https://doi.org/10.1108/JD-06-
2018-0091

10. Cooke, N.J.: Varieties of knowledge elicitation techniques. Int. J. Hum.-Comput.
Stud. 41(6), 801–849 (1994). https://doi.org/10.1006/ijhc.1994.1083

11. Cramer, H., et al.: The effects of transparency on trust in and acceptance of
a content-based art recommender. User Model. User-Adapted Inter. 18(5), 455
(2008). https://doi.org/10.1007/s11257-008-9051-3

12. Dietvorst, B.J., Simmons, J.P., Massey, C.: Algorithm aversion: people erroneously
avoid algorithms after seeing them err. J. Exp. Psychol. Gen. 144(1) (2015).
https://doi.org/10.1037/xge0000033

13. Eiband, M., Schneider, H., Bilandzic, M., Fazekas-Con, J., Haug, M., Hussmann,
H.: Bringing transparency design into practice. In: 23rd International Conference
on Intelligent User Interfaces. IUI 2018, pp. 211–223. ACM (2018). https://doi.
org/10.1145/3172944.3172961

14. Epley, N., Waytz, A., Cacioppo, J.T.: On seeing human: a three-factor theory
of anthropomorphism. Psychol. Rev. 114(4), 864–886 (2007). https://doi.org/10.
1037/0033-295X.114.4.864

https://doi.org/10.1007/978-0-387-85820-3_7
https://doi.org/10.1177/1461444816676645
https://doi.org/10.1007/978-1-4899-7637-6_23
https://doi.org/10.1007/978-1-4899-7637-6_23
https://doi.org/10.1145/1274892.1274912
https://doi.org/10.1177/0022243719851788
https://doi.org/10.1145/3290605.3300789
https://doi.org/10.1108/JD-06-2018-0091
https://doi.org/10.1108/JD-06-2018-0091
https://doi.org/10.1006/ijhc.1994.1083
https://doi.org/10.1007/s11257-008-9051-3
https://doi.org/10.1037/xge0000033
https://doi.org/10.1145/3172944.3172961
https://doi.org/10.1145/3172944.3172961
https://doi.org/10.1037/0033-295X.114.4.864
https://doi.org/10.1037/0033-295X.114.4.864


402 J. Kunkel et al.

15. Eslami, M., Vaccaro, K., Lee, M.K., Elazari Bar On, A., Gilbert, E., Karahalios,
K.: User attitudes towards algorithmic opacity and transparency in online review-
ing platforms. In: Proc. of the 2019 Conference on Human Factors in Computing
Systems. CHI 2019, New York, NY, USA, p. 1–14. ACM (2019). https://doi.org/
10.1145/3290605.3300724

16. French, M., Hancock, J.: What’s the folk theory? reasoning about cyber-social sys-
tems (2017). https://ssrn.com/abstract=2910571, https://doi.org/10.2139/ssrn.
2910571

17. Gefen, D., Straub, D.W.: Consumer trust in B2C e-Commerce and the importance
of social presence: experiments in e-Products and e-Services. Omega 32(6), 407–
424 (2004). https://doi.org/10.1016/j.omega.2004.01.006

18. Gero, K.I., et al.: Mental models of AI agents in a cooperative game setting. In:
Proceedings of the 2020 Conference on Human Factors in Computing Systems,
Honolulu HI USA, pp. 1–12. ACM, April 2020. https://doi.org/10.1145/3313831.
3376316

19. Ghori, M.F., Dehpanah, A., Gemmell, J., Qahri-Saremi, H., Mobasher, B.: Does
the user have a theory of the recommender? A pilot study. In: Proceedings of Joint
Workshop on Interfaces and Human Decision Making for Recommender Systems
(IntRS 2019), Copenhagen, DK, p. 9. ACM, September 2019

20. Herlocker, J.L., Konstan, J.A., Riedl, J.: Explaining collaborative filtering recom-
mendations. In: Proceedings of the 2000 ACM Conference on Computer Supported
Cooperative Work. CSCW 2000, New York, NY, USA, pp. 241–250. ACM (2000).
https://doi.org/10.1145/358916.358995

21. Hernandez-Bocanegra, D.C., Donkers, T., Ziegler, J.: Effects of argumentative
explanation types on the perception of review-based recommendations. In: Adjunct
Publication of the 28th ACM Conference on User Modeling, Adaptation and Per-
sonalization, UMAP 20 Adjunct, New York, NY, USA, pp. 219–225. ACM (2020).
https://doi.org/10.1145/3386392.3399302

22. Kaufman, L., Rousseeuw, P.J.: Finding Groups in Data: An Introduction to Clus-
ter Analysis. Wiley Series in Probability and Statistics. Wiley, Hoboken (1990).
https://cds.cern.ch/record/1254107

23. Knijnenburg, B.P., Willemsen, M.C.: Evaluating recommender systems with user
experiments. In: Ricci, F., Rokach, L., Shapira, B. (eds.) Recommender Systems
Handbook, pp. 309–352. Springer, Boston, MA (2015). https://doi.org/10.1007/
978-1-4899-7637-6 9

24. Knijnenburg, B.P., Willemsen, M.C., Gantner, Z., Soncu, H., Newell, C.: Explain-
ing the user experience of recommender systems. User Model. User-Adap. Inter.
22(4), 441–504 (2012). https://doi.org/10.1007/s11257-011-9118-4

25. Koren, Y., Bell, R.: Advances in Collaborative Filtering. In: Ricci, F., Rokach, L.,
Shapira, B. (eds.) Recommender Systems Handbook, pp. 77–118. Springer, Boston,
MA (2015). https://doi.org/10.1007/978-1-4899-7637-6 3

26. Kulesza, T., Stumpf, S., Burnett, M., Kwan, I.: Tell me more?: the effects of mental
model soundness on personalizing an intelligent agent. In: Proceedings of the 2012
Conference on Human Factors in Computing Systems. CHI 2012, Austin, Texas,
USA, pp. 1–10. ACM (2012). https://doi.org/10.1145/2207676.2207678

27. Kunkel, J., Donkers, T., Michael, L., Barbu, C.M., Ziegler, J.: Let me explain:
impact of personal and impersonal explanations on trust in recommender systems.
In: Proceedings of the 2019 Conference on Human Factors in Computing Systems.
CHI 2019, New York, NY, USA, pp. 1–12. ACM (2019). https://doi.org/10.1145/
3290605.3300717

https://doi.org/10.1145/3290605.3300724
https://doi.org/10.1145/3290605.3300724
https://ssrn.com/abstract=2910571
https://doi.org/10.2139/ssrn.2910571
https://doi.org/10.2139/ssrn.2910571
https://doi.org/10.1016/j.omega.2004.01.006
https://doi.org/10.1145/3313831.3376316
https://doi.org/10.1145/3313831.3376316
https://doi.org/10.1145/358916.358995
https://doi.org/10.1145/3386392.3399302
https://cds.cern.ch/record/1254107
https://doi.org/10.1007/978-1-4899-7637-6_9
https://doi.org/10.1007/978-1-4899-7637-6_9
https://doi.org/10.1007/s11257-011-9118-4
https://doi.org/10.1007/978-1-4899-7637-6_3
https://doi.org/10.1145/2207676.2207678
https://doi.org/10.1145/3290605.3300717
https://doi.org/10.1145/3290605.3300717


Identifying Group-Specific Mental Models of Recommender Systems 403

28. Kunkel, J., Loepp, B., Ziegler, J.: A 3D item space visualization for presenting
and manipulating user preferences in collaborative filtering. In: Proceedings of the
22nd International Conference on Intelligent User Interfaces. IUI 2017, New York,
NY, USA, pp. 3–15. ACM (2017). https://doi.org/10.1145/3025171.3025189

29. Kunkel, J., Schwenger, C., Ziegler, J.: Newsviz: depicting and controlling prefer-
ence profiles using interactive treemaps in news recommender systems. In: Proceed-
ings of the 28th ACM Conference on User Modeling, Adaptation and Personaliza-
tion. UMAP 2020, New York, NY, USA, pp. 126–135. Association for Computing
Machinery (2020). https://doi.org/10.1145/3340631.3394869

30. Langan-Fox, J., Code, S., Langfield-Smith, K.: Team mental models: techniques,
methods, and analytic approaches. Hum. Factors 42(2), 242–271 (2000). https://
doi.org/10.1518/001872000779656534

31. Lim, B.Y., Dey, A.K.: Assessing demand for intelligibility in context-aware appli-
cations. In: Proc. of the 11th International Conference on Ubiquitous Computing.
UbiComp 2009, New York, NY, USA, pp. 195–204. ACM (2009). https://doi.org/
10.1145/1620545.1620576

32. McKnight, D.H., Choudhury, V., Kacmar, C.: Developing and validating trust
measures for e-commerce: an integrative typology. Inf. Syst. Res. 13(3), 334–359
(2002). https://doi.org/10.1287/isre.13.3.334.81

33. Morris, M.R.: Social networking site use by mothers of young children. In: Pro-
ceedings of the 17th ACM Conference on Computer Supported Cooperative Work
& Social Computing. CSCW 2014, New York, NY, USA, pp. 1272–1282. ACM
(2014). https://doi.org/10.1145/2531602.2531603

34. Muramatsu, J., Pratt, W.: Transparent queries: investigation users’ mental models
of search engines. In: Proceedings of the 24th Annual International Conference on
Research and Development in Information Retrieval. SIGIR 2001, New York, NY,
USA, pp. 217–224. ACM (2001). https://doi.org/10.1145/383952.383991

35. Murtagh, F., Legendre, P.: Ward’s hierarchical agglomerative clustering method:
which algorithms implement ward’s criterion? J. Classif. 31(3), 274–295 (2014).
https://doi.org/10.1007/s00357-014-9161-z

36. Ngo, T., Kunkel, J., Ziegler, J.: Exploring mental models for transparent and con-
trollable recommender systems: a qualitative study. In: Proceedings of the 28th
ACM Conference on User Modeling, Adaptation and Personalization, Genoa Italy,
pp. 183–191. ACM, July 2020. https://doi.org/10.1145/3340631.3394841

37. Ning, X., Desrosiers, C., Karypis, G.: A comprehensive survey of neighborhood-
based recommendation methods. In: Ricci, F., Rokach, L., Shapira, B. (eds.) Rec-
ommender Systems Handbook, pp. 37–76. Springer, Boston, MA (2015). https://
doi.org/10.1007/978-1-4899-7637-6 2

38. Norman, D.A.: Some Observations on Mental Models. In: Gentner, D., Stevens,
A.L. (eds.) Mental Models, pp. 7–14. Psychology Press, New York (1983)

39. Norman, D.A.: The Design of Everyday Things. Basic Books Inc., New York (1988).
ISBN 978-0-465-06710-7

40. Prahl, A., van Swol, L.: Understanding algorithm aversion: When is advice from
automation discounted? J. Forecast. 36(6), 691–702 (2017). https://doi.org/10.
1002/for.2464

41. Pu, P., Chen, L., Hu, R.: A user-centric evaluation framework for recommender
systems. In: Proceedings of the fifth ACM Conference on Recommender Systems
- RecSys 2011, Chicago, Illinois, USA, p. 157. ACM (2011). https://doi.org/10.
1145/2043932.2043962

https://doi.org/10.1145/3025171.3025189
https://doi.org/10.1145/3340631.3394869
https://doi.org/10.1518/001872000779656534
https://doi.org/10.1518/001872000779656534
https://doi.org/10.1145/1620545.1620576
https://doi.org/10.1145/1620545.1620576
https://doi.org/10.1287/isre.13.3.334.81
https://doi.org/10.1145/2531602.2531603
https://doi.org/10.1145/383952.383991
https://doi.org/10.1007/s00357-014-9161-z
https://doi.org/10.1145/3340631.3394841
https://doi.org/10.1007/978-1-4899-7637-6_2
https://doi.org/10.1007/978-1-4899-7637-6_2
https://doi.org/10.1002/for.2464
https://doi.org/10.1002/for.2464
https://doi.org/10.1145/2043932.2043962
https://doi.org/10.1145/2043932.2043962


404 J. Kunkel et al.

42. Ricci, F., Rokach, L., Shapira, B.: Recommender systems: introduction and chal-
lenges. In: Ricci, F., Rokach, L., Shapira, B. (eds.) Recommender Systems Hand-
book, pp. 1–34. Springer, Boston, MA (2015). https://doi.org/10.1007/978-1-4899-
7637-6 1

43. Rousseeuw, P.J.: Silhouettes: a graphical aid to the interpretation and validation
of cluster analysis. J. Comput. Appl. Math. 20, 53–65 (1987). https://doi.org/10.
1016/0377-0427(87)90125-7

44. Rugg, G., McGeorge, P.: The sorting techniques: a tutorial paper on card sorts,
picture sorts and item sorts. Expert. Syst. 14(2), 80–93 (1997). https://doi.org/
10.1111/1468-0394.00045

45. Rumelhart, D.E., Norman, D.A.: Representation in Memory. No. 116 in CHIP
report, University of California, San Diego (1983)

46. Sparling, E.I., Sen, S.: Rating: how difficult is it? In: Proceedings of the Fifth
ACM Conference on Recommender Systems. RecSys 2011, New York, NY, USA,
pp. 149–156. ACM (2011). https://doi.org/10.1145/2043932.2043961

47. Torkamaan, H., Barbu, C.M., Ziegler, J.: How can they know that? A study of
factors affecting the creepiness of recommendations. In: Proceedings of the 13th
ACM Conference on Recommender Systems. RecSys 2019, New York, NY, USA,
pp. 423–427. ACM (2019). https://doi.org/10.1145/3298689.3346982

48. Tsai, C.H., Brusilovsky, P.: Beyond the ranked list: User-driven exploration and
diversification of social recommendation. In: Proceedings of the 23rd International
Conference on Intelligent User Interfaces. IUI 2018, New York, NY, USA, pp. 239–
250. ACM (2018). https://doi.org/10.1145/3172944.3172959

49. Tsai, C.H., Brusilovsky, P.: Explaining recommendations in an interactive hybrid
social recommender. In: Proceedings of the 24th International Conference on Intel-
ligent User Interfaces. IUI 2019, New York, NY, USA, pp. 391–396. ACM (2019).
https://doi.org/10.1145/3301275.3302318

50. Tullio, J., Dey, A.K., Chalecki, J., Fogarty, J.: How it works: a field study of non-
technical users interacting with an intelligent system. In: Proceedings of the 2007
Conference on Human Factors in Computing Systems. CHI 2007, New York, NY,
USA, pp. 31–40. ACM (2007). https://doi.org/10.1145/1240624.1240630

51. Ward, J.H.: Hierarchical grouping to optimize an objective function. J. Am. Stat.
Assoc. 58(301), 236–244 (1963). https://doi.org/10.1080/01621459.1963.10500845

52. Waytz, A., Heafner, J., Epley, N.: The mind in the machine: anthropomorphism
increases trust in an autonomous vehicle. J. Exp. Soc. Psychol. 52, 113–117 (2014).
https://doi.org/10.1016/j.jesp.2014.01.005

53. Xie, B., Zhou, J., Wang, H.: How Influential are mental models on interaction per-
formance? Exploring the gap between users’ and designers’ mental models through
a new quantitative method. Adv. Hum.-Comput. Inter. 2017, 1–14 (2017). https://
doi.org/10.1155/2017/368354

54. Yang, R., Shin, E., Newman, M.W., Ackerman, M.S.: When fitness trackers don’t
‘fit’: End-user difficulties in the assessment of personal tracking device accuracy.
In: Proceedings of the 2015 ACM International Joint Conference on Pervasive and
Ubiquitous Computing. UbiComp 2015, New York, NY, USA, pp. 623–634. ACM
(2015). https://doi.org/10.1145/2750858.2804269

55. Zhou, J., Chen, F.: 2D transparency space—bring domain users and machine learn-
ing experts together. In: Zhou, J., Chen, F. (eds.) Human and Machine Learning.
HIS, pp. 3–19. Springer, Cham (2018). https://doi.org/10.1007/978-3-319-90403-
0 1

https://doi.org/10.1007/978-1-4899-7637-6_1
https://doi.org/10.1007/978-1-4899-7637-6_1
https://doi.org/10.1016/0377-0427(87)90125-7
https://doi.org/10.1016/0377-0427(87)90125-7
https://doi.org/10.1111/1468-0394.00045
https://doi.org/10.1111/1468-0394.00045
https://doi.org/10.1145/2043932.2043961
https://doi.org/10.1145/3298689.3346982
https://doi.org/10.1145/3172944.3172959
https://doi.org/10.1145/3301275.3302318
https://doi.org/10.1145/1240624.1240630
https://doi.org/10.1080/01621459.1963.10500845
https://doi.org/10.1016/j.jesp.2014.01.005
https://doi.org/10.1155/2017/368354
https://doi.org/10.1155/2017/368354
https://doi.org/10.1145/2750858.2804269
https://doi.org/10.1007/978-3-319-90403-0_1
https://doi.org/10.1007/978-3-319-90403-0_1


5 

 

 

 

 

 

 

 

Article 5 

The following article is reused from:  

• Ngo, T., & Krämer, N. (2021). It’s Just a Recipe? – Comparing Expert and Lay User 

Understanding of Algorithmic Systems. Technology, Mind, and Behavior, 2(4). 

https://doi.org/10.1037/tmb000004 



It’s Just a Recipe?—Comparing Expert and Lay User

Understanding of Algorithmic Systems
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1 Department of Computer Science and Applied Cognitive Science, Research Training Group “User-Centred Social Media,”
University of Duisburg-Essen
2 Department of Computer Science and Applied Cognitive Science, Social Psychology: Media and Communication,
University of Duisburg-Essen

Algorithmic systems may appear opaque to users. This can hinder users from making informed decisions about the use of such
systems. To combat this, explanations intend to make them more transparent. However, explanations are typically informed by the
system properties. We argue that they also need to consider the user understanding in order to be more comprehensible to users. To
achieve these user-informed explanations, this qualitative work aims to (a) compare how experts and lay users understand
algorithmic systems and (b) derive implications for creating user-informed explanations. We conducted an expert focus group
(N = 3) and semistructured in-depth interviews with experts (N = 10) and lay users (N = 11), including a drawing task. Reflexive
thematic analysis by the first author revealed group-specific and common themes: Experts understood algorithms as a decision-
making process and were aware of the context dependency of algorithms. Lay users, in turn, understood algorithms as intelligence
and as data structuring. They focused on the tangible and visible elements of algorithmic systems. Both groups also understood
algorithms as a sequence of actions. The different understandings might be driven by group-specific experiences and purposes to use
algorithmic systems. Based on our results, we argue that user-informed explanations could consider the context dependency of
algorithmic systems and highlight their limitations.

Keywords: transparency, explanation, qualitative study, thematic analysis, drawing task

Algorithmic systems are increasingly applied in crucial online
domains (Adadi & Berrada, 2018; Craglia et al., 2018). The
application of complex algorithmic systems has diverse implica-
tions for the individual and society. Among others, their applica-
tion affects the users’ autonomy as well as privacy and concerns
social issues of responsibility and accountability of algorithms,
that is, the question of who can be held responsible and account-
able for the people, data, action, and consequences (Craglia et al.,
2018). Yet, their inner mechanisms often remain opaque to users:
Users might not fully understand which personal data are col-
lected and how the systems process them to arrive at specific
outputs.
However, users need to understand why and how their personal

data are used and what kind of inferences can be made from them.
This, ultimately, concerns the users’ autonomy, that is, the users’

ability to act upon their own informed choice and privacy (Craglia
et al., 2018). Cotter and Reisdorf (2020) argue that users need to
understand the inner working of algorithms and the factors that
affect them to be able to “make rational judgments about the
information that they encounter” (p. 748).

Therefore, previous research has focused on the increase of
algorithmic transparency through explanations (Diakopoulos, 2015;
Tintarev & Masthoff, 2007). Explanations can influence various
factors positively, such as user trust, transparency perception, or
scrutability (Kunkel et al., 2019; Tintarev & Masthoff, 2007). The
explanations are usually informed by the system properties, that is,
the model, input, and output, but not necessarily by the (lack of) user
knowledge. As a result, the explanations are typically not tailored to
the prior users’ knowledge level and might be too difficult or too
obvious for users.
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Against this background, we intend to contribute to explanations
that are tailored to the understanding of lay users. To this end, this
work compares the user understanding of experts (here, users with
computer science or related background) and lay users. By con-
trasting the understanding of these user groups, we can infer the
differences between the most detailed and technically correct
knowledge on algorithmic curation and the average understanding
of lay users. The resulting insights can inform explanations that
better address the existing knowledge gaps.
Consequently, this work has two research aims: The first aim is to

describe and characterize this knowledge gap. Like Eiband et al.
(2018), we argue that this gap highlights the differences and the
shared understanding of these groups and can help shape explana-
tions. Based on these insights, the second aim is to infer the elements
of a system that should be explained to lay users. We define this type
of explanation user-informed explanations. Here, we do not argue
that lay users should be turned into experts, as this is unrealistic and
unfeasible. Instead, lay users need to understand algorithmic sys-
tems in a way that allows them to make informed decisions about
their use.
We chose algorithmic curation as an example to study the

differences of how lay users understand algorithmic systems com-
pared to experts. Algorithmic curation is the automated selection,
organization, and presentation of information. In social networks
and news sites, algorithmic curation personalizes the online content
influencing media exposure with the intention to cater relevant
information to users (Diakopoulos, 2015). Prior research in the
domain of security and privacy indicates that experts’ understanding
is multilayered compared to lay users’ understanding which is
simpler and service oriented (Kang et al., 2015). However, a
concrete analysis of the differences between experts’ and lay users’
understanding of algorithmic curation is missing to this date. Our
research questions were:

• Research Question 1: How do experts understand
algorithmic curation systems?

• Research Question 2: How do lay users understand algo-
rithmic curation systems?

• Research Question 3: What are the differences between
expert and lay user understanding of algorithmic curation
systems?

To address these questions, we chose a qualitative approach
using a focus group and semistructured interviews as well as a
drawing task. We analyzed our material using reflexive thematic
analysis. It is suitable and flexible to approach our research
questions as we were interested in interpreting the material to
compare the subjective experts’ and lay users’ answers (Braun &
Clarke, 2006, 2020). It allowed us to identify patterns, so-called
themes, that are shared but also distinct to the user groups. We
favored this method instead of reliability or codebook approaches
as we aimed at establishing an in-depth exploration and characteri-
zation of user understanding rather than quantify our material
(Vaismoradi et al., 2013).
We argue that shared understanding can be used as a template

for explanations. The differences in understanding reveal the lay
users’ unawareness and misconceptions of specific system compo-
nents. This could advance current research on transparency and

explainability by determining how an effective explanation should
be designed.

Categories and Goals of Explanations

Explanations can contribute to a better understanding of a partic-
ular subject. They inform individuals about some “sense of mecha-
nism” and often entail causal relations (Keil, 2006, p. 228).
Furthermore, explanations can help individuals with understanding
why a certain event occurred and engage in justification for it or
predict certain events (Keil, 2006). Researchers have proposed
numerous categories of explanations for algorithmic systems. For
instance, model-centric explanations, also referred to as global
explanations, provide general information about algorithmic sys-
tems. Subject-centric explanations, also known as local explana-
tions, are based on the input data given to an algorithmic system
(Došilović et al., 2018; Edwards & Veale, 2017). A similar distinc-
tion is provided by Friedrich and Zanker (2011): White-box-
explanations (how-explanations) describe how an algorithmic sys-
tem derives a particular outcome based on a specific input, while
black-box explanations (why-explanations) justify specific outputs.
These categories were extended by what-explanations, which reveal
“the existence of algorithmic decision-making” (p. 2), and objective
explanations, which highlight the algorithm as unbiased and
improving (Rader et al., 2018). All these explanations rely on the
system properties to inform explanations. In other words, they
consider the type of the algorithmic model of a system, the input
data, or the output of a system. However, the user understanding,
that is, what the user knows about an algorithmic system or its inner
working, is neglected in these explanations. Thus, we argue that it is
not ensured that users comprehend the explanation correctly and can
make sense of it.

Research on recommender systems has discussed the explanation
goals focusing on user-centric measures, for example, trustworthi-
ness, user satisfaction, scrutability, and transparency (Balog &
Radlinski, 2020; Tintarev & Masthoff, 2007). These goals correlate
to a certain extent (Balog & Radlinski, 2020). While they are
essential, we argue that the effectiveness of an explanation is
also determined by whether the user can comprehend the explana-
tion at hand. It is, therefore, important to examine whether it
increases the users’ existing knowledge about the system. This
lack of consideration was previously stressed by Miller (2018).
Explanations are not merely “presentation of associations and
causes” (p. 7) but contextual. Thus, he emphasized the importance
of the user’s perception of the algorithmic systems.

So far, there are a few types of user-informed explanations, that is,
explanations consider the users’ knowledge and use them as a base
for creating an explanation. User-informed explanations can be
independent of the type of content or form. For instance, Chang
et al. (2016) combined crowd sourcing and natural language pro-
cessing to create crowd-based explanations for movie recommenda-
tions. These explanations were written and evaluated by users and
were perceived as more useful and trustworthy and increased users’
satisfaction. The study highlights the importance of more user-
informed explanations and their potential benefits for trustworthi-
ness or satisfaction.

Another user-informed explanation was developed by Cai et al.
(2019) for a drawing application. These visual example-based ex-
planations were derived from users’ real drawings. Cai et al. (2019)
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investigated normative example-based explanations (showing a
norm from a certain drawing) and comparative example-based
explanations (showing the most similar drawings to the users’
drawing). They found that the normative example-based explanation
affected the understanding of the system positively. However,
the measurement of the user understanding lacked depth as partici-
pants were asked to which degree they understand the system
through 1 Likert-scale item. Thus, we argue that the measurement
was not able to capture the user understanding extensively. To
explore the user understanding in-depth, it can be elicited through
conceptualization, such as mental models (Norman, 1983) or folk
theories (DeVito et al., 2018; Eslami et al., 2016; Gelman &
Legare, 2011).

User Understanding of Technological

and Algorithmic Systems

Previous studies on user understanding of how a technological
and algorithmic system works have mostly applied qualitative
approaches. In the field of cognitive psychology and human–
computer interaction, mental models can be defined as cognitive
knowledge representations of technological systems. They encom-
pass the subjective understanding of a technological system and
might be incomplete and flawed. They are constructed through
system interaction (Norman, 1983). Researchers have claimed that
mental models’ alignment with the respective conceptual model of a
system is crucial for its comprehension and application (Asgharpour
et al., 2007; Eiband et al., 2018; Norman, 1983).
Few studies have explicitly compared experts’ and lay users’

mental models. These studies have shown that technical background
and expertise play a role in mental models. For instance, Hmelo-
Silver and Pfeffer (2004) found that aquarium experts relied on
structural elements to develop mental models. They discovered that
lay users relied more on visible features for their mental model. In
the field of security and privacy, Asgharpour et al., (2007) have
shown that mental models of security risks by experts and lay users
differ in their nature. Thus, risk communication needs to address the
lay user’s mental model and their respective perceptions of relevant
risks (Asgharpour et al., 2007; Jorgensen et al., 2015).
While expertise is playing a role in the nature of a mental model, it

does not directly translate into more secure online behavior but
rather a higher awareness of possible threats and risks (Kang et al.,
2015). Renaud et al. (2014) argue that, besides the lack of under-
standing of the technological system, other factors, such as the lack
of understanding of the consequences of risks and untrustworthy
information sources, as well as personal experience, also contribute
to the behavior.
Another branch of research on user understanding of algorithmic

systems encompasses the conceptualization of lay user understand-
ing as folk theories, which can be defined as intuitive informal
theories (DeVito et al., 2018; Gelman & Legare, 2011). Folk
theories entail causal relations and can help users explain, interact
with, and predict the world. Moreover, they are imprecise and can
embody cognitive biases (Gelman & Legare, 2011). While mental
models and folk theories overlap in their definition, folk theories are
a looser conceptualization of guiding beliefs and do not strongly
adhere to a mechanistic structure (DeVito et al., 2018).
Folk theories have been investigated in the context of algorithmic

curation on specific social network sites (DeVito et al., 2017, 2018;

Eslami et al., 2016). For the algorithmic curation on Facebook,
Eslami et al. (2016) identified 10 different folk theories that differ in
the sense of control users have over their social feed. For example,
while some users believed that their feed was driven by the number
of interactions (“Personal Engagement Theory”), others believed
that the feed favored visual content, such as photos and videos
(“Format Theory”).

A comparison between expert and lay user understanding of
algorithmic curation is—to our best knowledge—missing to this
date. In this work, we focus on the exploration, description, and
characterization of the group-specific user understanding, that is, the
users’ conception of how algorithmic curation works and what their
inner mechanisms are to determine online content. While previous
research has also focused on one specific platform, we were curious
whether there were overarching themes of algorithmic curation
systems.

Method

The local ethics committee approved the study of the University
of Duisburg-Essen. Participants consented to recordings of the
sessions. Interviews were transcribed. All identifiable information
was anonymized.

Participants

In total, 24 German participants took part in our study (Table 1).
Our sample size for interviews was based on several considerations
regarding the data quality and the nature of our topic (user under-
standing was captured through verbal and visual expressions, inter-
views between 60 and 80 min including a drawing task) and the
scope of our study (Morse, 2000). Similar previous studies sampled
between 20 and 30 participants. Additionally, the sample size was
driven by the limited availability of experts. Regarding the focus
group, we deemed a group size of three as optimal as we prioritized
that experts would have sufficient time and the possibility to reflect
and discuss their understanding.

Seven participants identified as female, and 17 asmale. Participants’
age ranged from 20 to 73 years (M = 31.67, SD = 11.49). Thirteen
participants were considered experts. Participants qualified as an
expert if they had a university degree or vocational training in
computer science or similar degrees and currently work in the field
of computer science. Furthermore, experts had programming skills.
Consequently, participants who did not qualify as an expert were
considered as lay users. We recruited experts and lay users separately
in two recruitment phases, respectively. All participants were recruited
through social media platforms, email, and personal contact.

Procedure

We conducted one expert focus group in December 2019 and in-
depth semistructured interviews with experts and lay users in early
spring 2020. While we were able to conduct the focus group and the
first 10 expert interviews face to face, all other interviews were
conducted online through video-conference tools. This was due to
the restrictions of the COVID-19 pandemic, which included social
distancing and restricted personal contact.
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Initial Expert Focus Group

We conducted an initial focus group with three experts to explore
the expert understanding of algorithmic systems. While we originally
planned to elicit a joint expert understanding with the focus group
only, we recognized that further in-depth interviewswith experts from
different fields and professionals were necessary. The focus group
participants advised us to conduct further interviews as expert
understanding can be diverse and context dependent. The focus
group’s procedure adhered to the same structure and questions as
the individual semistructured interviews described below. Experts
also performed a drawing task inwhichwe asked them to visualize the
inner working of a news or social media algorithmic curation system.
We assumed that this task could support participants to express their
ideas of algorithms’ functioning and would force them to be less
vague in their answers. In contrast to the individual interviews, the
focus group participants engaged in group discussions instead of
individual probing. The focus group lasted 2 hr, and each participant
received 20 euros as compensation for participation.

Individual Semistructured Interviews

We subsequently interviewed 10 experts and 11 lay participants. At
the beginning of each interview, participants were introduced to the
topic of algorithmic curation. Here, the interviewer stated that the
research focuses on social feeds and news curation. Then, participants
were asked to write down all associations they had regarding these
use cases. They had to explain their associations and group them

afterward. Participants elaborated on each association. The inter-
viewer asked specifically for the inner working as well as capabilities
and limits of the algorithmic curation system. After that, the inter-
viewer introduced the drawing task. Participants were asked to draw
how the algorithmic curation system works on a sheet of paper. They
were instructed to explain their drawing in-depth and encouraged to
openly talk about their ideas (e.g., they were reminded that there are
no right or wrong answers). In the end, participants were debriefed.
As compensation for participation, participants received 10–12 euros,
depending on the length of interviews. Experts’ interviews lasted
around 1 hr, while lay users’ interviews lasted around 1 hr and
20 min. Use case descriptions, the interview guideline, and codes
are publicly available on OSF: https://osf.io/72tgn/.

Thematic Analysis

We applied a reflexive thematic analysis to analyze our material.
This analysis is a method for identifying, analyzing, and reporting
underlying patterns, so-called themes, and poses one type of the-
matic analysis among many. It is distinct from other thematic
analysis approaches, such as coding and codebook reliability the-
matic analyses. In the reflexive thematic analysis, the analysis of the
material is subject to the interviewer’s interpretation (Braun &
Clarke, 2006, 2020). Braun and Clarke (2020) note that “a research
team is not required or even desirable for quality” (p. 6). Data
analysis was performed after all interviews were completed and
transcribed. The analysis was carried out in MAXQDA2018 by the
first author.

Table 1

Overview of Participants’ Demographics

ID Gender Age Education background Professional background

Experts in focus group (N = 3)

1 M 28 PhD Researcher in network analysis
2 M 33 Master Researcher in recommender systems
3 F 28 Master Researcher in computer linguistics

Experts in individual interviews (N = 10)

4 F 36 PhD Researcher in computer linguistics
5 M 26 BA Computer science student
6 M 36 PhD Assistant professor in Security
7 M 26 Vocational training IT specialist for system integration
8 F 31 PhD Software developer
9 M 59 Vocational training Senior security specialist
10 M 25 Master Researcher in IT-Security
11 M 25 Master Researcher in machine learning
12 M 26 Master PhD student in IT-Security
13 M 31 Master Software developer

Lay users in individual interviews (N = 11)

14 F 29 Master Corporate communication
15 M 22 High school Law student
16 M 20 High school Teaching student
17 M 27 High school Business psychology student
18 M 73 PhD Retired
19 F 24 Bachelor Consumer Science student
20 M 30 Master History student
21 F 31 Master Human resources
22 F 30 Law degree Lawyer
23 M 30 Master Product manager
24 M 34 Master Accounting & Finance
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The first author extensively familiarized herself with the material
and coded it. The analysis was rather inductive than deductive.
Codes were constantly refined and revised throughout the analysis
and the interpretation process and were formed into overarching
themes. She used descriptive and in-vivo coding, which captured
participants’ voices at the beginning of the analysis. In later stages of
the analysis, she mostly applied pattern coding (Saldaña, 2013). For
instance, final code examples of the common theme algorithms as a
sequence of actions included: abstract, context dependence, or
“theory vs. practice” with subcodes of “algorithms as maths” and
“algorithms as a program.”

Researcher Description

The reflexive thematic analysis considers the researcher as an
“analytic resource” (Braun & Clarke, 2020, p. 3) to interpret the
material at hand. As such, the researcher’s background and position
affect the analysis and interpretation. The interviewer and coder of
this study is a female PhD student who has a background in
psychology and human factors. The interviewer can be considered
as a layperson with high technical interest and affinity. Additionally,
as some participants were contacted through first- and second-
degree personal contact, they were known to the interviewer before
the study. The relation to these participants was mostly professional;
two exceptions were in closer relation to the interviewer.

Results

Reflexive thematic analysis as conducted by the first author
revealed four different themes: One theme specific to expert parti-
cipants, two themes specific to lay participants, and a common
theme shared by both groups. The first author consistently noticed in
the material that discussions on algorithmic curation systems often
resulted in the use of the general term of “algorithms.” As such, the
results were extended from algorithmic curation systems to the
general understanding of algorithmic systems.
The lay participants’ understanding in our sample was character-

ized by an emphasis on user data and the output of the data.
Concerning the questions of how data are processed and how it
arrives at a decision, lay participants expressed uncertainty
(e.g., L3: “I don’t know exactly how algorithms work.”), but still
had some elaborated beliefs about the algorithmic model. This
difference was also visible in some drawings, for instance, in the
drawing of L3 compared to the drawing of E1 (Figure 1). L3 left out
the algorithmic model and only illustrated his data input (in this case,
a tree). In this regard, it is interesting to note that six lay participants
mentioned the necessary technical devices for algorithmic systems
(server, PC). Expert participants typically abstractly described
algorithms without mentioning any devices.

Experts’ Theme: Algorithms as a Decision-Making

Process

The analysis by the first author demonstrated that expert parti-
cipants viewed algorithms as a decision-making process: They
described that algorithmic systems are used to solve a predefined
problem. The problem was understood as the task an algorithm has
to fulfill. The task, in turn, determines all important elements of the
algorithmic system, including the necessary data, the algorithmic

model, and the output of the algorithms. Therefore, algorithms are
constructed and understood as a tool that “just does statistics” (E8).
As such, they can (and should) be maintained for other software
developers: “The algorithm should be clean and understandable.
[ : : : ] This makes it easy to extend its functionality. (E5)”

Thus, our expert participants viewed algorithms as strongly context
dependent, that is, dependent on the task at hand: The problem at hand
needs to be translated into manageable steps, frequently described as
the algorithm’s logic. In other words, the decision-making process
needs to be translated into a language that is appropriate to a
computer. Thus, using certain data inputs reflects the solution of a
problem. Data inputs were seen to be proxies for complex solutions
that needed human interpretation. They were not directly understand-
able to the computer. E5 explained the logic in this way:

Logic is the abstract term for my problem-solving. You think of an
approach of how to solve this problem [ : : : ] I ask myself, “okay, does
the user have a certain preference? [ : : : ] The logic would be, for
instance, to compare which movies I watched before, which ones I
watched until the end, which ratings I gave the movie, how long I have
read the message. Things like that. There are many things that flow into
this. They reflect how much interest I had.

As there is a solution to the problem, the algorithmic system’s
performance can be assessed through a benchmark. Therefore, many
expert participants described the efficiency and runtime of an
algorithm as important characteristics.

Finally, algorithms could also exist within algorithms, a perspec-
tive that was unique to the expert participants in our study. They
were able to describe which processes occur within the black box of
the algorithmic model, which was not surprising given their
technical background. For example, the drawing of E11 showed
an image recognition algorithm (Figure 2). The participant first
described algorithmic systems and drew the general model of input,

Figure 1

Drawing of P3 and E1

Note. (a) L3 expressed an individual view on algorithms showing the data
input (liking a tree”) and the data output (recommendation of a tree 2 days
later on his device). (b) E1 had a structural view on algorithms expressing
different elements including raw data, structured data, ML model, quality,
and goal of algorithms and their relationships among each other.
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algorithmic model, output. Then, he explained the algorithmic
model in detail by drawing a decision tree. Finally, each of the
decisions in the tree was explained as comparisons of pixels within
an image. While these elements were seen as one algorithm, still
each element itself was also seen as an algorithm. This highlighted
the nested aspects of algorithms.

Lay Users’ Theme 1: Algorithms as Autonomous

Intelligence

According to the first author’s interpretation, our lay participants
associated the term algorithm strongly with (artificial) intelligence
that acts independently and thinks on its own. Thus, the thematic
analysis revealed that an algorithmic system’s inner working was
perceived as similar to a human mind’s inner working.

I believe that algorithms are programmed to operate autonomously in
the long run. And then just recognize behavior and patterns to predict
what humans are interested in. In which direction this [the interest]
might go to. I think for this, there is artificial intelligence behind it. (L5)

How they work? I believe it is like with us [humans]. If we get to know
somebody better, then we will have a more detailed impression of this
person. It is like the famous rose-colored glasses if you have a crush on
someone. Then you can have a wrong impression of this person that
does not represent reality. And I think this is the same for an algorithm.
It also learns more over time. This information can be wrong, and the
impression of a person can be wrong. (L7)

The analysis by the first author demonstrated that these intelligent
algorithms exhibited human characteristics, such as being able to
learn on their own, “Yes, of course, it can develop itself on its own
through the PC.” (L4). It can follow “a human pattern” (L4). This
was also evident in the drawing of L8, which compared algorithmic
systems with a little child’s mind. Thus, algorithmic learning and
reasoning were perceived to be equivalent to human learning and
reasoning (Figure 3). The algorithmic autonomy and intelligence

were seen as potentially dangerous. Lay participants perceived
algorithmic systems as opaque, and thus, as uncontrollable
and scary.

You always hear that this algorithm or the other algorithm did some-
thing for me. This is, for me, as a layperson, very non-transparent. You
always have the feeling that algorithms act on their own. You, as a
layperson, cannot influence how it works. This is also scary. (L4)

While the lay participants of our study perceived the algorithms as
nontransparent, they believed that they themselves were quite
transparent to the algorithm. Thus, transparency was seen as a
one-way street:

I find it scary how much algorithms already know about me. For
example, when you use social media, everything is tracked and saved
and processed. I have been eleven years on Facebook. There must be a
lot of information about me. (L1)

Thus, many of them pointed out that experts are necessary to
understand algorithms. Algorithms were perceived as something
complex, “Clearly, you need expert knowledge for this.” (L6).
Given this black-box perception, it was unsurprising that many
lay participants pointed out the societal impacts of algorithmic
systems, such as data economy, specifically the sales of their
personal data to third parties and exploitation of their data, but
also the risks of political control through algorithmic systems. Thus,
these systems were perceived as driven by economic interests and
potentially harmful. “From [my] information, social media compa-
nies, but also others, make a lot of money. It is already known that
much information gathered by algorithms are sold.” (L1)

L8 further explained that algorithmic news curation was not
merely a commercial matter. He explained how filter bubbles posed
intentional social control through suggestion and manipulation.

Figure 2

Drawing of E11 Illustrating Nested Algorithms

Figure 3

Drawing of L8 Illustrating Algorithmic Learning as Human

Learning
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You get chosen sources and media which reflect [your interest]. Thus, a
bubble solution. So, you are only in the same area. For example,
conspiracy theories of the coronavirus. It is an attempt for social and
even political control. [ : : : ] Who is using this for which purpose? For
the consumer, the user, it is non-transparent. And it is apparently the
way it should be.

Lay Users’ Theme 2: Algorithms as Data Structuring

A second lay users’ theme identified in our sample was the
understanding of algorithms as data structuring processes. In this
theme, algorithms were grounded in data or developed from data.

These are [data] resources that are gathered about me, and these are
[data] resources about all others. From this, the algorithms are
made. (L4)

Algorithms are some sort of data sets, which are saved and automated so
that I can see a lot of content which is interesting. Generally, [algo-
rithms] are data sets that can recognize what is relevant for me. And later
can present it [to me]. (L3)

Thus, according to the first author’s interpretation the term
“algorithm” was perceived as equivalent to structuring the data
to reveal certain patterns within the data, “You put an algorithm “on
the data” to make something visible” (L6). As such, in this theme,
algorithmic curation systems were often associated with data col-
lection and analysis processes, including data filtering, saving, and
systematization. This understanding was possibly driven by con-
cepts from machine learning techniques in which features are
extracted from a given training set.
In addition, other ideas discussed in this theme were related to

user-collaborative filtering, as L4 described: “It [the algorithm] gets
it [the data] from users who have the same interest. If my data is
missing, then they will be complemented by other users.” For him,
this comparison of data was the central process for his understanding
of algorithmic systems. Based on similar interests, users are grouped
into profiles or schemas, for example, L4: “I think I will probably be
put in a user group so that they can send me advertisements..”

A Common Theme: Algorithms as Sequences of Actions

Reflexive thematic analysis by the first author revealed a common
theme that was shared by our expert and lay users. This theme was
characterized by two attributes: structural & systemic. Participants
expressed a holistic view of the algorithmic systems, typically
consisting of three elements: input, model, and output (Figure 4).
Seventeen participants who expressed this type of view adhered to
this basic structure. Three of them had nuances, including feedback
loops or evaluation processes of the data.

I understand algorithms as a pre-defined and procedural set of sequences
that can be programmed; they can fulfill a certain task. [ : : : ] Somebody
has determined before how it works. (L10)

Our expert and lay participants viewed algorithms as a step-by-
step workflow that one algorithm follows. Following this idea, both
groups expressed that algorithms are built to pursue a certain goal.
“Yes, so, whenever we want to build an algorithm, we, of course,
have to think about what it should do and on which data it should run
on.” (E7)
As such, the analysis by the first author showed that algorithms

were viewed as neutral tools that software developers build.

Understanding algorithms as a sequence of actions further implied
that participants distinguished between theory and implementation.
While the theoretical level was associated with mathematics,
implementation of the algorithms implied more practical consid-
erations, such as cost efficiency and customer satisfaction. “Algo-
rithms are essentially mathematical functions. Just maths in
beginner code. A bit exemplified and translated language that
humans can understand. They are just very long mathematical
functions.” (L11)

There are algorithms that you cannot implement that well. [ : : : ]
Sometimes, the theory helps you to decide. This is possible, and this
is not possible. Then we have efficiency. When I see an algorithm, I ask
[ : : : ] howwell does it perform?How fast does it do it?Most of the time,
we consider the pace. How long does the PC need to finish it? (E11)

Our participants mentioned a variety of algorithmic tasks, includ-
ing predictions, categorization, recognition of patterns. Participants
were aware that these sequences work with data as they understood
algorithms as sequences of actions. Thus, they were clearly distin-
guishing between algorithms and data. E12 pointed out that algo-
rithms can be described as recipes, stating that algorithms were
overestimated in the complexity.

When I used [the term] “algorithm,” then it’s usually among non-
computer scientists. [ : : : ] I usually associate with something that is
simpler than you think. Like a recipe which is executed by a computer.
[ : : : ] I feel when talking to non-computer scientists that looking at an
algorithm for the first time or understanding it might be intimidating.
[ : : : ] Yes, but if you look at the single pieces, step-by-step, then you can
easily recognize that they are just a lot of small systems that were
brought into one concept.

Figure 4

Drawing by L10 Expressing Overarching Structure Consisting of

Three Elements: Data Input, Algorithmic Model, and Output
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Summary

Reflexive thematic analysis revealed to the first author that
experts and lay users in our sample shared an understanding of
algorithms as sequences of actions that consist of input, algorithmic
model, and output. Expert participants expressed a more abstract
view on algorithms, understanding them as tools used for context-
specific tasks. According to the first author’s interpretation, this
abstract understanding of algorithms allowed them to specify them
for a different context. Hence, for the experts that were recruited in
this study, algorithms are rather ways of thinking about a certain
problem and translating them into a system to solve a certain task.
In other words, they understood algorithms as a decision-making
process which can be considered as an abstraction of the common
theme (Figure 5).
In contrast to this, lay participants of this sample adhered to more

visible and tangible elements, such as their user input and the output,
and also physical devices (PC, server), neglecting the algorithmic
model, that is, how the user data are specifically processed. Further-
more, they humanized algorithms ascribing them human-like fea-
tures, such as intelligence. Thus, they lacked the awareness of the
context dependency of algorithms. We argue that the lay users’
understanding that was identified in this study can be considered as a
simplification of the common theme.

Discussion

This study had two aims: (a) comparing the expert and lay users’
understanding in order to identify the knowledge gap between these
groups and (b) addressing implications for explanations that are
informed by the lay user understanding. We first discuss the
knowledge gaps between the groups and then the implications
for explanations.
Both groups exhibited a structural understanding of algorithms

consisting of the input, algorithmic model, and output. Nevertheless,
within this understanding, the lay users in our sample did not exhibit
an abstract understanding of the algorithmic model. Instead, they
focused on visible and tangible elements of algorithms. This

confirms previous results that have shown that experts’ mental
models are abstract and structural, while lay users’ mental models
tend to rely on visible elements (Hmelo-Silver & Pfeffer, 2004;
Rouse & Morris, 1986). In the context of algorithms, the lack of
abstract understanding indicates that lay users had a narrower view
of algorithmic curation. They were less aware of their context
dependency than experts. In other words, lay users were not aware
that algorithms work differently depending on the task and goal in a
given domain. This might be the reason why some lay users view
them as being autonomous, intelligent, and data structuring.

The understanding of algorithms as an autonomous intelligence

seemingly stems from media discussions on artificial intelligence
(e.g., L3 specifically referred to the movie “I, Robot”), including
societal consequences. Thus, the lay users’ themes go beyond the
mental model and folk theories of how an algorithmic system works
and a mere instrumental perception (i.e., viewing algorithmic cura-
tion as a tool). Our results add to the notion of algorithmic imagi-
nary, which encompasses affective consequences of algorithms
(Bucher, 2017). The lay users’ themes include aspects of algorithmic
experiences such as data economy, privacy issues, and political
control. Here, participants mostly experienced algorithms as a
threat.

The theme of algorithms as data structuring focuses on machine
learning concepts, that is, extracting patterns from data, neglecting
that algorithmic curation systems also entail less sophisticated
processes, such as data sorting. Like the other lay user theme,
this theme incorporated tangible elements, that is, the data input and
output. While the data input might not be visible, it is evident to
many lay users that it stems from what they disclose to algorithmic
systems, that is, what they like on social media or buy on
e-commerce platforms. In this regard, our findings were similar
to Kang et al. (2015). This form of understanding can be character-
ized as “simple and service-oriented” (p. 43).

The differences between experts and lay users of our study could
be explained through the different motivations and purposes of each
group to come in contact with algorithms. Algorithms can be
described as experience technologies. As such, they are understood
through use and interaction (Cotter & Reisdorf, 2020). Thus, most
likely, our participants’ verbal and visual reflections of algorithms
were influenced by their algorithms’ use. Here, in our sample, the
experts mostly develop and study algorithms, and therefore, have a
technical and task-oriented understanding of algorithms. Therefore,
it seems that experts might develop awareness and understanding of
the context dependency of algorithms. On the contrary, the majority
of lay users experience algorithms when they use services. This
means that lay users typically experience mostly the data input for
algorithms, specifically what they are aware of disclosing to a
system, and their results (e.g., personalized news feed). Outside
this service, lay users primarily learn about algorithms in the media
which include discussions about societal risks of algorithms. Thus,
societal risks of algorithms were more frequently mentioned by lay
users than experts.

Against the background of experience technologies, we would
expect some differences in the lay users’ understanding in the
context of other algorithms, for instance, recommender systems
(e.g., movie or music recommender). For them, we assume to find a
similar service-oriented theme, in which algorithms are seen as data
structuring entities.

Figure 5

Experts’ and Lay Users’ Theme Can Be Interpreted as Abstraction

and Simplification of the Common Theme
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All in all, our results show that the knowledge gap between
experts and lay users mainly lies in the level of abstraction of their
understanding. Thus, our experts were more aware of the context
dependency of algorithms than our lay users. Lay users focused on
more visible and tangible elements and viewed them as (a) an entity
with human characteristics or (b) as a data-related process. There-
fore, to address this fundamental knowledge gap, we suggest raising
awareness of the context dependency of algorithms. We suggest that
the task and goal of algorithms need to be emphasized. As a
consequence, algorithms need to justify why certain user data are
processed.

Creating User-Informed Explanations

Researchers have demanded an alignment of system developers’
and experts’ conceptual models and users’ mental models to
increase system transparency (Eiband et al., 2018; Norman, 1983).
Against this background, we conclude two implications for user-
informed explanations.
First, explanations can rely on preexisting user knowledge incor-

porated in the common theme and could be composed of the
overarching structure of the input, algorithmic model, and output.
In this context, input explanations could entail the data used from the
users, including personal data and external aggregated data from
other platforms. To explain the algorithmic model, explanations
could aim to frame the model as an abstraction, that is, explaining
the algorithmic model as a decision-making process. This category is
also known as how-explanations in the literature (Friedrich &
Zanker, 2011; Rader et al., 2018). Our results show that its
context-dependency characterized experts’ understanding of algo-
rithms. This aspect was neglected in the lay user understanding of our
sample. We assume that creating explanations that describe the step
that a model takes to come to a certain output and emphasize the
context dependency of themodel might fill a knowledge gap between
experts and lay users. However, we note that this needs to be
addressed in future studies that test the impact of such an explanation
on the user understanding. Finally, concerning algorithmic systems’
output, system designers might want to keep in mind that lay users
were aware of the output’s visible aspects. If lay users should be
informed about output elements that are not directly visible (on the
user interface), we suggest making this explicit to lay users.
Second, the lay user understanding in our study was characterized

by humanization, that is, equalizing algorithmic systems’ capabili-
ties with human intelligence. Inherently human characteristics, such
as autonomy and recognition, were ascribed to algorithmic systems
leading to skeptical attitudes toward these systems’ societal impact.
At the same time, lay users’ understanding did incorporate some
technical knowledge on machine learning techniques (pattern rec-
ognition in training data). As some experts in our interviews have
pointed out, this is an overestimation of algorithmic capabilities. The
fundamental difference between algorithmic autonomy and reason-
ing and human autonomy and reasoning should be contrasted in
explanations. Such explanations should underline the limitations of
algorithmic systems.

Limitation and Future Work

While we acquired a diverse sample of experts from different
computer science and related fields, our lay user sample was, on

average, well educated and rather young.Wewere only able to reach
participants who were proficient in using online tools. Thus, we
assumed that our lay users’ sample was, at least to a certain extent,
interested in technology. For future work, we suggest investigating
lay users who are unfamiliar with algorithmic systems, that is, do not
use online tools regularly and might be rather skeptical toward them.
Here, we could assume that these users might tend to oversimply
algorithms.

Additionally, we note that these qualitative results were analyzed
and interpreted by the first author. They need to be replicated in
larger, and possibly representative, studies to make generalizable
assumptions about populations. For this, we suggest including
measures of the abstraction level of knowledge, the knowledge
of contextdependency, and the level of humanization to characterize
the user understanding in large samples.

One follow-up question that this work raises is: “How effective
are user-informed explanations in increasing the actual user under-
standing of algorithmic curation systems?.”While this question was
outside of our scope, we suggest addressing this question through
experimental user studies using user-informed versus non-user-
informed explanations as conditions. In this regard, it would be
interesting to study the effect of user-informed explanations on user
experience measures (e.g., satisfaction, perceived ease of use), trust,
and transparency.

Finally, the scope of our work was to characterize the user
understanding of algorithmic systems. We did not investigate
how this understanding is related to the interaction with these
systems. Future research could investigate the role of understanding
on behavior, such as privacy protection behavior, or other measures,
such as trust or acceptance of systems’ decision. Here, we speculate
that lay users who adhere to algorithms’ theme as intelligence might
be more skeptical toward algorithmic systems.

Conclusion

Explanations to increase algorithmic transparency are predomi-
nantly informed by the system properties. Thus, they are not
informed by the lay users’ preexisting knowledge of the system.
However, to ensure that explanations are understood accurately, it is
necessary to tailor them to the users’ knowledge. In this work, we
compared experts’ and lay users’ understanding of algorithmic
systems to reveal the knowledge gaps and misconceptions on
algorithmic systems. While there is a common ground between
these two groups, experts in our study exhibited an abstraction of
this common theme while our sampled lay users simplified it. To
overcome the knowledge gaps, a possible explanation could empha-
size the context dependency of algorithmic systems and their
application as a tool. Furthermore, the capabilities and limits of
these systems should be highlighted to avoid overestimation
of them.
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