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In the last two decades technology companies engaging in surveillance capitalism (gathering data, 

creating predictive products, implementing behavioural modification) have reaped exorbitant profits. 

Using big data and machine learning algorithmic recommender systems are able to accurately predict 

future behaviour of users. However, other aspects than accuracy should be considered for the success 

of such systems. From a company perspective, Netflix has been successfully engaging in surveillance 

capitalism in video streaming. Claiming to be a user-centric company, personalised recommendations 

are the basis of Netflix’s success, while it ventures into new strategic directions with original content. 

Using the technology acceptance model to adopt a user-perspective, this paper examines the utility 

of users of the Netflix recommender system. The effects of transparency and curation as features of 

the Netflix platform together with user’s level of trust towards the system are examined for their 

impact on the perceived usefulness and ease of use of the recommender system, in order to determine 

user’s behavioural intent to use the system and actual system usage. Additionally, the potential effects 

of user interaction as a potential future feature are explored. Using structural equation modelling on 

data collected from survey respondents, the paper finds that curation and trust in fact impact 

behavioural intent and usage while transparency fails to impact perceived factors. User interaction 

does not significantly improve the utility of users. The outcome suggests that Netflix should focus on 

curation and trust-building features as differentiating characteristics of their platform to sustain 

competitive advantage. 
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Nas últimas duas décadas, as empresas tecnológicas envolvidas no capitalismo de vigilância têm 

colhido lucros exorbitantes. Utilizando grandes sistemas de recomendação de dados e algoritmos de 

aprendizagem de máquinas, são capazes de prever com precisão o comportamento futuro dos 

utilizadores. Outros aspectos para além da precisão devem ser considerados para o sucesso de tais 

sistemas. Do ponto de vista da empresa, a Netflix tem vindo a envolver-se com sucesso no capitalismo 

de vigilância em vídeo streaming. Utilizando o modelo de aceitação de tecnologia para adoptar um 

utilizador-perspectivo, este documento examina a utilidade dos utilizadores do sistema de 

recomendações da Netflix. Os efeitos da transparência e curadoria como características da plataforma 

Netflix, juntamente com o nível de confiança dos utilizadores no sistema, são examinados quanto ao 

seu impacto na percepção da utilidade e facilidade de utilização do sistema de recomendação, a fim 

de determinar a intenção comportamental do utilizador de utilizar o sistema e a utilização real do 

sistema. São explorados os efeitos potenciais da interacção do utilizador como uma potencial 

característica futura. Utilizando modelos de equações estruturais sobre dados recolhidos dos 

inquiridos, o documento conclui que a cura e a confiança têm de facto impacto na intenção 

comportamental e na utilização, enquanto a transparência não tem impacto nos factores percebidos. 

A interacção dos utilizadores não melhora significativamente a utilidade dos utilizadores. O resultado 

sugere que o Netflix deveria concentrar-se nas características de cura e de construção de confiança 

como características diferenciadoras da sua plataforma para sustentar a vantagem competitiva. 
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1. Introduction 

In 2006 the mathematician Clive Humby allegedly coined the phrase “data is the new oil” 

(Flender 2019). The same year the then-DVD rental company Netflix announced a USD 1 m 

prize for a video recommendation algorithm that would be able to outperform the company’s 

own. In 2007 the company debuted its online video streaming service and has since then 

transformed its main business model from DVD rental to on-demand streaming (Iqbal 2021). 

Since 2006 Humby’s phrase has trickled down from technology-focused media outlets 

describing the profit opportunities of data (Toonders 2014) to mainstream media discussing 

regulation (“The world’s most valuable resource” 2017)1 to policy briefings of the European 

institutions (Szczepański 2020). According to the Economist (2017) Google’s parent company 

Alphabet, Amazon, Apple, Facebook, and Microsoft reaped profits of USD 25 bn. in the first 

quarter of 2017 alone. Soshana Zuboff named these business models with data at its foundations 

surveillance capitalism. Initially developed by Google and subsequently pursued by Facebook, 

Amazon, and also Netflix it involves acquiring behavioural surplus (data generated as by-

product of human-system interaction), the creation of predictive products, and the 

implementation of behavioural modification. Using machine learning, consumption behaviours 

are forecasted (Cuéllar & Huq 2020). Technology companies are feeding the collected data into 

probabilistic models and algorithms to predict future thoughts, feelings and acts of users, and 

recommend products and services. Recommender systems (RS) modify (or at least influence) 

the behaviour of users by presenting them with certain links and websites rather than others 

(Google), filtering content and advertisements on their feed (Facebook), suggesting some 

products over others (Amazon), or by recommending which movie one would enjoy watching 

(Netflix). Academic research has mostly considered recommender systems through an  

information systems perspective, either by classifying the RS according to the algorithms used 

or on the basis of the recommendation (user or recommended product/service), such as in Hand 

et al. (2001). Other technical papers have focused on accuracy of recommender systems as 

primary success metric (e.g., Herlocker et al. 2004; Adomavicius & Tuzhilin 2005). 

Scholars such as Gorgoglione et al. (2019) have called for research that puts business-

performance as the outcome of RS performance at the centre. RS are after all merely tools in 

 
1 The cover story of the May 6th 2017 edition of the Economist (which does not state the names of its authors for 
individual articles) was The world’s most valuable resource is no longer oil, but data, showing a number of off-
shore oil drilling platforms with the logos of large technology companies mounted on them. 
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the overall busines model of surveillance capitalist companies. A number of authors (e.g., Pu 

& Chen 2010; Knijnenburg et al. 2012; Pu et al. 2012; Cremonesi et al. 2013) suggest to 

consider user-centric key-performance indicators (KPIs) that should be inherent in RS features. 

As users are becoming increasingly aware that companies are collecting data on them with or 

without their explicit consent, trust in systems develops into a central issue and source of 

customer loyalty (towards trustworthy systems). System characteristics such as transparency 

and curation are aimed at building trust and user friendliness. 

As many technology companies, Netflix claims to be user-centric. The data of the customer 

speaks for itself and that it does so more objectively than the opinion of a manager or CEO. 

Having entered the on-demand streaming business in 2007, Netflix quickly established 

personalised recommendations as its USP. At the beginning of 2021, Netflix had approximately 

200 m users worldwide (Amazon Prime Video coming second with 150 m) and accounted for 

34% of streaming minutes in the US (the country with the most Netflix users). In 2013 Netflix 

yet again changed its strategic course of action by placing an increased emphasis on original 

content for the coming years. Netflix originals such as House of Cards, Orange is the New 

Black, Stranger Things, The Crown or Ozark have been celebrated as successes, both 

commercially and in terms of critical acclaim (Iqbal 2021). Additionally, these in-house 

productions are more expensive than traditional series produced for TV, with The Crown 

leading the ranking of Netflix’s most expensive shows. At the same time the competition is 

seeking to gain a foothold in the market. Streaming services such as Amazon Prime Video, 

Disney+ and Apple TV+ are trying to differentiate based on pricing, technological features or 

their own original content (Seale 2019). Netflix’s investors demand appropriate returns for such 

capital expenditures. According to Lopez et al. (2010), when applying RS commercially 

correctly (that is in a user-centric approach) the utility of users should go up and usage should 

increase. This should lead to positive corporate financial KPIs. 

However, given the strategic shift from personalisation to original content and increased 

investment into the latter, naturally the question arises whether the personalisation RS of Netflix 

still in fact creates customer utility and whether that is translated into added value for the 

company. Thus, the purpose of this paper is to investigate the functionality of the Netflix RS 

from a user-centric perspective. To do that it utilises the technology acceptance model (TAM) 

proposed by Davis et al. (1986). In doing so it does not only examine whether the RS creates 

utility for users and the company, but also sheds light on what features of the Netflix RS induce 

acceptance of the technology, leading to utility. Furthermore, in an approach to anticipate future 
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strategic choices of the company given the features of competing RS, the paper attempts to 

identify if adding user interaction as new feature leads to increased utility. Hence, the following 

research questions are formulated: 

RQ1: Does the acceptance of the Netflix recommender system lead to increased utility 

for customers in the form of usage and for the company in the form of revenues and 

profits? 

RQ2: What features of the Netflix recommender system are the determinants of customer 

utility? 

RQ3: Can customer utility be increased by extending the Netflix recommender system 

with user interaction features? 

The findings of the paper indicate that in fact the Netflix RS creates customer utility in the form 

of increased usage and translates into financial success for the company and its shareholders.  

Trust and curation are found to be determinants of customer utility while transparency features 

partially lack the full impact that Netflix intends. User interaction was not found to improve 

customer utility. 

The paper adds to the existing literature on recommender systems by adopting a user-centric 

view and applying the technology acceptance model to the specific case of Netflix, a company 

previously at the forefront of generating customer utility and company value through 

recommender algorithms. On an academic level, the research advances the understanding of 

what features of recommender technology lead to technology acceptance and customer utility 

and whether a strategic shift affects customer utility through perceiving system characteristics 

differently. Through the analysis of a specific company, the findings of the paper provide 

insights for both Netflix and other streaming providers how to leverage technology acceptance 

of recommender systems to generate sustained business value and what strategic directions to 

follow in the future under consideration of the competitive dynamics.  

The paper is structured as follows: Section 2 reviews the relevant literature on recommender 

systems and the technology acceptance model. Section 3 outlines the conceptual model, the 

constructs, and hypothesised relationships along with the survey design for collecting sample 

data. Section 4 details the data analysis including relevant testing of the measurement model 

and structural equation modelling of the hypothesised relationships in the structural model. 

Section 5 provides concluding remarks by revisiting the research questions, addressing the 

limitations of the paper, and offering suggestions for possible extensions. 
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2. Literature review 

2.1 Recommender systems 

The following section reviews the academic literature on recommender systems. A substantial 

part of the research originates from the information systems sphere, given the algorithmic nature 

of RS. Nevertheless, it is important to highlight their key technological features and their central 

statistical measure of quality, accuracy. The paper also sheds light on alternative quality 

measures proposed by authors. These more user-centric measures are also found to be central 

elements of the specific Netflix RS, as Netflix prides itself to be a user-centric company. Hence, 

the technological specifics of the Netflix RS, are suggested to be determinants of customer 

utility and usage.x 

 

2.1.1 Taxonomy and definitions 

According to Resnick and Varian (1997 p.56) “recommendation systems assist and augment 

the natural social process” of seeking support to make a decision, e.g., when choosing a book 

based on the suggestions of a professional or a friend. Schafer et al. (2001) note the evolvement 

of RS as a consequence to the frustration of users created by information and choice overload  

caused by the increased production of data. A number of scholars have provided definitions for 

RS. Stohr and Viswanathan (1998) suggest that RS provide decision support by offering 

insights about relative payoffs of different courses of action. Burke (2002) describes the purpose 

of RS as personalised guidance for users to find interesting or useful objects among a wide 

range of options. Meteren and van Someren (2000) touch upon the algorithmic nature of RS, 

identifying the process as classification task. The authors distinguish between explicit systems, 

where users have to express or rate their choices explicitly to receive future recommendations, 

and implicit systems, that monitor user actions and infer preferences (ibid). The need for users 

to actively engage with the system may reduce its ease of use, while reluctancy to provide 

information leads to diminished accuracy (Liang et al. 2007). RS can further be classified 

according to the basis of the recommendation as proposed by Hand et al. (2001) into non-

personalised recommendations (NP), collaborative filtering (CF), content-based (CB) RS or 

hybrid RS. NP RS provide the same recommendations to every user, based on average ratings 

or listed reviews of products (Poriya et al. 2014). CB RS suggest items similar to ones used 

before by the user, by creating features and attributes and matching them to user profiles, 

recommending the closest matches. CB RS face the issue of overspecialization by 



 5 

recommending items similar to what the user had already enjoyed, thus lacking the possibility 

of recommending serendipitous finds (Schafer et al. 2007). In contrast, CF collects large 

quantities of behavioural data from different users and predicts preferences of new items based 

on the relationship between users and items grounded in feedback implicitly or explicitly given 

on previous items by similar users. CF suffers from cold start (CS) for new users and new items, 

due to the large number of historical data points required to base the recommendation on which 

new users and items lack. Hybrid models combine all approaches (Wei et al. 2017). Sridevi et 

al. (2016) survey previous literature on RS and provide a classification that goes beyond that of 

Hand et al. (2001). The authors find literature on multi-criteria RS (incorporating other 

preferences than purely accuracy, as the next section shows) and on knowledge-based systems 

(KBS). KBS provide complex recommendations for changing user preferences depending on 

time and context, noting the necessity of feedback loops between users and system (Sridevi et 

al. 2016). 

 

2.1.2 Quality measures of recommender systems 

Different authors (Gorgoglione et al. 2019; Pu et al. 2012) have noted that literature on RS is 

largely focused on machine-learning performance (Herlocker et al. 2004; Adomavicius & 

Tuzhilin 2005), measured by accuracy. While accuracy is the primary performance metric of 

RS and is suggested to lead to customer value creation and loyalty (Lopez et al. 2010), other 

have argued that maximizing this metric alone is not enough to satisfy diverse user demands, 

or generate sustained product sales (McNee et al. 2006). Gorgoglione et al. (2019) reinforce the 

need for business-performance-centric research, as ultimately RS are means for companies to 

provide added value to customers and thus generate competitive advantage through 

differentiation. A number of studies have proposed to complement or even replace accuracy as 

a performance metric in RS with qualitative measures, such as diversity (Zhang et al. 2012, 

Soares & Viana 2017, Li et al. 2020), serendipity (Maccatrozzo 2012, Zhang et al. 2012), 

novelty (Zhang et al. 2012), and customer satisfaction (Li et al. 2020). Maccatrozzo (2012) 

notes issues of overspecialisation as a way to avoid choice overload, proposing serendipity as 

an alternative performance measure. Zhang et al. (2012) present a RS for music streaming 

incorporating diversity, serendipity, and novelty at the expense of reduced accuracy. Kunaver 

and Požrl (2017) provide a survey on existing literature of diversity in RS and underline the 

lack of consensus and appropriate measures for diversity, suggesting that often an objective 

definition is missing and is instead replaced by a subjective understanding of users. Li et al. 
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(2020) propose adding diversity as a driver of customer satisfaction based on the expectancy 

disconfirmation theory (EDT) by Oliver (1977), measuring expectations against actual service 

quality. They suggest that high accuracy will lead to high customer satisfaction through 

matching expectations and actual results, that however over time become repeated and thus 

decrease customer satisfaction, thereby requiring diversity to increase the probability of 

intention to use.  

 

2.1.3 User centricity as goal objective of recommender systems 

A number of scholars (e.g., Pu & Chen 2010; Knijnenburg et al. 2012; Pu et al. 2012; Cremonesi 

et al. 2013) advocate for the inclusion of user-centric criteria in the evaluation of RS quality. 

Pu et al. (2012) survey a series of papers that establish a relationship between transparency, 

control and privacy and trust in RS, as well as ease of user-system interaction. Pu and Chen 

(2010) argue for quality measures from the user’s perspective, suggesting an ex-post evaluation 

of systems by looking at behavioural intentions to adopt the system or refer it to friends, 

depending on how useful users found the system. Sitar-Taut et al. (2012) define perceived trust 

as well as data security and privacy as key features of RS user-centricity. Pu et al. (2012) suggest 

an accuracy-ease of use trade-off when trying to maximise intention to use and user utility. The 

accuracy of the system must be good enough to be worth the cognitive effort (and thus relatively 

easy to use) in order to suggest high perceived customer utility and thus willingness to use. 

Knijnenburg et al. (2012) incorporate experience into the technology acceptance model (TAM) 

framework by Davis (1986) to examine how and why user experience in RS is created. Such 

personal dispositions are present already in Stohr and Viswanathan (1998). They remark that 

concerns about trust, validity, privacy, risk, and performance affect the acceptance of RS. The 

following section examines the adoption of user-centricity in the RS of Netflix. 

 

2.1.4 Applications of recommender systems at Netflix 

Former director of research and engineering at Netflix, Xavier Amatriain (2013) published a 

paper outlining the key features of the Netflix RS, explaining that the filtered content is 

presented in an order corresponding to the predicted rank. Highest ranked content is predicted 

to bring users the most enjoyment (utility). Ranking is a two-dimensional function between 

popularity (users like what other users like but this alone does not represent personalisation) 

and predicted personal ratings (despite observed fuzziness in user ratings) of content (depicted 
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in Fig. 1). This provides the foundation of Netflix RS, while other algorithmic features have led 

to a substantial improvement in accuracy compared to non-personalised recommendations 

purely based on popularity, as depicted in Fig. 2. 

 

Fig. 1: Netflix two-dimensional ranking function based on popularity and predicted ratings 

(Amatriain 2013) 

 

 

Fig. 2: Performance of Netflix RS when adding features (Amatriain 2013) 

 

 

Amatriain (2013) notes the importance of transparency for users in explaining why content was 

recommended, promoting trust in RS as well as encouraging explicit user feedback (e.g. through 

indicating thumbs up or down on the platform) leading to better recommendations. Conversely, 

Varela and Kaun (2019) remark, that while most users of Netflix are aware of RS logic (at least 

to some extent), the advantages of it are expected but not proactively contributed to. Users 

rarely use the rating feature on the platform but rather rate and review content off-platform 

(e.g., by posting trailers in social media, rating content on websites such as IMDb, talking to 

their friends, etc.). This creates dissonance between Netflix and users, as the platform may 

provide recommendations based on incomplete and biased information and users expectations 
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towards the personalisation features of Netflix are not met. According to Amatriain (2013) 

Netflix continuously tries to counterbalance this by supplementing user data with 3 rd party 

sources (such as Facebook profile information of users and their friends through using a 

Facebook account as login credentials on the Netflix platform or enabling the sharing of Netflix 

content on social media platforms). However, this implicit feedback gathering is not nearly as 

transparent as the basic recommendation logic explained in Fig. 1, and thus perceived as less 

trustworthy, demonstrating the need for more explicit feedback gathering, such as through on-

platform user-to-user interaction. Gomez-Uribe and Hunt (2015) explain that Netflix uses 

certain transparent labels for curating the content based on predictions. The trending now 

category proposes content on temporal trends, including seasonally recurring ones such as 

movies for Valentine’s Day or Christmas, and on-off trends, such as natural disasters (where an 

increased watching of documentaries can be observed). Because you watched yields content 

based on similarity to previously watched videos, a CB-feature. Continue watching includes 

previously unfinished content, ranked by likelihood of resuming. According to Iqbal (2021) 

curation features are the third most important reason for users to choose Netflix (the other to 

being related to content and social pressure). The top 10 ranker displays movies that the user is 

most likely to watch based on the overall prediction of the platform. This feature is not very 

transparent as users could confuse it with a non-personalised top 10 ranking among users on 

average. Overall, Netflix attempts to create a certain level of perceived transparency for its users 

through labelling on the interface. However, users may not fully understand or even 

misunderstand them. System transparency is not an objective measure but a subjective one that 

Netflix needs to balance as it may inversely affect the perceived usefulness and ease of use of 

the RS.  

Gorgoglione et al. (2019) observe a number of user-centric characteristics in Netflix’s RS. Each 

row of content recommendations (curated by grouping in different genres) is optimised for 

relevance and diversity. Additionally, user-experience is optimised based on personalised 

interfaces (e.g., the labels advertising content adapt based on what mood the user is predicted 

to be in, such as romantic or thrill-seeking). These user-centric quality measures are aimed at 

maximising the business objective of user retention, though helping users find engaging content 

in a very short period of time, increasing usefulness (Gomez-Uribe & Hunt 2015). They further 

note the correlation of revenue maximisation and maximising customer value. This implies that 

the Netflix’s goal of maximising customer utility also boosts company utility (Maryanchyk 

2008). Netflix uses different hybrid RS, depending on if it is a new user one on a free trial or 
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an experienced user. The RS dealing with new and inexperienced users aims to minimize the 

problem of cold start and provide recommendations as accurate and diverse as possible using 

ratings from others (CF). In order to do that Netflix also offer a play something feature which 

immediately plays something with a high predicted ranking, without giving any further 

transparent information on why that title was selected. This feature may be of limited usefulness 

to users (especially to new users who are more used to following recommendations of real 

humans and might be sceptical of such systems). However, it is relatively easy to use and the 

serendipitous selection, if enjoyed by the users, will lead to increased trust in the system. The 

RS targeting regular users seeks to increase customer loyalty and virality of content by nudging 

users to recommend new content to other users, or by suggesting content of longer duration, 

such as series. Depending on the frequency of usage, the RS will recommend more content 

based on the ratings of others (for less frequent users) or content based on personal usage 

behaviour. Less frequent users are target for churn-minimising algorithms, while heavy users 

are subject to systems aimed at revenue maximization through retention and experience 

strategies (Gorgoglione et al. 2019). Maryanchyk (2008) analyses real Netflix user data and 

finds that when content is sufficiently reduced and curated by the RS, users revert to average 

ratings by other users and images of the content shown to make their choice. The paper finds 

that Netflix RS through transparent display of quality indication leads to customer utility and 

subsequently reduced churn and increased company profits (ibid). 

The theoretical foundations how the features of Netflix truly affect usage and utility will be 

examined in the subsequent sections, exploring the literature on the technology acceptance 

model. 

 

2.2 Technology acceptance model 

2.2.1 Theoretical foundations 

Davis et al. (1989) argue that new and innovative technologies only improve a product or 

process relative to the pre-existing status quo (in their case organisational performance), if the 

technology is actually used. The authors conduct a study that aims to predict acceptance as an 

outcome of usage intention and usage intention dependent on perceived usefulness, perceived 

ease of use, and a number of external variables. 

Referring to intention models from social psychology, Davis (1986) adapts the theory of 

reasoned action (TRA) predicting human behaviour (Ajzen & Fishbein 1980), to determine the 
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more specific case of computer usage behaviour, calling it technology acceptance model (TAM, 

see Fig. 3). TAM demonstrates causal linkages between two key beliefs (perceived usefulness 

and perceived ease of use), and the user’s attitude, intention, and actual use. TAM seeks to not 

only predict behaviour (forward-looking) but also explain causes (backward-looking) for 

acceptance or rejection, by observing the impact of external factors on beliefs, attitudes, and 

intentions. Erasmus et al. (2015) distinguishes between system-specific and user-specific 

variables. 

 

Fig. 3 Original technology acceptance model (Davis et al. 1989) 

 

 

Davis (1986) postulates two key beliefs, perceived usefulness (U) and perceived ease of use 

(EOU), to be determinants of user acceptance of information systems. Davis et al. (1989, p.985) 

define U as: “the prospective user’s subjective probability that using a specific application 

system will increase his or her (…) performance (…).” . That is, the relation of the performance 

benefits of usage relative to the effort of using the system (Davis 1989). EOU concerns “the 

degree to which the prospective user expects the target system to be free of effort” (Davis et al. 

1989, p.985). Swanson (1987) notes, that U and EOU are distinct yet inexplicably linked (EOU 

being a determinant of U). Usage “is determined by behavioural intention to use (BI), but differs 

in that BI is viewed as being jointly determined by the person’s attitude towards using the 

system (A) and perceived usefulness (U), with relative weights estimated by regression.” (Davis 

et al. 1989, p.985). Lee et al. (2003) find that TAM research has measured BI with usage 

frequency, amount of time using, and absolute number of usages. The formula to predict BI is: 

BI = A + U 

Davis et al. (1989) note that the formula above implies usage intentions if a positive affect is 

present,  (BI A ceteris paribus). U BI on the other hand suggests people form intentions 
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about system usage depending on their perception of performance increases, regardless their 

attitude towards using. The linkage between A and system use has been widely observed (e.g. , 

in Swanson 1982). Usage and usefulness have been linked in previous studies (e.g., Swanson 

1987). Lengris et al. (2003) finds a high proportion of studies confirm the stipulated relationship 

between variables, although with some inconsistencies. Despite clear results suggesting BI as 

a result of the independent variables of the model, actual use cannot always be predicted. Only 

seven out of 22 studies surveyed by the authors included both A and BI, while three included 

only A, and eight only BI. A is determined by U and EOU: 

A = U + EOU 

Rooted in Ajzen and Fishbein’s (1980) TRA, TAM assumes that attitude regarding a certain 

behaviour is determined by relevant beliefs. EOU is assumed to positively impact A, with the 

effect intending to capture intrinsic motivation caused by EOU (Davis et al. 1989). External 

variables impact EOU and U, contributing to increased performance and higher efficiency, thus 

resulting in an effect of EOU on U: 

EOU = external variables 

U = EUO + external variables 

External variables form the linkages between the beliefs, attitudes and intentions postulated by 

TAM and specific situations (e.g., depending on the technology, industry, voluntariness vs. 

obligatoriness, and other interventions). With that Davis et al. (1989) provide a framework to 

study the effect of external variables on user behaviour. Davis (1989) suggests that the 

importance of usefulness is conceptually sensical, as users are initially inclined to use a system 

due to the functions it performs for them, and subordinately how simple or difficult it is to get 

the system to execute certain functions. Davis (1989) further notes, that in terms of causality, 

EOU is more an antecedent of U than a parallel, direct determinant of usage. Davis finds 

empirical evidence for the causal relationship of EOU  U  usage (ibid). 

 

2.2.2 Evaluation of the TAM 

In a meta-analysis Lengris et al. (2003) find that no study incorporated all the relationships 

between components (U, EOU, AT, BI, and actual use). TAM is able to explain 40% of system 

use on average, indicating that significant determinants are missing (ibid). Several papers 

(Straub et al. 1995; Lengris et al. 2003; Lee et al. 2003) note the dissonance of self-reported use 
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and actually measured use. The authors call for an integration into a wider framework, 

incorporating human and social change processes. Furthermore, the reviewed research shows 

that external variables explain system use through mediation by EOU and U. Data on external 

factors affecting EOU and U provide actionable insights on increasing usage (Lengris et al. 

2003). 

Lee et al. (2003) identify two main research streams in TAM literature: i). investigating TAM’s 

superiority in comparison to other frameworks and ii). extensions of TAM to other technologies 

and longitudinal studies (reviewed in the next section) to confirm the model’s explanatory 

predictive ability. A timeline of TAM research is depicted in Fig. 4. Hubona and Cheney (1994) 

find TAM to be marginally superior to the theory of planned behaviour (TPB), being simpler 

and more able to explain user acceptance. Taylor and Todd (1995) consider TAM to be less 

effective than TPB, noting the necessary trade-offs between model intricacy and explanatory 

power. 

 

Fig. 4: Chronological progress of TAM research (Lee et al. 2003) 

 

 

2.2.3 Extensions 

2.2.3.1 Longitudinal studies 

Lee et al. (2003) criticize the cross-sectional nature of TAM for failing to establish causality 

between variables. Doll and Ahmed (1983) suggest longitudinal studies to analyse the 

acceptance and usage over time as users become more acquainted with the technology. 

Karahanna et al. (1999) distinguish between adoption by new users and continuous adoption of 
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pre-existing users. Ventakesh and Davis (2000) confirm the models explanatory power of 

acceptance over time, measured pre implementation, as well as one and three months post 

implementation, finding increased BI and decrease usefulness over time, respectively.  

 

2.2.3.2 Different technologies and industries 

Adams et al. (1992) apply TAM to five different technologies and find the model to be 

consistent and valid in explaining acceptance across different systems. Davis (1993) and 

Subramanian (1994) replicate the results with email and text-editor systems, respectively. 

Erasmus et al. (2015) examine the acceptance of enterprise resource planning systems. Verma 

et al. (2018) find system and information quality to be strong determinant of usefulness and 

ease of use of big data analytics tools in the corporate context. As IT diffused also to consumer 

applications, so has TAM research. Koufaris (2002) extends TAM to e-commerce 

environments, incorporating psychological aspects, such as Csikszentmihalyi’s flow theory 

(1975). King and He (2006) compare the effect on BI for office systems vs. e-commerce 

systems, finding higher effects of EOU on BI for e-commerce and higher impact of usefulness 

on BI for office applications. Van der Heijden (2004) notes, that the attitude towards using 

hedonic systems ( systems that focus on enjoyment, such as e-commerce or streaming) are more 

subject to EOU as determinant. A number of studies have addressed technology acceptance in 

recommender systems (RS). Wang and Benbasat (2005) note the importance of trust in the 

acceptance of web-based recommendations due to the service-nature of the technology as 

opposed to the product-focus of previous studies. Hu and Pu (2009) compare acceptance of 

personalised RS to non-personalised recommendations (e.g., based on average ratings) and find 

no significant improvements in terms of accuracy. However, users of personalised RS are found 

to have higher BI to use, mediated through higher usefulness. Pu et al. (2012) examine EOU as 

antecedent to system acceptance in RS moderated through trust which in return is impacted by 

transparency and privacy of the system. Pu and Chen (2010) assess the quality of 

recommendations as determinant of adoption and usage mediated through perceived usefulness 

amongst other factors. Amertano et al. (2015) test the effect of user skills on RS acceptance, 

finding stronger impact of usefulness compared to EOU on acceptance. EOU however, 

increases when users are skilled in using the system in question. Sitar-Taut et al. (2020) contrast 

RS with simple information search (IS) with regards to attitude towards usage. They find that 

RS provide higher levels of attitude towards usage than IS as the perceived usefulness is higher 

in the less time consuming and hence more efficient RS. However, the effect on attitude by 
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increased usefulness is counteracted by privacy concerns of data disclosure that is implicitly or 

explicitly required to feed the RS to provide high quality recommendations. Hence, the 

perceived trustworthiness of the RS in handling user data is an antecedent of attitude towards 

usage (Sitar-Taut et al. 2020). 

 

2.2.3.3 External variables 

The evolvement of the TAM also saw the gradual inclusion of different external variables. King 

and He (2006) distinguish between prior factors influencing usefulness and EOU (such as prior 

usage or experience), factors from other theories such as trust (e.g., in Jarvenpaa et al. 1998) 

and contextual factors such as gender or culture (e.g., in Adam et al. 1992; Gefen & Straub 

1997). Ventakesh and Morris (2000) examine gender, experience, and subjective norm as 

determinants to BI. Karahanna and Limayem (2000) find differences in users adoption for the 

same users of different systems, highlighting system characteristics and individual abilities. 

Ventakesh and Davis (2000) introduce TAM2, providing antecedents for EOU (such as 

computer self-efficacy, i.e., the ability to use information technology in general) and usefulness, 

as well as voluntariness as antecedent to intention to use. Technological diffusion and 

innovations saw the adaption of TAM for new systems. This required the formulation of new 

and additional external variables inherent to the specific contexts of these systems, as examined 

by King and He (2006). 

 

2.2.3.3.1 Trust 

Gefen et al. (2003) define trust in the TAM context as the belief in the ability, integrity and 

benevolence of the trusted party to deliver on its pledges despite the user’s vulnerability and 

dependence. Reichheld and Schefter (2000) note the crucial importance of trust in e-vendors to 

attract and more importantly retain users. Hence, increased user trust in the vendor should result 

in increased intention to use, indicating utility gains for users and vendors alike. Gefen et al. 

(2003) examine the linkage and find significant impact on BI, suggesting the need for trust-

building mechanisms in addition to features increasing EOU and usefulness. Wang and 

Benbasat (2005) investigate trust as antecedent for the adoption of recommender systems (RS) 

and find positive moderating effects on intentions to use. They stress the question of 

benevolence as component of trust as the agency relationship with an online vendor creates 

uncertainty whether the RS works in favour of the user, the producer, or the vendor itself (ibid). 
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Wang and Benbasat (2005) note that trust has a bigger impact as determinant of usage intent in 

settings that involve financial risk (such as e-commerce environments described by Gefen et al. 

2003) as opposed to recommendations of RS that do not present an obligation to purchase and 

consume. Lopez et al. (2010) suggest to add predictability, concerning the expectations towards 

the object of trust, as fourth dimension to the ones postulated by Gefen et al. (2003). Lopez et 

al. (2010) stipulate trust in systems as an antecedent to attitude, especially when the use of 

personal data is involved and users are not fully familiar yet with the system. 

 

2.2.3.3.2 Curation 

Kunaver and Požrl (2017) note the impact of diversity of recommendations through curation 

on output quality and thus usefulness. Kim et al. (2017) suggest that curation of systems 

increase the ease of use by reducing choice overload. Maccatrozzo (2012) examines the positive 

effect of curation on usefulness of recommendations, arguing that diversity and serendipitous 

discovery lead to enjoyment through novel inputs. A system that does not incorporate these 

factors but rather focuses on the algorithmic-driven aspects of accuracy alone to reduce choice 

overload, will produce a certain level of ease of use and usefulness. However, such systems are 

prone to overfitting and do not account for changing moods of users. Thus, according to 

Maccatrozzo (2012) curation as antecedent to usefulness and EOU incorporates system-specific 

aspects as well as contextual aspects of the user. 

 

2.2.3.3.3 Transparency 

A number of scholars stipulate the positive impact of transparency on system acceptance (e.g. , 

Hayes-Roth & Jacobstein 1994; Gregor & Benbasat 1990). Gregor and Benbasat (1999) find 

that explanations provided by KBS lead to higher perceived usefulness. Pu and Chen (2010) 

note the increased purchase intentions of customers for systems with higher transparency. 

Additionally to direct effects on the perceived usefulness and EOU of systems, system 

transparency has been suggested to have indirect mediating effects by increasing trust in the 

system (Pu et al. 2012; Wang & Benbasat 2016) through increased benevolence (as suggested 

in Gefen et al. 2003). This is achieved by bridging intention gaps. Intention gaps obstruct the 

formation of trust in KBS as users do not know why a system provides information. Users 

question the intention of the system and who’s utility it is intended to maximise (e.g., the 

vendor’s, the content provider’s, or actually the user’s), leading to low levels of perceived 
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benevolence (ibid). Transparent (knowledge-based) systems provide reasoning for system-user 

interaction, thus mitigating users concerns about goal incongruence (Wang & Benbasat 2016). 

 

2.2.3.3.4 Interaction 

Sheng and Zolfagharian (2014) integrate user participation into TAM, noting the transition of 

customer roles from a passive receiver to co-producer. The authors suggest that the time and 

effort users spend interacting with the system has effects on system acceptance when mediated 

through usefulness and ease of use. The research finds that user interaction with the system in 

co-creating to fulfil the system purpose increases usefulness but at the same time makes it more 

complex, thus reducing ease of use. Hence, the overall effect on technology acceptance depends 

on the relative impact on usefulness and EOU (ibid). Lopez et al. (2010) stipulate the relevance 

of user ratings and opinions as well as user to user collaboration for trustworthiness of systems. 

Kim et al. (2017) note the amplified effects of transparency on system acceptance when 

supported by networks of users, as other users provide additional sources and validation 

mechanisms for understanding the reasoning of KBS. Nakka et al. (2020) suggest that the 

similarity among users is strongly connected to the trust in other user’s interactions with the 

system. Therefore, user interaction is not just a direct antecedent of trust and curation but also 

indirectly of trust, through increased transparency (by the system indicating how familiar 

another user is and why). 
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3. Methodology 

3.1 Conceptual model 

This paper uses TAM as it provides a basis for investigating system use of Netflix and allows 

to explore the external variables affecting said use, as explained by Davis et al. (1989). TAM 

was chosen because it has been validated in academic literature covering a number of 

technological applications over a range of different industries (Burton-Jones & Hubona 2006). 

Its constructs have been extensively tested for reliability and validity (Chin & Todd 1995; Doll 

et al. 1999). Meister and Compeau (2002) find that the framework continuously manages to 

explain 40% of BI and 30% of actual use. BI and actual use serve as indicators of customer 

utility, as RS add value to customers through improving the decision-making process and 

providing quality content with the help of personalised recommendations (Lopez et al. 2010; 

Pu et al. 2010; Amatriain 2013). 

The chosen methodological approach adopts the TAM framework by Davis et al. (1989) and 

extends it with external variables inhibiting individual differences (trust) and system 

characteristics (transparency and curation) present in Netflix, to observe how these factors 

affect ease of use, usefulness, and usage (Lee et al. 2003). This is displayed in Model 1. The 

characteristics of the Netflix platform and user’s trust towards the RS are used as antecedents 

to the key components of the TAM in order to investigate BI and system use and infer customer 

utility. Additionally, in a second step (Model 2) the model is extended by user interaction to 

mimic functionalities of the music streaming platform Spotify and test whether that leads to 

higher perceived usefulness, ease of use, and intentions to use, examining if added features 

increase added value to customers and thus increase customer utility.  

External variables are key to identify the actual usage of Netflix and the utility it thus provides 

to its users. Lengris et al. (2003) argue that examining external variables are crucial as they 

drive usage behaviour. Despite their importance, the authors find that only 60% of surveyed 

studies incorporate external variables (ibid). This paper integrates Trust (see Geffen et al. 2003; 

Wang & Benbasat 2005), Curation (Kim et al. 2017; Kunaver & Požrl 2017), Transparency 

(Wang and Benbasat 2005; Pu & Chen 2010) and subsequently User interaction (Sheng & 

Zolfagharian 2014) as external variables as they provide the basis for Netflix’s (respectively 

Spotify’s, and possibly in the future also Netflix’s) USP and competitive advantage (Lopez et 

al. 2010). Demographic indicators such as age (Ventakesh et al. 2003) and gender (Ventakesh 

et al. 2003), multihoming (Landsman and Stremersch 2011) as well as awareness of the RS 
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(Lopez et al. 2010) are included to check for moderating effects. Based on TAM, the conceptual 

model in Fig. 5 is proposed. 

 

Fig. 5: Technology acceptance model of Netflix recommender system, extended model and 

original model based on Davis et al. (1989) 

 

 

3.2 Hypotheses 

To establish the impact of variables, the paper proposes the following 16 core hypotheses to 

investigate user’s BI and use of Netflix. 

 

3.2.1 External variables 

Gefen et al. (2003) and Wang and Benbasat (2005) find trust to be an important antecedent to 

usage through BI, especially in online settings where system operators can easily partake in 

opportunistic behaviour. Lopez et al. (2010) find trust a determinant of attitude towards usage. 

This paper investigates both relationships, given that it has incorporated both BI and A into its 

conceptual model. Following Lengris et al. (2003) this is rather rare, nevertheless the paper 

aims at understanding system acceptance and subsequent customer utility along all components 

of TAM. As trust is regarded as essential component of the proposed model, and A and BI are 

used interchangeably in studies, measuring the impact on both ensures that no effects will be 
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missed due to selection bias of the author. Trust in a RS should therefore result in a positive 

attitude and positive behavioural intentions towards using that system. 

H1a: Trust has a positive impact on A. 

H1b: Trust has a positive impact on BI. 

The automatic grouping of titles on Netflix into groups preferred by the user as well as the 

option to filter titles by different categories should decrease choice overload (Kim et al. 2017) 

and provide a diverse yet accurate selection of content (Amatriain 2013), thus increasing the 

probability of system use and thus usefulness (Kunaver and Požrl 2017). 

H2: Curation has a positive impact on U. 

Curation reduces choice overload and provides different clusters of content tha t the user can 

than examine closer depending on their mood (e.g., action or comedy categories). This 

serendipitous discovery counters overfitting and makes finding content that the user will enjoy 

faster and more efficient (Maccatrozzo 2012). Having items on Netflix grouped by genres and 

other categories on the main page as well as in the categories section should enable users to 

find suitable titles faster, resulting in increased utility (Maryanchyk 2008).  

H3: Curation has a positive impact on EOU. 

According to Wang and Benbasat (2005), transparent RS allow users to understand and verify 

why certain items were recommended, mitigating users’ concerns that the RS does not put their 

interest first when suggesting content. In contrast, an intention gap where users do not 

understand why a system provides recommendations, may lead to the belief that the RS serves 

the interest of the provider (the platform or the producer of movies, in the case of two-sided 

platforms like Netflix). Hence, greater transparency should result in more trust in the RS. 

H4: Transparency has a positive impact on trust. 

Transparency affects the ability of a RS to convey its inner logic to the user via the user-

interface (Pu & Chen 2010). If users understand why a RS offers certain content, they will find 

the recommendations more helpful, as explanations are openly displayed (e.g., recommended 

for you, because you watched, etc.). 

H5: Transparency has a positive impact on U. 

Similarly, if the reasoning for recommendations is displayed clearly, users might find it easier 

to operate the system based on recommendations. Without transparent labelling of 
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recommendations and/or their categories, users might be confused why certain content is 

displayed to them, potentially thinking it is displayed at random or for other (intransparent) 

reasons (Gregor & Benbasat 1999). Thus, they would find it more difficult to use the system.  

H6: Transparency has a positive impact on EOU. 

 

3.2.2 Perceived variables 

Referring to the logic of Gefen et al. (2003), this paper assumes that hypothesised paths of TAM 

as postulated by Davis et al. (1989) also apply to streaming websites in general and the Netflix 

RS in particular, as users are rational actors when choosing to use a RS. Hence, the more useful 

and easy to use the RS is, the more utility the users gain from using and the more they will use 

it. 

Improved EOU leads to resources (be it cognitive, human, etc.) being freed up and able to be 

redeployed elsewhere (Davis et al. 1989), hence increasing the performance of the system as 

well as of the user in B2C applications. The ease or difficulty of using a system is subordinated 

to how useful a potential user perceives the system to be (Davis 1989). Thus, finding something 

faster via the Netflix RS also contributes to a higher probability of using the system and the 

recommended item. 

H7: EOU has a positive impact on U. 

A system that is difficult to use will also be met with a negative attitude towards the usage of 

the system. The system per se can be considered positively, however, the usage by the 

individual will be regarded negatively. The ease of using a system will positively affect one’s 

attitude towards using the system and reflects the intrinsic motivation of the user towards using 

caused by EOU (Davis et al. 1989). 

H8: EOU has a positive impact on A. 

Often positively and usefully perceived outcomes improve the individual’s attitude towards 

those outcomes, as postulated by Davis et al. (1989) and adapted by Gefen et al. (2003) for 

online environments. High perceived usefulness of Netflix RS should result in positive attitude 

towards using said RS. 

H9: U has a positive impact on A. 
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3.2.3 Outcome variables 

Users of Netflix RS will form behavioural intentions to use such systems if they perceived it as 

useful, even when not having overly positive attitude towards using said system (Davis et al. 

1989). Thus U indirectly affects BI through A (see H11) but also bypasses A and affects BI 

directly. People will still use Netflix to find a movie if they perceive it as useful in doing so, 

despite perhaps a negative attitude resulting from previous experience. However, the outcome 

of BI will depend on the weight of U and A, respectively. 

H10: U has a positive impact on BI. 

Positive attitude towards usage of systems will result in the intention to use such systems. These 

variables are so highly correlated that previous researchers have opted to drop one of them due 

to redundancies and resulting lack of statistical insignificance, as noted by Lengris et al. (2003).  

H11: A has a positive impact on BI. 

The behavioural intention to use a system (whether to use it again or recommend it to an 

acquaintance) will lead to actual system use (either by the user themselves or by the 

acquaintance if being recommended by the system). 

H12: BI has a positive impact on actual use. 

 

3.2.4 Model 2 

Interaction with other users (that are similar to the user) serve as a trust indicator for the user 

that others have deemed Netflix RS to be benevolent and its recommendations to be 

trustworthy. This happens both through a direct impact (Kim et al. 2017) as well as through an 

indirect effect moderated by increased transparency (Amatriain 2013).  

H13: User interaction has a positive impact on trust. 

Seeing the curated playlists, favourites and categorisations of other users or friends similar to 

oneself, induces users to also curate their content by creating lists of favourite content or 

grouping it by subjective categorisation. This fosters more diversity and serendipitous 

discovery additionally to the sometimes biased and overfitted recommendations of algorithmic 

curation (Kim et al. 2017). 

H14: User interaction has a positive impact on curation. 
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Seeing other users’ ratings, likes, comments, etc. enhances the transparency of why Netflix RS 

displays content. Furthermore, it does not only show that content is recommended because user 

behaviour is similar to that of other like-minded users (Nakka et al. 2020) but also what other 

users thought of that content. Subsequently, user interaction, through transparency, also affects 

trust and perceived variables such as usefulness and ease of use (Kim et al. 2017).  

H15: User interaction has a positive impact on transparency. 

Conditional on the previous three hypotheses, if user interaction has a positive effect on external 

variables of Model 1, Model 2 is expected to yield a better utility for users, observed through a 

stronger intention to use.  

H16: BI of the user interaction model is higher than BI of the base-line model. 

Additionally, the direct and indirect antecedents of BI (EOU, U, A) are tested for difference to 

the initial model to observe any direct or indirect effects of user interaction. Perceived variables 

are anticipated to have more positive effects than in the base line model, except for EOU. 

Following the reasoning of Sheng & Zolfagharian (2014), EOU decreases as interaction grows, 

making the system more complex and less user-friendly. 

H16a: EOU of the user interaction model is lower than EOU of the base-line model. 

H16b: U of the user interaction model is higher than U of the base-line model. 

H16c: A of the user interaction model is higher than A of the base-line model. 

 

3.3. Survey design 

To collect data to be analysed through the proposed conceptual model, a measurement model 

in form of a survey is created addressing each construct proposed by Davis (1986) and others 

outlined above. The items measuring constructs are all formulated in a way to address the 

Netflix RS specifically, in accordance with the methodology of Lopez et al. (2010). However, 

adapting constructs and items to Netflix from other sources that may or may not investigate the 

TAM with reference to RS could affect the validity and reliability of the constructs. This matter 

is examined in section 4.3 on data analysis. Moderator variables age, gender, and awareness 

are surveyed at the start of the survey. Additionally, the respondents are asked to select the 

services they use, from a list of video and music streaming platforms popular in Europe, as I 

anticipate that the majority of responses will come from there. Multiple responses to this 

question are possible, thus establishing the variable ‘multihoming’. Respondents are asked to 
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state how many hours of Netflix they watch per week, in order to measure (self-reported) actual 

use. 

The second part of the questionnaire asks the respondents to recall the Netflix user-interface 

when searching for/ exploring content. The impact of external variables as well as the 

components of the original model by Davis et al. (1989) are operationalised through survey 

items by posting one to three statements concerning each construct, asking the respondents to 

state their agreement on a 5-scale Likert scale. The items of the survey are based on the 

empirical work of authors that have written about the TAM and its modern applications such 

as recommender systems. In accordance with the original model by Davis et al. (1989), 

constructs of core TAM beliefs as well as constructs relating to external variables are defined 

and measured corresponding to the characteristics of the underlying behavioural beliefs . Thus, 

the wording of the operationalising statements inhibits intentions, attitudes, beliefs, and 

concepts and is adopted from previous empirical literature (detailed in Table 1).  

The third part of the questionnaire asks the respondents to imagine Netflix being extended with 

features of user interaction, such as following each other, following each other’s curated lists, 

seeing what content others are liking and consuming, etc. To help respondents answer this 

section as accurately as possible without Netflix actually having these features or presenting 

them with a RS-mock-up (e.g., a minimum viable product in the form of a click dummy), 

respondents are asked to imagine these improved features to be like the music streaming 

platform Spotify that incorporates such features. The external variable ‘user interaction’ as well 

as the other external variables and constructs of the initial model are measuresd, as above, 

through statements asking for respondents level of agreement on a 5-scale Likert scale. 

The second and third parts of the survey are introduced with screenshots of the Netflix and 

Spotify user interfaces, providing visual aids and cues about the RS-features of the respective 

platforms (Fig. 6 and 7). 
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 Fig. 6: Netflix user interface with curation and transparency features, such as popular on 

Netflix, trending now, because you watched, and top 10 recommendations (screenshot from 

the author’s personal Netflix account) 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. 7: Spotify user interface with curation and transparency features, such as other 

user profiles, list of followers of those profiles, and options to like and follow playlists 

of users (screenshot from the author’s personal Spotify account) 
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Additionally, an attention check was included among the questions posed to respondents 

towards the final part of the survey, between the statements measuring usefulness.  This check 

asks respondents to respond with “agree” to the statement in order to allow retrospective 

evaluation if the respondent read the questions and answered them diligently or simply clicked 

through the questionnaire randomly. 

Table 1 below details the measurement model consisting of constructs, items composing the 

constructs, corresponding questions/ statements for operationalisation of the constructs, and 

original sources for the questions/ statements. 

 

Table 1: Measurement model with constructs, operationalisations, and original sources 

Construct Question/ statement Source 
Moderator variables 
Age Please specify your age Ventakesh et al. (2003) 
Gender Your gender Ventakesh et al. (2003) 
Awareness Are you aware that Netflix uses 

collected data to provide 
personalised recommendations of 
content to viewers? 

Lopez et al. (2010) 

Multihoming Please select any services that you 
are using 

n.a. 

Model 1 
External variables 
Trust   
Trust 1 Netflix has the ability to 

understand my needs & 
preferences about movies/ series 

Wang & Benbasat (2005) 

Trust 2 Netflix puts my interests first in 
selecting movies/ series for me 

Wang & Benbasat (2005) 

Trust 3 Netflix provides unbiased movies/ 
series recommendations for me 

Wang & Benbasat (2005) 

Transparency   
Transparency 1 Netflix's reasoning for  movies/ 

series recommendations (e.g., 
Netflix original content, top 10 
most popular, because you 
watched.. , ratings) is clear to me 

Pu & Chen (2010) 

Transparency 2 It is apparent to me how Netflix 
generates recommendations 

Pu & Chen (2010) 

Transparency 3 I can easily understand Netflix's 
reasoning process 

Pu & Chen (2010) 
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Curation   
Curation 1 The categories by which Netflix 

provides its content are appealing 
to me 

Kim et al. (2017) 

Curation 2 Netflix organises movies/series 
into useful groupings 

Kim et al. (2017) 

Curation 3 Netflix groups its offering in a 
consistent manner 

Kim et al. (2017) 

   
Perceived variables   
Perceived ease of use 
(EOU) 

  

EOU 1 My interaction with Netflix's 
recommendations for content is 
clear and easy to understand 

Amertano et al. (2015) 

EOU 2 I discover content more efficiently 
using recommendation features 

Wang & Benbasat (2005) 

EOU 3 It was easy for me to understand 
how recommendations work 

Amertano et al. (2015) 

Perceived usefulness (U)   
U 1 The recommended shows were 

tailored to my taste 
Amertano et al. (2015) 

U 2 The recommended movies were as 
good as those a friend would 
recommend 

Amertano et al. (2015) 

U 3 The technology used by Netflix 
allows me to find content I like 
faster 

Wang & Benbasat (2005) 

Attitude towards use (A)   
A 1 I find it interesting to engage with 

Netflix' recommendation system 
Sheng & Zolfagharian 
(2014) 

A 2 Watching content suggested by the 
recommendation system is 
enjoyable 

Sheng & Zolfagharian 
(2014) 

A 3 Discovering Netflix 
recommendations is exciting 

Sheng & Zolfagharian 
(2014) 

Behavioural intention to 
use (BI) 

  

BI 1 I will continue to use/ try out the  
recommended content in the future 

Wang & Benbasat (2005) 

BI 2 I will recommend the Netflix 
recommendation system to my 
friends 

Wang & Benbasat (2005) 

Outcome variable   
Usage Please specify how many hours per 

week you watch Netflix (please 
round to full hours) 

Davis et al. (1989) 
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Model 2 
User interaction  
Interaction 1 Interacting with friends on 

streaming media requires little 
effort 

Sheng & Zolfagharian 
(2014) 

Interaction 2 Managing my profile and 
participation on streaming 
platforms requires little effort 

Sheng & Zolfagharian 
(2014) 

External variables   
Trust in user interaction   
 Trust_i Seeing my friends' ratings, 

comments & content signals 
unbiasedness to me 

Wang & Benbasat (2005) 

Transparency in user 
interaction 

  

 Transparency_i It is clear to me why the platform 
shows me friends' ratings, 
comments & content 

Pu & Chen (2010) 

Curation in user 
interaction 

  

 Curation_i I enjoy the grouped content of 
other users (playlists, etc.) 

Kim et al. (2017) 

Perceived variables   
Perceived EOU in user 
interaction 

  

 EOU_i Additional collaboration 
opportunities make streaming 
recommender systems easy to use 

Amertano et al. (2015) 

Perceived usefulness in 
user interaction 

  

U_i The recommended movies are 
those a friend would recommend 

Wang & Benbasat (2005) 

Attitude towards using in 
user interaction 

  

Attitude_i Using a collaborative 
recommendation system is 
enjoyable 

Sheng & Zolfagharian 
(2014) 

Outcome variable   
Behavioural intention in 
user interaction (BI_i) 

I will start/ continue to use 
collaborative features in streaming 
and recommend it to my friends 

Wang & Benbasat (2005) 
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4. Data analysis 

4.1 Data collection and pre-processing 

Responses from survey participants were collected over a time frame of two weeks by posting 

the survey, constructed with Qualtrics software, to a number of social media outlets and web 

pages. 142 complete responses were gathered additionally to 60 incomplete responses 

(presumably due to the length of the questionnaire). 9 responses were removed as the 

participants had failed to pass the attention check question, suggesting that they just clicked 

through the survey at random, and thus their responses could not be considered valid. A further 

6 responses were removed as these respondents had indicated that they do not use Netflix, 

bringing the final number of valid respondents to 127. The remaining responses were cleaned 

in Excel of any redundant information generated by the survey tool such as columns for names 

(this was not asked in the survey for privacy reasons), IP-addresses, coordinates of IP-addresses, 

etc. Furthermore, the binary variables Gender2 and Awareness were recoded from responses 

returning 1 & 2 to responses showing 1 & 0 (1 standing for Male and Aware, respectively). 

 

4.2 Descriptive statistics 

The subsequent analyses of the data were carried out using the statistical software R Studio. 

Descriptive statistics yielded interesting initial insights. Users (n=142 displayed in Fig. 83) were 

asked about the usage of multiple platforms, aimed at identifying multihoming (Cennamo et al. 

2018). Most (over 130) indicated that they use Netflix, which is not unsurprising as the survey 

was advertised under the title Netflix recommender system survey. YouTube and Spotify, which 

offer a freemium4 business model were ranked second and third, respectively. The content 

offering of these also appear to be complimentary to each other, Netflix offering movies, series, 

and documentaries, Spotify music and podcasts, and YouTube diverse free video content 

uploaded by private and professional users from music videos, to news live streams, to pirated 

 
2 In the following pages when referring to the variables measured in the models, phrases are capitalised and 
italicised (e.g., Gender). When referring to a theoretical concept, the word is written with small letters and straight 
font (e.g., usefulness). 
3 The 142 respondents include those that do not have Netflix or have answered the survey spuriously. Nevertheless, 
their responses to the multihoming question are valid and thus illustrate that with low or no switching costs users 
use a number of services that are either complementary or imperfect substitutes. 
4 A freemium business model refers to a free trial or basic version with the continued use or extended features 
requiring payment (Liu et al. 2015). 
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content. Only after these three comes Amazon Prime Video, ranked 4th with about 90 users 

among the participants. Fig. 8 provides details on this. 

Multihoming as a variable was ultimately dropped from the analysis as there was too much 

fuzziness surrounding it. Initially, it was intended to introduce another measure of actual use, 

namely the relative use of Netflix vis-à-vis other streaming platforms. However, using such a 

percentage metric as outcome variable could have been problematic due to possible reverse 

causality. Frequent users of other platforms might perceive Netflix less trustworthy, 

transparent, curated, useful, or easy to use relative to other similar platforms, such as Amazon 

Prime, which may lead to churn (both in the short-term during usage by switching and also in 

the long-term by cancelling a subscription). However, this is beyond the scope of this paper. 

Such a comparative study could be an extension to this analysis and shall be addressed in the 

concluding section. 

 

Fig. 8: Number of respondents active on each platform 

 

 

Summary statistics (see Table 2) provided further insights on the participants. The mean age 

was 29.4 years. The youngest respondent was 17 years old, the oldest 66, with 50% (n = 71) of 

respondents being between 25 and 31 years of age. 

Gender of respondents was not completely evenly distributed, with 37% of respondents 

identifying as male and 63% as female. 97.6% of valid respondents reported being aware that 

Netflix uses systems to recommend content based on data collection and analysis. A mean usage 

of 7.3 hours of Netflix per week was reported which is a little more than one hour per day, less 
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than the 2019 global average of two hours and the 3.2 hours per day recorded in the US during 

the covid pandemic in 2020 (Iqbal 2021). The lowest usage was 1 hour per week (respondents 

were asked to round to full hours when answering this question). The highest usage was 

reported to be 34 hours, which seems very excessive, given that the 25th and the 75th percentile 

are 4 and 10 hours respectively. Perhaps the respondent had intended to report 3-4 hours. It is 

certainly an outlier, but as the other responses of this respondent do not seem out of line, the 

observation is kept in the data. However, this sheds light on the limitation of self-reported usage 

(vs. objectively observed or measured usage), addressed in later sections. 

 

Table 2: Summary statistics of measured variables 

Statistic N Mean St. Dev. Min. Pctl. 
(25) 

Pctl. 
(75) 

Max 

ID 127 64 36.806 1 32.5 95.5 127 
Age 127 29.339 8.172 17 25 31 66 
Gender 127 0.37 0.485 0 0 1 1 
Awareness 127 0.976 0.152 0 1 1 1 
Usage 127 7.248 5.399 1 4 10 34 
Trust 127 3.097 0.593 1.333 2.667 3.333 4.667 
Transparency 127 3.297 0.882 1 2.667 4 5 
Curation 127 3.43 0.76 1.333 3 4 5 
EOU 127 3.483 0.707 1.667 3 4 5 
U 127 3.168 0.736 1 2.7 3.7 5 
A 127 3.265 0.766 1 2.667 4 5 
BI 127 3.283 0.788 1 2.75 4 5 
Interaction 127 3.37 0.911 1 3 4 5 
Trust_i 127 3.008 0.98 1 2 4 5 
Transparency_i 127 3.591 0.867 1 3 4 5 
Curation_i 127 3.598 1.018 1 3 4 5 
EOU_i 127 3.362 0.914 1 3 4 5 
U_i 127 3.22 0.967 1 2 4 5 
A_i 127 3.614 0.855 1 3 4 5 
BI_i 127 3.315 0.973 1 3 4 5 

 

98% of valid respondents indicated that they are aware of the Netflix RS. As a consequence, 

the variable Awareness is dropped from the moderating variables and henceforth not included 

in the regression models, as the sample is highly skewered and the information gain from this 

variable would be limited. 
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4.3 Reliability and validity of measurement model 

The analysis of the data was conducted following a two-stage methodology (Gerbing & 

Anderson 1988). Prior to testing any structural models, the measurement model (survey), 

developed and detailed in the previous section, was assessed for reliability and validity. As 

noted by Nunnally (1978), reliability indicates to what magnitude a measurement item is free 

of random error. Davis (1986) further explains, that it refers to the proportion of variance in the 

observed score due to the true score. With an increase in random error, reliability decreases, 

thus creating unreliable measures, inflating the standard errors of estimated means, leading to 

more frequent type II errors, further biassing correlation and regression coefficients. 

Cronbach’s alpha is used to indicate reliability and internal consistency of the measured 

constructs, using a minimum alpha of 0.60 as a benchmark (Nunnally & Bernstein 1994). As 

additional reliability measure, composite reliability is reported, applying a benchmark of 

minimum 0.70 (ibid). 

Validity of constructs, as suggested by Davis (1986 p.75), has been defined in a number of ways 

but it overall refers to the extent to which a measure’s true score corresponds to the conceptual 

variable that the measure is intended to operationalise (Fishbein & Ajzen 1975). Construct 

validity thus concerns the level of systematic variance of a score in relation to the target 

construct. A lack of validity may result in interpreting output data through the theorised variable 

instead of the actually measure variable, leading to a higher probability of wrong inferences 

(Davis 1986 p.75). Factor loadings of minimum 0.4 are employed as measures of convergent 

validity as recommended by Hair et al. (1998). 

The means, standard deviations, Cronbach’s alphas, composite reliabilities, and factor loadings 

for the measurement items and constructs are reported in Table 3. Examining the reliability of 

the constructs, Trust and Usefulness were found to have alphas below 0.60. Additionally, Ease 

of use and Usefulness exhibited a composite reliability of less than 0.70. Trust demonstrated a 

composite reliability of over 15, thus deemed to be faulty. This was originated in the factor 

loadings where item Trust 2 was found to have a factor load of above 8. Repeated coding in R 

resulted in the same results. Regarding the validity of items, Trust 1 and Trust 2 demonstrated 

extremely low factor loads (< 0.1). Additionally, Usefulness 2 was found to have a borderline 

factor loading of 0.397. 

Despite the low reliability and validity of Trust and Usefulness, they were not excluded as they 

represent key pillars of the model, with constructs validated by previous research (Wang & 

Benbasat 2005; Amertano et a2015). The item Trust 2 could have been replaced by another 
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item measuring trust. However, that would have required a lengthier data gathering process, 

validating each item before publishing the survey. Due to the reluctance of participants to 

answer questionnaires repeatedly, this would have required a high number of participants to 

allow for pilots of small samples to check the items and constructs.  

Reliability and validity checks for the measurement model were run again two times, with only 

item Trust 2, and items Trust 1-and-3 in the other run, respectively (see Appendix 7.1). 

Including only Trust 2 in the model resulted in a composite reliability of 15.898 and a factor 

loading of 8.121. Both being larger than 1, Trust 2 does not appear to be a reliable and valid 

measure. As only one item was included in this version, Cronbach’s alpha was not reported. 

When only Trust 1-and-3 are included, Cronbach’s alpha was -0.017, Composite reliability was 

0.136, and factor loading calculations returned 0.535 and -0.016. Alpha and CR do not meet 

the suggested benchmarks of 0.6 and 0.7, respectively. Hence, this variant of the model lacks 

reliability. Trust 1 reported an acceptable convergent validity via its factor loading, while Trust 

3 remained behind its expectations. 

The constructs for Model 2 were not separately measured for two main reasons. Firstly, the 

statements of the operationalised items represent only slight modifications of the original items 

in Model 1, validated for reliability and validity in previous literature and in this section. 

Secondly, constructs of Model 2 (with the exception of User interaction, reported in Table 1) 

were measured with one item only. This was done intentionally, possibly sacrificing reliability 

and validity of the measurement model to collect enough data to test the structural model 

(Model 2). While Model 2 is merely an extension of Model 1, deeming the trade-off to be worth 

the cost compared to the resulting benefits, a more extensive questionnaire would have resulted 

in less people answering the survey fully, thus consequently reducing sample size, and 

increasing standard error and generalisability of the structural model. 
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Table 3: Reliability and validity measurements of Model 1 and 2 

Construct Mean Standard 
deviation 

Cronbach’s 
alpha 

Composite 
reliability 

Factor 
loading 

Trust 3.097 0.593 0.431 15.898  
Trust 1     0.062 
Trust 2     8.121 
Trust 3     0.013 

Transparency 3.297    0.882 0.83 0.837  
Transparency 1     0.647 
Transparency 2     0.848 
Transparency 3     0.878 
Curation 3.430    0.760 0.763 0.772  

Curation 1     0.733 
Curation 2     0.864 
Curation 3     0.572 
Ease of use 3.483    0.707 0.646 0.662  
EOU 1     0.709 

EOU 2     0.467 
EOU 3     0.699 
Usefulness 3.168    0.736 0.564 0.584  
U 1     0.570  
U 2     0.397 
U 3     0.711 

Attitude 3.265    0.766 0.756 0.758  
A 1     0.688  
A 2     0.749 
A 3     0.706 
BI 3.283    0.788 0.65 0.708  

BI1     0.915 
BI2     0.540 
User interaction 3.370    0.911 0.793 0.798  
UI 1     0.875  
UI 2     0.752 
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4.4 Fit statistics 

A number of test were carried out to evaluate model fit with data. Chi-squared test was 

calculated to indicate the differences between observed and expected covariance matrices. The 

fit indices are evaluated based on Hu and Bentler (1999). Incremental fit indices include 

comparative fit index (CFI, >0.9 cut-off) and Tucker Lewis index (TLI, >0.9 cut-off), 

comparing the hypothesised model with a baseline model (i.e., one with the worst fit; Xia & 

Yang 2019). For absolute fit indices (standardized) root mean square residual (SRMR, <0.08 

cut-off) and root mean square error of approximation (RMSEA, <0.06 cut-off) are applied to 

assess how for the hypothesised model is from an ideal model (ibid).  

The results of goodness of fit analysis are reported in Table 4. Values were computed in R 

Studio. The initial model emerged as the best fitting revealing the lowest Chi-squared, the 

highest CFI and TFI and the lowest SRMR and RMSEA. Model 1 demonstrated good 

incremental fit (TLI remaining below the recommended minimum 0.9) and acceptable absolute 

fit (very good SRMR of 0.054, mediocre RMSEA of 0.09). Model 2 reported excellent 

incremental (CFI above conservative 0.95, TLI 0.932) and absolute fit (very good SRMR of 

0.054 and RMSEA of 0.05). 

As Appendix 7.2 shows, fit statistics were also observed for alternate models including only 

Trust 2 and Trust 1-and-3, respectively. The Trust 2 alternate model outperformed the base case 

(Model 1) in terms of Chi-squared, CFI, and TLI, while lagging behind in SRMR and RMSE 

measures. Trust 1-and-3 alternate model, reported a similar Chi-squared as the base case 

(Model 1), a higher CFI and TLI, but lower SRMR and RMSEA. 

 

Table 4: Fit statistics of original model (Davis et al. 1989), Model 1, and Model 2 

Model Chi-
squared 

df5 CFI TLI SRMR RMSEA 

Original model 275.232 28 0.999 0.998 0.027 0.015 
Model 1 344.613 28 0.910 0.874 0.054 0.090 

Model 2 275.232 28 0.952 0.932 0.054 0.048 

 

 
5 Degrees of freedom 
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4.5 Structural equation modelling (SEM) 

SEM in R Studio was used to evaluate the relationships between items and constructs 

comprising the structural model. Ordinary least squares (OLS) regression analysis was used to 

calculate the coefficients of the structural relationships postulated in the conceptual model in 

the methodology section. The regressions of Model 1 (Netflix RS status quo) and Model 2 

(Netflix RS with user interaction) are reported in Tables 4 and 5. Referring to Cohen (1988), a 

p-value 0.05 was chosen as benchmark for statistical significance (indicated by at least ** in 

the regression tables). Practical significance of the findings were measured by the coefficients 

reporting at least 0.30, considered a medium effect by Cohen (1988). 

 

4.5.1 Evaluation of Model 1 

Conceptual Model 1 with corresponding hypotheses is displayed in Fig. 9. The path coefficients 

and their statistical as well as practical significance are reported in the order of the constructs’ 

location in the model, from left to right. The practical and statistical impacts of coefficients are 

summarized in the OLS regressions (Table 5). 

 

Fig. 9: Hypothesised relationships of Model 1 

 

 

4.5.1.1 Testing external variables 

Trust has a small positive effect on A (0.107), not exceeding the threshold for a medium effect. 

It is not found to be statistically significant. Therefore, H1a is rejected. The impact of Trust was 
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also reported on BI, as many studies have used the concept of either attitude or behavioural 

intention but rarely both (Lengris, et al. 2003), showing both practical (0.346) and high 

statistical significance. Therefore, H1b is supported. The same discrepancy is observed in the 

regression table of Model 2 (Table 6). Curation reported a medium effect on U (0.301) with 

high statistical significance. H2 is supported. Similarly, Curation was found to have a medium 

effect on EOU (0.361), statistically significant at the 1% level. Therefore, H3 is supported. 

Transparency was found to have a positive effect (0.223) on Trust, statistically significant at a 

1% level. However, due to the cut-off of practical significance, H4 is not supported. 

Transparency accounted partially (R2 = 0.11) for the variance in Trust. Transparency 

demonstrated a low impact on Usefulness (0.104) and is found to be statistically insignificant, 

thus H5 is rejected. On the other hand, transparency reveals a medium practical significance on 

ease of use (0.319) at a high statistical significance. H6 is supported. Additionally, 

Transparency and Curation explained a substantial proportion of the variance of EOU (R2 = 

0.48). 

Isolating Trust 2 and Trust 1 & 3, respectively, yields slightly different results (see Appendix 

7.3). Trust 2 alone has no significant practical or statistical significance neither on Attitude 

towards using (-0.022) nor BI (0.018). U and A exhibit larger effects on A and BI, respectively 

(0.591, 0.406, and 0.509), presumably capturing some of the effects of Trust. U does no longer 

have a statistically significant effect on A. The explanatory value of the models decreased (R2 

= 0.422 & 0.618 respectively; see Table 10 in Appendix 7.3). The effect of Transparency on 

trust, when only measures through the Trust 2 item, was found to be statistically not significant 

and practically less significant (0.116) as the base case reported above (R2 = 0.013). Including 

only Trust 1 & 3 in the OLS regressions produces no significant result for Attitude (0.087). The 

effect on BI is statistically significant but practically remains slightly below the cut-off value 

(0.297). However, this value approximates the statistically and practically significant value of 

0.346 of the base case mentioned above and detailed in Table 6. The models using Trust 1 & 3 

are also less able to explain the variance in A and BI (R2 = 0.424 and 0.652 respectively; see 

Table 11 in Appendix 7.3) but better compared to when Trust 2 is included. Similarly to the 

Trust 2 model detailed above, the effects of U and A on A and BI are larger, capturing some of 

the effects of Trust, but not as large as the Trust 2 model. The effect of U on A remains 

statistically significant. 
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4.5.1.2 Testing perceived variables 

EOU had a significant practical (0.355) and statistical impact on usefulness. EOU and Curation 

accounted for 43% of the variance in Usefulness (R2 = 0.43). H7 is supported. EOU is found to 

have very little impact on Attitude towards using (0.077). That relationship was not found to be 

significant, thus H8 is rejected. Usefulness had a strong and statistically highly significant 

impact on A (0.55). As EOU and Trust were found to be insignificant, usefulness is able to 

explain 42.5% of the variance in Attitude towards using (R2 = 0.425). Hence, H9 is supported. 

 

4.5.1.3 Testing outcome variables 

Usefulness was found to have a statistically significant effect on Behavioural intention to use. 

However, the effect (0.261) was not large enough to show practical significance. Therefore, 

H10 is rejected. Attitude on the other hand was found to have both a significant practical (0.478) 

and statistical impact. H11 is supported. Usefulness and Attitude towards using (additionally 

with Trust, as explained above) accounted for 66% of the variance in BI (R2 = 0.66). Finally, 

BI was found to have a statistically high impact on Usage. Usage here is measured in self-

reported usage in hours per week. Increasing the behavioural intent by one unit results in 2 

hours of additional Netflix consumption per week, equal to an increase of 27% from the mean 

reported usage of the sample. Therefore, H12 is supported. 

 

4.5.1.4 Effect of moderating variables on Model 1 

To moderate the impact on Ease of use, Usefulness, Attitude towards using, Behavioural 

intention to use and Usage, Age and Gender were included in the OLS regressions. The effect 

on perceived usefulness of male respondents was lower (-0.176) than that of females for Ease 

of use and Curation. However, the effect was statistically not significant. Furthermore, men’s 

Usage as a result of behavioural intent was almost 1 hour per week lower than women’s (-

0.856). Also this impact was not found to be statistically significant. Mediating effects of Age 

were very little, with only Attitude towards using (-0.015, statistically significant at a 5% level) 

and Usage (-0.109, statistically significant at a 10% level) showing notable results. The 

concentration of respondents’ age between 25 and 31 suggests that with a greater variance in 

age, more significant effects would have been observable. 
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Table 5: OLS regression results of Model 1 relationships 

 Trust EOU U A BI Usage 
A 
     

0.478*** 
(0.072)  

U 
    

0.550*** 
(0.099) 

0.261*** 
(0.083)  

EOU 
   

0.355*** 
(0.092) 

0.077 
(0.094)   

Transparency 
 

0.223*** 
(0.057) 

0.319*** 
(0.063) 

0.104 
(0.07)    

Curation 
  

0.361*** 
(0.069) 

0.301*** 
(0.078)    

Trust 
    

0.107 
(0.115) 

0.346*** 
(0.089)  

BI 
      

2.040** 
(0.582) 

Age 
    

-0.015** 
(0.007) 

0.006 
(0.005) 

-0.109* 
(0.056) 

Gender 
    

0.002 
(0.111) 

-0.016 
(0.088) 

-0.856 
(0.945) 

Constant 
    

1.349*** 
(0.396) 

-0.336 
(0.311) 

4.078 
(2.671) 

Observations 127 127 127 127 127 127 
R2 0.111 0.401 0.433 0.425 0.660 0.134 
Adjusted R2 0.103 0.382 0.409 0.401 0.646 0.113 
Residual Std. 
Error 

0.561 
(df =125) 

0.556 
(df=122) 

0.556 
(df=121) 

0.592 
(df=121) 

0.469 
(df=122) 

5.084 
(df=123) 

F Statistic 
 
 

15.532*** 
(df =1; 
125) 

20.446*** 
(df=4; 
122) 

18.446*** 
(df=5; 
121) 

17.902*** 
(df=5; 
121) 

47.014*** 
(df=5; 
121) 

6.371*** 
(df=3; 
123) 

Note: *p<0.1; **p<0.05; ***p<0.01 

 

4.5.2 Evaluation of Model 2 

Conceptual Model 2 with corresponding hypotheses is displayed in Fig. 10. The path 

coefficients and their statistical as well as practical significance are reported in the order of the 

constructs’ location in the model, from left to right. The practical and statistical impacts of 

coefficients are summarised in the OLS regressions (Table 6). 
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Fig. 10: Hypothesised relationships of Model 2 

 

 

4.5.2.1 Testing user interaction 

User interaction was found to have significant practical (0.561) and statistical effects on 

Trust_i. However, it is necessary to remark, that as laid out in the conceptual model, 

Transparency_i also had a mediating effect on Trust_i (as in Model 1). The OLS output of R 

Studio did not display the effect of Transparency_i explicitly, suggesting that its effect was 

absorbed by the variable User interaction and/or the constant. Interaction (and to some extent 

Transparency_i) explained a substantial part of the variance in Trust_i (R2 = 0.165). Therefore, 

H13 is supported. User interaction was found to have a statistically significant effect on 

Curation_i. However, the coefficient (0.276) remains slightly under the threshold. Finally, User 

interaction was found to have little practical effect (0.203) on Transparency_i, despite the 

statistical significance. Interaction was not able to explain significant parts of the variances in 

Curation_i and Transparency_i, respectively (R2 = 0.06 and R2 = 0.046, respectively). Hence, 

H13 and H14 are both rejected. 

Although not hypothesised explicitly, some impacts of external variables on core beliefs of the 

TAM in the user interaction model are worth noting. In Model 2, Curation_i has a significant 

statistical and practical effect (0.451) on EOU_i. Furthermore, Curation_i was found to have 

negative (although statistically and practically insignificant) effects on Usefulness_i. 

Transparency_i had a large and significant impact on Usefulness_i (0.404), while EOU_i had 

significant impacts on Usefulness_i (0.316) and A_i (0.469). As in the previous model, Trust 

was neither practically nor statistically significant as a determinant of A_i (0.121) but instead 

had a strong impact on BI_i (0.308). Overall, the independent variables in regressions (6) and 
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(7) were able to explain 42% and 30% of the variance in A_i and BI_i, respectively (R2 = 0.42 

and R2 = 0.30, respectively). 

 

4.5.2.2 Effect of moderating variables on Model 2 

Similarly to Model 1, Age and Gender were not found to have significant practical or statistical 

effects when moderating external and perceived variables in the proposed interactive system. 

Male respondents reported slightly higher perceived Usefulness (0.209). Behavioural intention 

to use also had only small effects (0.103). As in Model 1 Age was found to have a negative 

effect on A_i (-0.017) and BI_i (-0.017). The effects were statistically significant at 5% and 

10% levels, respectively. However, the practical effect remains far below the benchmark to be 

deemed having an at least medium impact. Both effects could have perhaps been more profound 

with a demographically more balanced sample. 

 

Table 6: OLS regression results of Model 2 relationships 

 
Trust_i Curation_i 

Trans-
parency_i EOU_i U_i A_i BI_i 

Inter- 
action 

0.561*** 
(0.113) 

0.276*** 
(0.097) 

0.203** 
(0.083) 

    

U_i 
    

  0.078 
(0.068) 

0.347*** 
(0.079) 

EOU_i 
 

    0.316*** 
(0.1) 

0.469*** 
(0.074)  

Trans-
parency_i 

   0.135 
(0.085) 

0.404*** 
(0.095)  

 

Curation_i 
 

   0.451*** 
(0.073) 

-0.022 
(0.092) 

  

Trust_i 
 

   
  

0.121* 
(0.069) 

0.308*** 
(0.085) 

Age 
 

   -0.005 
(0.008) 

0.001 
(0.009) 

-0.017** 
(0.008) 

-0.017* 
(0.009) 

Gender 
 

   0.201 
(0.138) 

0.209 
(0.154) 

0.094 
(0.131) 

0.103 
(0.163) 

Constant 
 

1.724*** 
(0.345) 

2.668*** 
(0.338) 

2.906*** 
(0.29) 

1.337*** 
(0.436) 

0.674 
(0.5) 

1.890*** 
(0.36) 

1.748*** 
(0.401) 

Obser-
vations 127 127 127 127 127 127 127 
R2 0.165 0.061 0.046 0.348 0.295 0.42 0.3 
Adj. R2 0.159 0.054 0.038 0.326 0.265 0.396 0.277 
Res. Std. 
Error 

0.843 
(df = 125) 

0.990 
(df= 125) 

0.850 
(df=125) 

0.751 
(df= 122) 

0.829 
(df= 121) 

0.664 
(df= 121) 

0.828 
(df= 122) 

F Statistic 24.759*** 
(df=1; 
125) 

8.129*** 
(df=1; 
125) 

5.966** 
(df=1; 
125) 

16.252*** 
(df=4; 
122) 

10.103*** 
(df=5; 
121) 

17.555*** 
(df=5; 
121) 

13.060*** 
(df=4; 
122) 

Note: *p<0.1; **p<0.05; ***p<0.01 
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4.5.2.3 Testing statistical differences between the models 

To evaluate whether Model 2 truly leads to a higher utility in form of usage, the impacts of 

perceived variables of Model 1 and 2 are compared. However, actual (self-reported) usage is 

not measured in Model 2 as it was purely a hypothetical model. The comparison is based on BI 

(as strong antecedent of usage) and the perceived variables of the model by Davis (1986). For 

that the means of the variables U_i, EOU_i, A_i, and BI_i are compared to their counterparts 

from Model 1. The summary statistics (Table 2) indicate that the reported means for U_i, A_i 

and BI_i were larger than the corresponding variables of Model 1. Observed EOU_i was lower 

than EOU. A one-sided Welch two-sample test is used, to assess if the true means of the 

variables of Model 2 are larger than the true means of Model 1 variables. The test (results 

reported in Table 7) returned high p-values, thus not providing sufficient evidence to reject the 

null hypothesis and means are in fact statistically not different. BI in user interactive RS is not 

higher than in the status quo system and indirect effects of interaction are not impactful enough. 

Thus, H16 and H16a-c are not supported. 

 

4.6 Further discussion 

The findings of this research provide an application of the TAM to the RS of Netflix. The aim 

was to observe if the system characteristics of Netflix (transparency and curation) as well as 

individual differences in the level of trust of Netflix RS lead to user utility in the form of ac tual 

usage. Furthermore, it was measured if an extension to Netflix’s RS through user interaction 

would increase perceived antecedents to technology adoption and thus utility. Table 7 below 

summarises the findings of the analysis with respect to the stated hypotheses. 

Trust in the RS does not induce an overwhelmingly positive attitude towards using, contrary to 

previous studies on trust in TAM (Lopez et al. 2010), that have emphasised the importance of 

trust in systems handling personal data. In fact, the study by Gefen el al. (2003) observed that 

vendors have nothing to gain by cheating, thus establishing a basic level of trust. In contrast, 

the observed means for trust in both models were the lowest among all measured variables 

(Table 2). Given the past experience of respondents with Netflix, they seem to think that the 

company behind the RS does have something to gain by not being fully accurate but instead 

optimising for other parameters, such as revenue maximization, in line with Gomez-Uribe and 

Hunt (2015). The lack of transparency regarding objectives creates precisely the lack of trust 

through goal incongruence that Amatriain (2013) claims Netflix tries to avoid through labelling 
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the groupings. The research has shown that trust is not a significant antecedent of attitude 

towards using, which may be rooted in the users’ cognitive inseparability of the RS from the 

platform. Users may opt to ignore recommendations and only consume content recommended 

by friends, family, etc. and thus, watch content they find interesting and have a positive attitude 

towards using it in the future (a sort of confirmation bias). Hence, users may not trust the system 

but they have a positive attitude towards using (the platform but not specifically the RS). As 

the recommendations are voluntary and no immediate financial risk is involved in the decision 

to accept the recommendation (due to the all-inclusive subscription model of Netflix as opposed 

to Amazon Prime Video for example, where some content requires an additional lump sum 

payment to rent or purchase on top of the recurring subscription fee), trust is a less impactful 

determinant of attitude, consistent with Gefen el al. (2003). However, trust was found to have 

a significant impact on BI, in line with the findings of Wang and Benbasat 2005 and Gefen et 

al. 2003. This suggests that the medium-term financial risk involved (the monthly or yearly 

subscription payments) do make users consider whether it is worth to continue using a system 

(or even recommending it to friends), as noted by Wang and Benbasat (2005). This discrepancy 

between the effects on attitude and BI may hint at the redundancy of using both constructs in 

the TAM, as surveyed in other literature by Lengris et al. (2003). 

Curation increases both ease of use and usefulness of the RS, confirming the relation suggested 

by various authors (Maccatrozzo 2012; Kunaver and Požrl 2017; Kim et al. 2017; Gorgoglione 

et al. 2019). Users perceive higher levels of usefulness of the RS through grouping contents in 

different categories and thus increased likelihood that following recommendations will result 

in content to their liking. This happens due to a reduction in information overload and reduction 

of entropy (Kim et al. 2017), while improving recommendation quality through diversification, 

solving overfitting (Kunaver & Požrl 2017; Gorgoglione et al. 2019). At the same time splitting 

the recommendations into categories increases EOU and thus reduces the effort (cognitive but 

also the time of searching) as it makes choice easier. It is worth noting that it affects the 

perceived usefulness and ease of use. Netflix RS changes the categories of curation 

dynamically. Hence, a temporal component may be worth introducing, investigating how 

respondent’s perception of usefulness and EOU changes with changing curation. This lack of 

persistence is in contrast to Kim et al. (2017) who note its importance for RS effectivity.  

Transparency is not a significant antecedent of Netflix RS usefulness, in contrast with findings 

by Gregor and Benbasat (1990), as the determinants lie elsewhere (EOU and curation for 

example). Varela and Kaun (2019) provide explanation for this, noting that the feedback the 
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system requires for useful recommendations is instead provided off-platform, discussing 

content with friends. Thus the system is transparent in providing recommendations (to some 

extent as explained above in the paragraph concerning trust) but not fully accurate due to 

missing information, thus lacking usefulness. The perceived subjective transparency of the RS 

is not enough for users to believe that it will provide recommendations to their taste. On the 

other hand, transparency has a large impact on the perceived EOU of the system, as the 

explanation why content is recommended reduces the cognitive effort of the user in having to 

make assumptions whether they would enjoy the content based on its similarity to previously 

consumed movies/series, strengthening the RS’s roles as decision-support system, in line with 

Pu and Chen (2010). Transparency as a signalling tool of the RS’s competence and integrity 

(Wang & Benbasat 2005; Wang & Benbasat 2016) does not have a significant practical impact 

on users’ level of trust, opposed to what Pu et al. (2012) note. However, the relationship is 

statistically significant. Thus, the transparency feature of Netflix fails its role as trust-provider, 

despite this explicit aim as explained by Amatriain (2013). 

Having established the effects of system characteristics and individual trust levels on perceived 

factors, the question whether Netflix RS leads to customer utility needs to be addressed by 

looking at the paths of the core TAM model (H8-12). While not explicitly surveyed, it is 

assumed that the respondents were repeated/ regular users of Netflix (thus not using a free trial 

month). Therefore, it can be speculated that they had already established a perception on the 

ease of use of the RS and the platform in general (as Netflix praises its user friendliness), 

through the perceived quality of the system and information, as noted by Verma et al. (2018). 

EOU has the highest observed mean of all variables measured, indicating the user friendliness 

of the RS (and the platform as the two were not distinguished in the survey). Its significant 

effects on usefulness are in line with Davis (1989) and subsequent research meta-analysed by 

King and He (2006). 

On the other hand the perceived likelihood that the RS will return content that the user will 

enjoy (usefulness) is a strong determinant of attitude, while EOU is not found to be significant, 

reflecting the correlated and causal relationship of EOU and usefulness, as usefulness captures 

the effects of EOU on attitude. The lacking significance of EOU’s effect on A is in contrast to 

the findings of Davis et al. (1989), suggesting that system use does not generate sufficient 

intrinsic motivation to positively and directly impact attitude. Furthermore, the lacking causal 

relationship is incongruent with the results of van der Heijden (2004) regarding the higher 
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impact of EOU on attitude in hedonic systems. However, the findings are in line with Koufaris 

(2002). 

As attitude is the major influence on the behavioural intent to use, usefulness as a bypass to 

attitude is not a significant antecedent, contrary to King and He (2006) who note a strong link 

(which they find because they do not survey models that include attitude). This supports the 

findings of Lengris et al. (2003) that using both attitude towards usage and BI is redundant. As 

the effect of attitude on BI and the effect of BI on usage is significant and large, and the model 

predicting BI explains 66% (see Table 5) of the variance in BI (compared to 40% on average 

as reported by Lengris et al. 2003), the Netflix RS, through the indirect effects of its system 

characteristics on perceived variables, is deemed to lead to customer utility.  

The added feature of user interaction would increase trust significantly, as users view their peers 

as trustworthy sources of authority in terms of competence and integrity (Park et al. 1981). This 

is in line with Tintarev and Masthoff (2007) and Kim et al. (2017). The effect on curation 

remains behind the expectations, in contrast to Kim et al. (2017), who emphasise the positive 

amplification of curation through interaction via social networking features and browsing other 

people’s content. The impact is statistically significant but the practical effect (0.276) fell below 

the benchmark of 0.30 by Cohen (1988). Similarly, the effects of interaction on transparency 

(and subsequently on trust), as noted by Kim et al. (2017), are not observed. The expected effect 

of more curation did not have the desired effect on transparency and subsequently trust that user 

feedback is supposed to encourage, as noted by Amatriain (2013). Instead, it is likely that users 

interact off-platform already and thus have difficulties perceiving increases in transparency 

features in an on-platform interaction setting, as users at the moment do not feel the usefulness 

gains of transparency due to the dissonance observed by Varela and Kaun (2019). Hence, the 

improvements in the perceived variables were not large enough to be statistically significant 

and therefore the proposed improvement to Netflix RS customer utility through introducing 

user interaction is not found to be present. 

Though EOU in interactive RS is lower than EOU in standard systems (see Table 2), in line 

with Sheng and Zolfagharian (2014), also this difference remains statistically insignificant. The 

means of usefulness, attitude toward usage and BI were all measured to be higher in the 

interaction model compared to the initial measurement model of the Netflix RS. However, 

statistical testing of the means has shown that there is not enough evidence to reject the null 

hypothesis that means are the same. What remains unanswered is whether this was due to people 

actually not gaining utility from user interaction features on streaming platforms (such as 
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Spotify, which was presented to the respondents as proxy) or because respondents could not 

comprehend the suggested features due to a lack of a minimum viable product (e.g., in the form 

of a website mock-up). 

 

Table 7: Results of hypothesis testing 

Hyp. Path Coefficient/ 
mean 

T-value P-value Signi-
ficance 

Support 
for hyp. 

H1a Trust  A 0.107 0.935 1.294 n/a No 
H1b Trust  BI 0.346 3.906 0.0002 0.01 Yes 
H2 Curation  U 0.301 3.860 0.0002 0.01 Yes 
H3 Curation  EOU 0.361 5.207 0.007 0.01 Yes 
H4 Transparency  

Trust 
0.223 3.941 0.025 0.01 No 

H5 Transparency  
U 

0.104 1.484 0.140 n/a No 

H6 Transparency  
EOU 

0.319 5.120 0.002 0.01 Yes 

H7 EOU  U 0.355 3.855 0.0002 0.01 Yes 
H8 EOU  A 0.077 0.821 1.520 n/a No 
H9 U  A 0.550 5.587 0.001 0.01 Yes 
H10 U  BI 0.261 3.139 0.106 0.01 No 
H11 A  BI 0.478 1.073 3.144 0.01 Yes 
H12 BI  Use 2.0406 3.503 0.001 0.01 Yes 
H13 Interaction  

Trust_i 
0.561 4.976 0.005 0.01 Yes 

H14 Interaction  
Curation_i 

0.276 2.851 0.254 0.01 No 

H15 Interaction  
Transparency_i 

0.203 2.442 0.216 0.05 No 

H16 BI<BI_i 3.283 < 3.3157 -0.283 0.611 n/a No 
H16a EOU>EOU_i 3.483 >3.3628 1.177 0.120 n/a No 
H16b U < U_i 3.168 < 3.2209 -0.487 0.687 n/a No 
H16c A<A_i 3.265 < 3.1410 -3.43 0.999 n/a No 

  

 
6 Average hours per week of Netflix usage 
7 Measured means instead of path coefficients reported and compared  
8 Measured means instead of path coefficients reported and compared 
9 Measured means instead of path coefficients reported and compared 
10 Measured means instead of path coefficients reported and compared 
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5. Concluding remarks 

5.1 Summary 

This paper has attempted to examine whether users gain utility from using the algorithmic 

recommender system of the popular video streaming platform Netflix. The technology 

acceptance model by Davis et al. (1989) was used to predict the behavioural intent to use and 

self-reported usage. As Gefen et al. (2003) note, the underlying logic of relating usage to utility 

is that users are rational actors, that will increase they usage if they gain utility from using a 

system. Perceived usefulness and perceived ease of use are key beliefs in technology acceptance 

(Davis et al. 1989) and are determined by external variables such as contextual factors and 

system-specifics. Hence, this paper investigates the effects of system-characteristics that 

Netflix exhibits (transparency and curation) as well as factors from other theories (trust) on user 

acceptance and subsequently, utility. Finally, in a forward looking approach the 

operationalisation of Netflix’s strategic direction is attempted and an extension to its existing 

RS suggested. User interaction is added as antecedent to trust, curation, and transparency to 

hypothesise if a more interactive system would lead to higher customer utility.  The paper has 

contributed to the existing literature on technology acceptance of recommender systems by 

drawing on the specific case of a very large and prominent video streaming company, that uses 

algorithmic RS. Thus, the paper has explored whether the user-centric strategy of the company 

is truly embodied in the features of technology of its core product, whether these characteristics 

are significant determinants of core beliefs regarding this technology, and if the beliefs induced 

by system features actually lead to increased usage and utility for users. The findings are 

summarised as follows: 

RQ1: Does the acceptance of the Netflix recommender system lead to increased utility 

for customers in the form of usage and for the company in the form of revenues and 

profits? 

Structural equation modelling of hypothesised paths has shown that user acceptance of Netflix 

RS is significantly influenced by beliefs about usefulness and ease of use. Usefulness has a 

considerable impact on the attitude towards using while attitude strongly affects behavioural 

intent to use. The modelled variables in all of these models explain more than 40% (and up to 

66%) of the variability in the respective outcome variables. Behavioural intent was found to 

significantly impact actual (self-reported) usage, with usage increasing by 2 hours per week for 

every increase in behavioural intent. The findings were reported in Table 5. Hence, the 

characteristics of Netflix RS lead to increased usage and thus, utility. The findings of the 
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research are in line with the non-financial metrics of the company. Following the logic of Gefen 

et al. (2003) that users are rational actors that consume more if it gives them higher utility, users 

are gaining more utility from the Netflix RS, given that already more than 80% of streamed 

content comes from algorithmic recommendations, as indicated by Gorgoglione et al. (2019). 

Furthermore, this positive relationship is confirmed by the underlying business success of 

Netflix. Netflix being a user-centric company utilising customer utility as determinant of 

company utility has resulted in a revenue CAGR11 of 26.18%12 and EBITDA CAGR of 33.12%  

since launching the streaming service in 2007 (Netflix 2008 & Netflix 2021). Shareholders have 

valued this approach as well as the share price has increased by 10,618% (CAGR of 43.34%) 

during the same period13. 

RQ2: What features of the Netflix recommender system are the determinants of customer 

utility? 

The perceived ease of use was found to be a significant determinant of perceived usefulness, 

while usefulness was a major driver of attitude towards using and, to a smaller extent yet 

statistically significant, of BI (see Table 5). Papers published by employees of Netflix 

(Amatriain 2013 ; Gomez-Uribe & Hunt 2015) outline transparency and curation as system-

characteristics of Netflix as well as trust as an external factor that system features such as 

transparency are supposed to induce. The features and the individual perceptions of system 

trustworthiness are supposed to drive the central goal of Netflix: maximizing enjoyment, or in 

other words, utility through user centricity. Thus, this paper examined the linkages of external 

variables trust, transparency, and curation to usage through the beliefs of the TAM. 

Trust was found to have significant impact on behavioural intentions (albeit not on attitude, as 

discussed in section 4.5.1.1 of the analysis). The inconclusive effects of trust hint at people’s 

differing perceptions about the financial risk involved (Wang & Benbasat 2005). On the one 

hand, the perception of immediate risk of financial loss when opting for a recommendation that 

does not yield enjoyment (and thus would result in negative utility, due to the financial 

resources wasted) is not given, as content is all-inclusive (as opposed to Amazon Prime Video). 

 
11 Compound annual growth rate. 
12 While the 2007 figures only include a consolidated revenue amount, the 2020 Netflix annual report distinguishes 
streaming and DVD revenue (the latter being a mere 1% of the former at around USD 240 m). For the purpose of 
this analysis, streaming revenues are considered for 2020. 
13 Day after release of annual report (1st of April 2008 and 2021, respectively) used as reference date for share 
price. 
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This aspect is captured by the insignificant trust-attitude relationship which is a much more 

short-term decision. However, for users considering the medium-term financial risk (whether it 

pays off to pay the monthly or yearly subscription) trust seems to play a role, observed in the 

impact on BI which reflects a longer-term and repeated usage intention. 

Curation was found to be a major driver of utility, as it significantly impacts both usefulness 

and EOU (see Table 5 for details). Thus, the system-specific characteristic curation is a 

substantial factors in driving usage and customer enjoyment. Transparency however does not 

manage to impact usefulness, suggesting that while users find it easier to use the RS through 

transparent interfaces, the information they receive (recommendations) is not useful, as it does 

not reflect the true intentions of the system accurately. While the effect of transparency on EOU 

was significant the effect on usefulness remains behind expectations, in accordance with the 

dissonance Varela and Kaun (2019) note, due to users not providing the system enough 

feedback, resulting in sub-par recommendations and low effects of perceived transparency on 

usefulness. This is also reflected by the insignificant transparency-trust relationship. 

Transparency was shown to have some effects on trust, but failed to produce an impactful 

relationship suggested by Amatriain (2003). While it is rational that more openness and 

transparency results in higher trust, this relationship is not observed in the particular case of 

Netflix RS, as users might not perceive the system as transparent enough to suggest 

benevolence of the system which in return would induce trust.  However, with the increasing 

consciousness of users regarding the handling of their personal data by web-based companies, 

the transparent display where a recommendation is coming from and if it is based on data 

gathered from linked social media profiles is expected have a larger impact on trust in the future.  

Therefore, this paper finds the source of user utility in curation feature characterising the system 

and in the users’ individual perception of trust, depending on the (perceived) financial risk 

involved. The effects of transparency – contrary to Netflix’s objective – does not impact utility 

to the assumed extent (the effect remaining ambiguous and depending on the individual weights 

of usefulness and ease of use on BI). It becomes clear that while a transparent interface should 

be an antecedent to usefulness and ease of use, and provide reciprocal feedback to users and the 

system, thus serving as determinant of increased usage and utility, Netflix fails to establish the 

desired level of perceived transparency. Thus, as indicated in the section on business 

implications, the company faces the strategic trade-offs, whether to increase transparency, 

perhaps at the expense of user-friendliness, through having more labels on the interface. 
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RQ3: Can customer utility be increased by extending the Netflix recommender system 

with user interaction features? 

As some streaming platforms already integrate user to user interaction and emerging 

technologies such as voice control as well as AR/VR are occupying a larger presence in 

people’s lives, Netflix (the company) is also exploring integrating more interaction into its user 

experience. To validate whether user to user interaction increases usage and hence customer 

utility, this paper extends the TAM of Netflix RS by the external variable user interaction. User 

interaction is found to have a strong impact on trust and no significant practical or statistical 

effect on transparency, implying that the lacking magnitude of transparency is also carried 

forward in interaction settings. This hurdle again reflects the issue raised by Varela and Kaun 

(2019), that people already choose to discuss content off-platform, hence moving this option 

online adds little perceived value in the transparency domain. On the contrary, this reduces 

EOU and thus negatively impacts usage and utility. The higher level of trust suggests that users 

see other users as trustworthy source of authority that substitute (or complement) the medium 

level of trust in the RS algorithm. While interaction did have an significant impact on Netflix 

system characteristics and user trust levels, the indirect effects on utility  and usage, mediated 

through the core beliefs, were not significant, suggesting that indeed this (simplified) setting of 

user interaction does not lead to increased utility. 

 

5.2 Business and managerial implications 

A number of managerial and business implications can be derived from these findings. The core 

concept of Netflix – user centricity  - maximises customer success which in turn results in utility 

for the company and its shareholders through increased revenues, a higher stock price, etc. 

(Maryanchyk 2008). As Gorgoglione et al. (2019) observe, applying this principle to its product 

and its recommendation system has resulted in 80% of hours streamed originating from generic 

recommendations while 20% from recommendations based on searches that did not return the 

searched item (due to not being available on the platform) and the user choosing a 

recommended alternative. This has translated into annual revenues of USD 8.7 bn. in 2016 (the 

year of the recommendation statistic). In 2020 this figure stood at USD 25 bn. (Netflix 2021). 

As Gorgoglione et al. (2019) rightfully note, the added value of RS to companies is derived not 

only by prediction accuracy but other user-centric factors. The objectives of the RS ultimately 

serve to achieve the objectives of the company and not necessarily that of the user. When they 

diverge, utility is no longer allocated in a win-win setting but rather to the company at the 
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expense of the user. Netflix operates in the increasingly competitive context of the video 

streaming market in addition to indirect competition from other streaming platforms such as 

Spotify, attempting to capture the attention of users. Netflix changed its business model and 

strategy from renting out DVDs to streaming and has seen large financial success and customer 

loyalty through its personalised recommendations serving as its USP. However, given the  

market entry of tech majors, such as Amazon and YouTube, as well as innovating movie 

industry incumbents such as Disney, Netflix must decide on its future strategy. While this paper 

has adopted a more inward looking view focussing on the resources and capabilities of the 

company to determine technology acceptance of Netflix’s RS, the company needs to understand 

these finding within the broader scope of competitive dynamics. Gaining competitive advantage 

through differentiation with original content and locking the user in is increasingly practiced 

by streaming platforms, the newest potential investment being the planned USD 6.5 bn. 

acquisition of the MGM movie studio by Amazon to bolster its Prime Video service against the 

in-house productions of Netflix and Disney (Flint 2021). 

In recent years the company has expanded on its original content, increasingly investing into 

own productions, some of which are highly successful financially as well as critically 

acclaimed. Netflix produces and airs 1.7 times more original content than the other big 

streaming platforms combined (Weelright 2020), capturing 61.3% of global demand for 

original content. These productions represent a substantial investment into what was previously 

an asset light company. Investors and debtors (Netflix raised USD 15 bn. in debt since 2011) 

demand to see a positive return on these projects (Iqbal 2021). Hence, it is evident that Netflix 

increasingly promotes its own shows offline and online, thus raising the question whether 

algorithmic recommendations still truly reflect a user’s interest or even their free will, as they 

might be nudged to consume (more) Netflix original content, even if the match accuracy or the 

predicted utility would suggest an alternative choice first. Also as Iqbal (2021) notes, two thirds 

of users aged 35-54 prefer original content to external movies and series. To ensure sustained 

user-centricity Netflix must choose whether to continue to base its USP on personalisation 

alone, shift differentiation fully to original content, or manage to bridge the gap and do both. 

The latter scenario represents an ambidextrous strategy (Kollmann et al. 2009), where Netflix 

leverages its core competencies of personalised recommendations with its existing loyal users, 

while drawing in new users with exiting original content, locking them into the platform 

through multi-season content, nudging new users to move from a free trial month to a 

subscription plan, thus increasing revenue. Existing users may opt to try original content 
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through prominent on-platform marketing and transparent labelling as original content and why 

it is shown. At the same time new users may find enjoyment in discovering diverse content 

serendipitously through the existing recommendation approaches, thus increasing their utility.  

Based on the strategic choices of how to compete, outlined above, Netflix must operationalise 

its strategy through allocating corporate resources and capabilities (algorithmic prediction vs. 

content creation and promotion) and adopting the features of its core product accordingly. 

Given the stipulated importance of transparency for Netflix for both user trust as well as output 

quality through feedback (Amatriain 2013), the company should aim to increase said 

transparency if it believes this aspect to be of importance for its systems. However, it is 

admittedly so that the Netflix RS is a set of increasingly complex algorithms that predict for 

maximising different objectives. Relaying this transparently to the user would increase trust but 

most probably decrease usefulness and ease of use due to the information overload, therefore 

requires a well-balanced approach to explain users why they are seeing certain content to 

increase trust and usefulness of recommendations. Given the fact that competing streaming 

platforms such as Amazon Prime Video are more transparent in some aspects (such as 

displaying a precise rating to the first decimal on a 5-point scale), Netflix must choose its level 

of transparency as part of a holistic differentiation approach, where the relative payoffs of all 

features (for example incorporating the effects of financial risk on trust levels of the differing 

pricing models) are considered, in an analysis evaluated on actual users, e.g., through factor 

analysis (Child 1990). 

Viewed in a larger organisational context, this transparency is not limited to the platform. 

Netflix should openly promote their original content in marketing campaigns, inviting users to 

try it despite a potential lack of recommendation fit, thus increasing diversity and subsequently 

utility. As mentioned in the discussion concerning RQ2, the increasing customer awareness of 

private user data being used without the conscious consent of the user or by being collected 

from other sources also increases the scepticism and mistrust in IS. Therefore, if Netflix 

manages to establish trust-building mechanisms (amongst others, through increased 

transparency), the company stands to gain and keep users, potentially at the expense of 

competitors. The paper has shown that the competitive advantages of system characteristics of 

Netflix lead to technology acceptance of the RS, translating into user utility and subsequently 

company welfare. 

If Netflix continues to pursue the strategic path of producing more original content that is 

specifically made for smart devices such as Smartphones, Smart TVs, and Tables, the company 
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can further operationalise this strategic choice by increasing interaction features. While the 

paper has not found a significant impact of user interaction on utility for reasons described in 

previous sections, it is a concept on the rise. AR/VR technologies enable users to interact with 

content in a more immersing way and Netflix has already experimented with original content 

such as Black Mirror: Bandersnatch, in which the way the story evolves depends on the choices 

of the user (Damiani 2019). Combining such user to system interaction with user to user 

interaction enhances the social experience of Netflix and could potentially lead to higher utility 

for users and more usage in the long run. Potential features such as social watching (groups of 

people, each person watching on their own device) or reviewing, liking and commenting on 

friends’ movie playlists could lead to more screen time on Netflix. The platform as mediator of 

user to user interaction (e.g., as visual or audio interface, such as an integrated smart speaker) 

then takes the role of social actor and should thus increase the trust level in the platform (Wang 

& Benbasat 2005). According to Porter (1996) such a strategy would reflect a reinforcement of 

effort, a second-order strategic fit approach, where one system-specific factor (interaction) 

enhances other factors (such as curation and transparency as well as subsequently 

recommendation accuracy) and user perceptions (trust). As a further strategic objective the 

company might consider closer partnerships and integrations of other tech applications such as 

Facebook or Instagram in order to leverage the users’ existing network of friends on these 

platforms for interaction. This integration of elements of other applications would not only 

increase interaction and thus user-friendliness, but also help in providing more data, leading to 

better predictions, both resulting in more utility. The increased amount of user data is then 

surrendered (more) voluntarily and more transparently compared to Netflix simply acquiring 

user data on the market, thus increasing trust in the system through the predictability 

component, as suggested by Lopez et al. (2010). Hence, following Porter (1996) also a third-

order strategic fit can be observed through an optimisation of usage, as company activities are 

geared to increase user friendliness and accuracy through more data collection, both leading to 

more use, that in return generates more data and attracts more new uses due to network effects 

and so on. This reflects Porter’s view that competitive advantage is derived from a holistic 

approach to company activities. 
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5.3 Limitations 

Despite the overall coherent results of the paper with respect to previous research both on TAM 

and RS, as well as literature on and by Netflix, there are several l imitations that need to be 

addressed. The categorisation of limitations follows Chuttur (2009). 

 

5.3.1 Limitations in the methodology for testing the TAM 

As noted in other papers (e.g., Lengris et al. 2003) self-reported system use is different from 

actual system use and might return biased results. Other (self-reported) indicators of usage, such 

as frequency, were not surveyed. The sample size of participants was too small, considering the 

recommendation of Kline (1998) to have at least 200, and 10 or even 20 times as many as 

parameters. The second objective was satisfied as Model 1 (see Fig. 9) incorporated 6 and 

Model 2 (Fig. 10) 7 independent variables, suggesting 120 to 140 participants. Nevertheless, 

the actual valid number of participants (n=127) falls short of the recommended minimum. 

Furthermore, the statements measuring construct items were all phrased positively in order to 

produce consistency and easy legibility when answering the Likert-scale (strongly disagree 

always being on the left, strongly agree on the right). This positive framing without including 

statements suggesting negative sentiment may have resulted in framing bias. Lastly, survey 

respondents had to use their knowledge of the Netflix (and Spotify) RS to respond to the best 

of their ability and rely on the screenshots of the platform interface provided, as no mock-up of 

an actual RS was provided, which would have reduced some ambiguity in the responses.  

While the use of OLS regression analysis in this paper follows the original paper by Davis et 

al. (1989), a number of authors have used partial least squared (PLS) instead, as it is better 

suited for small and medium sample sizes and thus non-normally distributed samples (Hair et 

al. 2011). 

 

5.3.2 Limitations in the variables and relationships present within the TAM 

The variables reflecting system characteristics and individual perceptions of Netflix RS were 

chosen deterministically by the author based on literature on the matter. Only three variables 

(plus user interaction as the fourth) were included to limit the scope of both the paper and the 

survey. A larger set of variables inhibiting Netflix’s features should have been analysed and 

prioritised, selecting the most relevant ones. Financial risk as an antecedent to trust could have 
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been observed if more demographic data had been collected, such as household income or 

employment status. Furthermore, the actual usage of the system is assumed to be dependent on 

external factors, such as the employment and family situation of the user (presumably a 

seasoned full-time employee with two kids has less time to watch Netflix than a student). These 

factors were not measured, possibly biassing the results. 

Additionally, no distinction was made between new users and repeated users, despite them 

being targeted by different algorithms. Reliability and validity checks performed deemed items 

Trust 2 and Usefulness 2 to be compromised. However, they were not excluded for reasons 

detailed in section 4.3 of the analysis. The inconsistency in trust may have resulted from 

combining the trust components ability, integrity and benevolence (Gefen et al. 2003) into one 

composite construct of trust, with one item for each component. Multihoming was not 

addressed further as it was prone to reverse causality, explained in section 4.2 of the analysis. 

A more nuanced surveying and analysis of multihoming could have yielded insights on the 

churn of users to other platforms, its mediating effect on the impact of BI on usage, as well as 

relative utility derived from Netflix vis-à-vis other services. Responses were demographically 

homogenous with little dispersion in age. A more diverse sample could have provided insights 

into age effects in adoption as it is frequently the case with novel technologies (Ventakesh & 

Morris 2000). 

Postulating utility gains as outcome of usefulness and ease of use, via increased BI and usage 

is somewhat deterministic, despite appearing in literature of both academics (Pu et al. 2012) as 

well as Netflix employees (Amatriain 2013). The positive relationship of utility and usage is 

based on the assumptions that users are rational (Gefen et al. 2003). However, this research is 

limited in the sense that it does not incorporate an objective measure of utility through utility 

functions or measure relative utility of Netflix RS vs. alternatives that the user might choose to 

consume. Utility gains might be higher for other systems at a particular moment, but users might 

opt to stay on Netflix as they have already invested resources (financial, time) to find content 

(representing a sunk cost). 

 

5.3.3 Limitations in the theoretical foundation for the TAM 

In line with Lengris et al. (2003) the inclusion of both attitude and behavioural intentions in the 

model produced some redundancies and implied some insignificant relationships.  Relating to 

the point made in the previous section, the model assumes actors to be rational, which in reality 
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often is not the case. As such usage might be mediated by a number of external user-specific 

factors that the model does not incorporate. Furthermore, as noted by Bagozzi (2007), the link 

between BI and actual use is more spurious than the model suggests, as users still opt out of 

actual usage after having decided to use Netflix, e.g., if finding appropriate content takes too 

long (withing 60 to 90 seconds, according to Gomez-Uribe and Hunt 2009).  

 

5.4 Further research 

This paper has only touched on some aspects of the acceptance and customer utility of the 

Netflix RS, leaving much more to be explored by future research. Given the central role of trust 

and its relations to system-specifics, the research could be conducted with the integrated Trust-

TAM model by Wang and Benbasat (2005), examining the effects of system characteristics on 

usage, mediated by a more diversified and complex trust construct. Furthermore, longitudinal 

components may be introduced to examine acceptance, and change in utility over time, and 

gain a better understanding in the utility levels of new vs. seasoned users. Longitudinal studies 

should also reflect possible strategic shifts of Netflix and investigate the allocation of utility, 

i.e., whether a shift to a more original content-focused offer increases company utility at the 

expense of customer utility (e.g., through the goal incongruence of intransparent 

recommendations) over time. 

Additionally, user acceptance of Netflix RS should be explored in the form of comparative 

studies given the context of market dynamics, where users are simultaneously subscribing and 

using different platforms (multihoming). As competitors are imperfect substitutes, the negative 

utility created by one platform through long searches with sub-par results, inaccurate 

recommendations etc. may create churn to other platforms (Cennamo et al. 2018) and create 

higher relative or absolute utility. As such, the relationship between BI and usage/utility could 

be investigated further, taking into account the time lapsed between formulation of intent and 

actual usage, as well as the switching costs to other systems. This paired with the impact of 

different business models and hence pricing structures on usage, mediated by the salience of 

perceived financial risk in trust, provide an interesting basis for a multiple-company case study, 

embedding TAM as determinant of competitive advantage of systems.  

Finally, given the two-sided nature of Netflix and its continued shift to more high profile 

original content, it is worth investigating the impact of customer utility on the producer side of 

the platform, namely how the user-centric RS aimed at maximising company objectives affects 
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the long tail of less popular and less recommended content. Hence, relating company, producer 

and customer utility to direct and indirect network effects provides a multi-perspective advance 

into the yet little explored research area of technology acceptance of multi-sided platforms. 
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7. Appendix 

 

7.1 Modified reliability checks for Trust 2 and Trust 1 & 3 

 

Table 8: Reliability and validity measurements of Model 1 with Trust 2 

Construct Mean Standard 
deviation 

Cronbach’s 
alpha 

Composite 
reliability 

Factor 
Loading 

Trust 3.301 0.913 n/a 15.898  
Trust 2     8.121 

 

Table 9: Reliability and validity measurements of Model 1 with Trust 1 & 3 

Construct Mean Standard 
deviation 

Cronbach’s 
alpha 

Composite 
reliability 

Factor 
Loading 

Trust 3.008 0.913 -0.017 0.136  

Trust 1     0.535 
Trust 3     -0.016 

 

7.2 Modified fit statistics for Model 1 including Trust 2 and Trust 1 & 3 

 

Table 10: Fit statistics of Model 1 vs. Model 1 with Trust 2 and Trust 1 & 3 

Model Chi-squared df CFI TLI SRMR RMSEA 

Model 1 (initial) 344.613 28 0.910 0.874 0.054 0.090 
Model 1 (Trust 2) 288.734 28 0.942 0.919 0.054 0.068 

Model 1 (Trust 1 & 3) 344.636 28 0.918 0.886 0.053 0.086 
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7.3 Evaluation of structural model 1 with Trust 2 and Trust 1 & 3 

 

Table 11: OLS regression results of Model 1 relationships with Trust 2 (only relevant 

relationships presented) 

 Trust 2 A BI 
A   0.509*** 

(0.076) 
U  0.591 

(0.089) 
0.406*** 
(0.079) 

EOU  0.100 
(0.092) 

 

Transparency 0.116 
(0.092) 

  

Trust 2  -0.022 
(0.058) 

0.018 
(0.049) 

Age  -0.015** 
(0.007) 

0.004 
(0.006) 

Gender  0.002 
(0.112) 

-0.011 
(0.094) 

Constant 2.909*** 
(0.313) 

1.550*** 
(0.402) 

0.153 
(0.329) 

Observations 127 127 127 
R2 0.013 0.422 0.618 
Adjusted R2 0.005 0.398 0.602 
Res. Std. Error 0.907 (df=125) 0.594 (df=121) 0.497 (df=121) 
F Statistic 1.599 

(df=1; 125) 
17.647*** 
(df=5; 121) 

39.113*** 
(df=5; 121) 

Note: *p<0.1; **p<0.05; ***p<0.01 
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Table 12: OLS regression results of Model 1 relationships with Trust 1 & 3 (only relevant 

relationships presented) 

 Trust  1 & 3 
(composite) 

A BI 

A   0.485*** 
(0.073) 

U  0.561*** 
(0.096) 

0.292*** 
(0.082) 

EOU  0.082 
(0.094) 

 

Transparency 0.224*** 
(0.057) 

  

Trust 1 & 3 
(composite) 

 0.087 
(0.109) 

0.297*** 
(0.086) 

Age  -0.015** 
(0.007) 

0.004 
(0.005) 

Gender  0.009 
(0.112) 

0.011 
(0.089) 

Constant 2.250*** 
(0.196) 

1.382*** 
(0.391) 

-0.234 
(0.309) 

Observations 127 127 127 
R2 0.109 0.424 0.652 
Adjusted R2 0.101 0.400 0.638 
Res. Std. Error 0.568 (df=125) 0.593 (df=121) 0.475 (df=121) 
F Statistic 15.226 

(df=1; 125) 
17.818*** 
(df=5; 121) 

45.338*** 
(df=5; 121) 

Note: *p<0.1; **p<0.05; ***p<0.01 

 


