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This study explores a new way to model the adoption of Al specifically online recommender systems. It aims to
find factors that can explain the variation in usage in terms of differences between individuals and differences
over technologies. We analyzed survey data from users of online platforms in the U.S. using a two-level structural
equation model (SEM) (N = 1007). In this model, the dependent variable was the usage rate, which was defined
as the share of time a person used a particular recommender system (e.g., “People You May Know”) when they
use the platform (e.g., Facebook). The individual responses (within-systems level) were clustered in the 26
recommender systems (between-systems level). We hypothesized that three technology-specific factors, adapted
from the Diffusion of Innovations (DOI) theory and the Unified Theory of Acceptance and Use of Technology 2
(UTAUT2), could explain the variations in usage at both levels: perceived performance expectancy (PE),
perceived effort expectancy (EE), and perceived hedonic motivation (HM). Our estimated model showed that
usage was associated with PE and HM at the within-system level and only with PE at the between-system level. A
considerable part of the variation in usage across the 26 systems could be explained by PE only (R? = 0.30). The
most important contribution to practitioners is that this study provides evidence for the idea that there are
inherent, measurable differences across recommender technologies that affect their usage rates, and specifically
it finds usefulness to be a key factor. This is potentially valuable for app developers and marketeers who look to
promote the adoption of novel recommender systems. The main contribution to the literature is that it presents a
proof-of-concept of a two-level model for Al adoption, conceptualizing it as an effect of both variations over users
and variations over applications. This finding is potentially valuable for policymakers, as better predictive
models might enable improved assessments of AI's social implications. In future studies, the two-level approach
presented here could be applied to other forms of Al, such as voice assistants, chatbots, or Internet of Things
(IoT).

1. Introduction 1.1. Online recommenders

While recommender systems have become integral to the Internet A recommender system is here defined broadly as: “any system that

experience, the extent to which the recommendations are actually used
varies surprisingly widely across platforms. For example, suggestions
influenced 80% of hours streamed on Netflix, according to Gomez-Uribe
and Hunt (2016), while personalized playlists at Spotify accounted for
only 17% of monthly content hours in 2017 (Spotify Technology, 2018).
The reason for this variation has not yet been clarified, and this is
explored in the current study.
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produces individualized recommendations as output or has the effect of
guiding the user in a personalized way to interesting or useful objects in
a large space of possible options” (Burke (2002); p. 331). It offers sug-
gestions for products, location-based services, personalized fashion, as
well as news, book, video, and music tracks, for example. It is also
considered to be a central technology in the Internet of Things (IoT), “an
emerging paradigm that envisions a networked infrastructure enabling
different types of devices to be interconnected” (Felfernig et al., 2019, p.
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285).

Recommender systems that offer personalized content make up one
of the first types of Artificial Intelligence (AI) to reach the public. (AI
here refers to software with abilities that are generally associated with
intelligent beings, such as learning, problem solving, and perception
(Copeland, 2022).) Already in 2019, Al in the form of deep learning
technology was used for recommendations or ranking of content in the
most popular platforms (Engstrom & Strimling, 2020). Today, Al is an
inherent part of most recommender technologies and it is expected to
enhance them even more in the future. Zhang et al. (2021) outlined the
potential deployment of different types of Al to improve predictions in
such systems, for instance by reinforcement learning, natural language
processing, and computer vision. Al suits recommender systems because
this technology tends to function well for predictions in contexts where
the error tolerance is high and where there is an abundance of data.

In early research, Burke (2002) described three categories of rec-
ommenders: collaborative filters, which identify commonalities across
users and generate suggestions by comparing their different ratings;
content-based recommendations, in which different alternatives are
linked by their associated systems; and utility-based recommenders,
which make suggestions based on an assessment of the match between
the user’s needs and the options available. While the first of these cat-
egories highlights that recommender systems are social technologies that
spread awareness of what content other users are consuming, the latter
suggests that they are technologies that enhance usefulness. However, it
is not fully understood what drives usage of recommender systems.
Intuitively, it seems that users benefit from recommender systems by
improved communication, collaboration, and efficiency, as well as fun
or pleasure. As formulated by Zanker et al. (2019), online personaliza-
tion systems are technologies that “provide the most relevant user
experience” (p. 160). Then again, it is not obvious what “relevant”
means for different people.

1.2. Aim and objectives

Rogers (2003) asked “What characteristics of innovations affect the

How often will this person use this technology?
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rate at which they are adopted?” (p. 219). He argued that researchers
had often seen innovations as equivalent units, which he considered to be
an oversimplification, and he called for comparative studies in this field.
To shed light on this aspect of innovation diffusion, the current study
aims to develop a model of Al adoption that accounts for variations over
technologies as well as differences over individuals (the conventional
approach). Essentially, the research gap that it contributes to fill is the
lack of comparative studies of AI adoption across applications. We
concentrate on a subcategory of AI (recommender systems) as a
proof-of-concept.

Specifically, we report on the findings from an online survey that
asked platforms users (e.g., Facebook) to express how often they used its
recommender system (e.g., “People You May Know™) (N = 1,007, and 26
recommender systems). We then evaluated the average usage rate per
recommender system, which we set as the dependent variable in a
regression model. Subsequently, we examined various predictors that
could potentially explain the variation in usage. The proposed model
accounted for the average perception per technology in a group of po-
tential users, and for individual variations from these averages, as
depicted in Fig. 1. We focus on two research objectives. The first is to
find factors that contribute to explain the variation in usage of recom-
mender systems among individuals (subsection 2.2), and the second is to
find factors that drive the variation in usage across technologies (sub-
section 2.3).

1.3. Contributions

The main contribution of this study is that it explores a new model
for the usage of Al applications that could be used for predictions. It
conceptualizes variations over Al adoption as an effect of variations over
individuals’ perceptions and variations over the average perception per
application (Fig. 1). The investigation supports better understanding of
Al diffusion in two main ways. First, by comparing usage across different
technologies, we add an important perspective to the literature since
earlier studies have mainly addressed differences in acceptance between
individuals (Ayanwale & Ndlovu, 2024; Bouteraa et al., 2024). We have

X
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Fig. 1. How often will a particular person use a particular technology? The model presented postulates that this depends on two things: 1) How the technology is
perceived by the population of potential users in general; for example, whether it is seen as relatively useful; and 2) How the technology is perceived by the individual
in terms of the deviation from the average; for example, whether the person finds it more fun to use than people in general do.
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not found any earlier study that has compared and modeled the differ-
ence in usage over a variety of Al applications in this way. Second, by
focusing on real and specific instances of Al (recommender systems), we
make the evaluations concrete for the participants in the survey. Pre-
vious research has often regarded broader conceptualizations of Al
(Cabrera-Sanchez et al., 2021; Gansser & Reich, 2021). It is valuable to
evaluate specific applications of Al (Schepman & Rodway, 2020),
because generalizations may be biased due to cognitive heuristics or
media coverage (Sloman & Lagnado, 2005).

Because we seek to find the features of recommender systems that
correlate with usage, the study is relevant for platform developers and
marketeers who develop and promote new systems. By contributing to
developing models of Al diffusion more generally, it is also potentially
useful for people who look to predict which applications of Al are likely
to spread faster than others and why. Better predictions of the diffusion
of different forms of Al are useful for policymakers and researchers who
are interested in AI’s future social impacts.

1.4. Scope and delimitations

Since the study focused on the acceptance of recommender systems,
the dependent variable was usage of such systems given usage of the
platform; therefore, all the respondents in the survey used the platform
with the recommender. Further, because the study explored a novel
methodological approach that depended on the analysis of many
different technologies, the number of explanatory factors examined
needed to be limited to ensure statistical robustness. Hence, we put
emphasis on a few factors. All of these were centered on the technology’s
characteristics (e.g., usefulness), rather than the individuals’ (e.g.,
gender). This is an important delimitation of the study. We concentrated
on factors that were relevant for both levels of analysis to enable com-
parisons of the results at the two levels. To include as many systems as
possible, we considered a wide range of recommender systems in terms
of the type of content suggested.

2. Literature review and hypotheses development

This section first presents the theoretical foundation and then moves
on to address the two research objectives.

2.1. Theoretical background

The most influential theories in this field are the Diffusion of In-
novations theory (DOI) (Rogers, 1962), the Theory of Reasoned Action
(Fishbein, 1980), the Technology Acceptance Model (TAM) (Davis,
1989), as well as the Innovation Diffusion Theory (Moore & Benbasat,
1991). Of these, the current study draws theoretically on DOI and TAM.
DOI is one of the oldest theories within social science, and TAM is the
most parsimonious and generic model within technology acceptance,
one of the most studied topics in Information Systems research (Nikou,
2019). A key difference between DOI and TAM is that the former con-
ceptualizes diffusion as a group phenomenon, while the latter considers
technology acceptance as a personal behavior. Thus, while DOI is
concentrated on broader dynamics of innovation adoption in a popula-
tion (Ayanwale & Ndlovu, 2024), TAM focuses on the individual. In the
current study, we consider both perspectives. This way, we build on
earlier research by Nikou (2019), studying smart home technology, and
Ayanwale and Ndlovu (2024), focusing on chatbot technology, both of
which integrated DOI and TAM.

According to DOI, the central drivers of diffusion are (Rogers, 1983):
the innovation itself, which could be a novel idea, process, or object, for
example; the adopters, the individuals, households or organizations
using the innovation; communication channels, which pertain to how
adopters get to know about the innovations, such as mass media or word
of mouth; time, as most innovations take time to spread; and the social
system, which concerns how the different influences are linked to each
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other, such as the nature of social relationships and their links to various
media and organizational or government structures. In this study, we
focus on the first driver: the innovation itself and its characteristics. DOI
and TAM and its extensions have important similarities when it comes to
the technology-specific characteristics that have been identified as
drivers of adoption.

The original version of TAM specifically relates to employees, and it
accounts for two constructs that are theorized to drive the behavioral
intention to accept a new technology, that is, the individual’s disposition
to use it (Davis, 1989; Davis et al., 1989); the first one is perceived
usefulness, which is the degree to which a particular technology en-
hances job performance, and the other is perceived ease of use, which
reflects how much effort is needed to use it. Based on a review of TAM in
addition to seven other models, Venkatesh et al. (2003) developed
UTAUT, which additionally accounts for the effect of social influence,
the extent to which users perceive that important others believe that
they should use a particular technology; and facilitating conditions, the
users’ perceptions of the resources and support that are available. Since
TAM and UTAUT were developed for employee adoption, the latter
model was later adapted for non-organizational settings, such as con-
sumer markets, in UTAUT2 (Venkatesh et al., 2012). It adds three con-
structs to UTAUT: hedonic motivation, the fun or pleasure derived from
using the technology; price value, the value perceived by the consumer
in relation to the price paid for using the technology; and habit, the
habitual and natural use of the technology.

TAM and its extensions have successfully been used to model the
acceptance of technologies such as instant messaging (Glass & Li, 2010),
e-shopping (Ha & Stoel, 2009), social networks (Hartzel et al., 2016),
and mobile navigation systems (Yang et al., 2021). Simliar models have
also been applied to Al applications in particular (Ayanwale & Ndlovu,
2024; Bouteraa et al., 2024; Cabrera-Sanchez et al., 2021; Gansser &
Reich, 2021; Li et al., 2024; Nikou, 2019; Nordhoff et al., 2020; Yilmaz
et al., 2023). For example, an extension of TAM was used as the con-
ceptual foundation for an acceptance scale for generative Al in educa-
tional settings, showing high reliability and validity (Yilmaz et al.,
2023). One recent study of focused on Al in the form of chatbots for
mental health, and the authors proposed an extension of UTAUT with
the factors stigma, privacy concerns, and Al hesitancy (Li et al., 2024).
However, while it is relatively common in the literature to extend
UTAUT or UTAUT2 with more constructs (Cheng et al., 2020; Li et al.,
2024; Schomakers et al., 2022; Suhail et al., 2024), we have not seen any
earlier study that uses any of these models to compare adoption over
many different technologies. This motivates the current study, in which
we conceptualize adoption as a matter of both the individual’s percep-
tions and the features of the technology.

2.2. Variations in usage over individuals

In this subsection, we focus on the first objective to explain the
variation in usage of recommender systems among individuals. We
formulate three hypotheses, based on earlier research.

2.2.1. Performance expectancy

In early studies on TAM, Davis (1989) and Davis et al. (1989) found
that technologies that are perceived to be more useful are more likely to
be accepted. In the more recent literature, a wide range of studies have
confirmed that perceived usefulness, and the related construct of per-
formance expectancy (PE) in UTAUT (Venkatesh et al., 2003), correlates
with behavioral intention towards adoption. For example, Glass and Li
(2010) found that perceived usefulness impacted the adoption of instant
messaging in an analysis comparing non-adopters and adopters. Also,
perceived performance expectancy was found to be a significant driver
of the behavioral intention to use AI in three segments, mobility,
household and health (Gansser & Reich, 2021). Perceived performance
expectancy has moreover been found to be significant for recommender
systems in e-commerce (Cabrera-Sanchez et al.,, 2020), which is
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particularly relevant for the current study. Applying an extended version
of UTAUT to study the adoption of AI chatbots for mental health among
U.S. adults with depression and anxiety symptoms, Li et al. (2024) re-
ported that performance expectancy was positively related to intentions
to use Al and continued usage. Bouteraa et al. (2024) drew on UTAUT
and social cognitive perspectives to study students’ adoption of chatGPT
and found that it was associated with performance expectancy. Consis-
tently, a study of among university students in the United Arab Emirates
(UAE) reported that performance expectancy was associated with the
intention to adopt robots in higher education as they estimated an
extended UTAUT2 model (Suhail et al., 2024). On the other hand,
Ayanwale and Ndlovu (2024) did not find a direct association between
usefulness and the behavioral intention to use chatbots for educational
uses in a study of undergraduate students. These mixed results call for
further research. We hypothesize, in consistency with most earlier
studies:

Hla. Individual differences in perceived performance expectancy are
positively (+) associated with usage of recommender systems.

2.2.2. Effort expectancy

The second factor in TAM that has been proposed to influence the
behavioral intention to accept new IT applications is perceived ease of
use (Davis, 1989; Davis et al., 1989). Glass and Li (2010) reported that
perceived ease of use impacted the adoption of instant messaging. The
related construct in UTAUT, effort expectancy (EE), has also been
observed to be associated with the behavioral intention to adopt Al in
the household, mobility and health segments (Gansser & Reich, 2021).
Consistently, effort expectancy was found to be a significant predictor of
recommender system adoption (Oechslein et al., 2014). On the other
hand, Cheng et al. (2020) reported that effort expectancy was insignifi-
cant when it came to predicting continuous use intentions of mobile
news apps in India. In agreement, Ayanwale and Ndlovu (2024) did not
find a direct association between perceived ease of use and behavioral
intention to use chatbots for educational uses. Again, we find that the
results are mixed, which motivates further research. We hypothesize:

H1b. Individual differences in perceived effort expectancy are posi-
tively (+) associated with usage of recommender systems.

2.2.3. Hedonic motivation

UTAUT?2 includes another construct, hedonic motivation (HM), that
is, the fun or pleasure derived from using a technology (Venkatesh et al.,
2012). It has been found to be a predictor of Al adoption in many earlier
studies. For example, Suhail et al. (2024) found that hedonic motivation
was associated with students’ adoption intentions around robot, and
Bellet and Banet (2023) reported that it was related to usage intentions
for automated shuttles. Moreover, in a study of the acceptance of mobile
health apps among German participants, hedonic motivation was the
only significant predictor in both of the studied categories (lifestyle and
therapy), and the authors concluded that the acceptance of such apps
was determined by emotional factors, rather than utilitarian ones, such
as usefulness (Schomakers et al., 2022). In agreement, this factor was the
strongest predictor of the acceptance in a study of (conditionally)
automated passenger cars (Nordhoff et al., 2020). This result was
consistent with findings in a study of the acceptance of automated road
transport systems (Madigan et al., 2017). Hedonic motivation has also
been reported as a predictor for the adoption of recommender systems
specifically (Cabrera-Sanchez et al., 2020; Oechslein et al., 2014).
Therefore, we hypothesize:

Hlc. Individual differences in perceived hedonic motivation are
positively (+) associated with usage of recommender systems.

We did not consider the UTAUT2 constructs of social influence,
facilitating conditions, price value and habit, as they are of limited
importance for comparisons across recommender systems; for social
influence, it is not obvious to another user when a person uses such a
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system, which means that the importance of peer pressure is unlikely to
have considerable effect. Price value and facilitating conditions are
likewise unlikely to be very influential, since recommender systems are
free to use, and online platforms manage their functioning. The UTAUT2
construct of habit was not included since this factor conceptually
overlaps with the dependent variable (usage rate).

2.3. Differences over technologies

In this subsection, we address the second objective, finding
technology-specific factors that can explain differences in adoption over
systems. This objective is associated with three hypotheses that are
theoretically grounded in DOL.

2.3.1. Relative advantage

Primarily, we considered DOI's conception of perceived relative
advantage of using an innovation as compared to the idea or technology
it replaces (Rogers, 2003). This aspect may differ between recommender
systems and it may be important to explain the variation in how often
they are used. It has been confirmed as a key factor in earlier studies on
AT for example, relative advantage was found to be related to students’
behavioral intention to use chatbots in Ayanwale and Ndlovu (2024).
Moreover, relative advantage can be viewed as DOI’s counterpart to the
construct of perceived performance expectancy in UTAUT2, and many
earlier studies have found that this factor is positively associated with
adoption intentions for Al-driven technologies (Bellet & Banet, 2023;
Gansser & Reich, 2021; Nordhoff et al., 2020). For example, Bellet and
Banet (2023) found that perceived usefulness was associated with usage
intentions of automated shuttles among French citizens. Nordhoff et al.
(2020) reported that acceptance of conditionally automated passenger
cars was associated with performance expectancy among European car
drivers. However, most of these studies consider only one application at
the time, and to our knowledge there are no studies that have evaluated
whether PE can explain the variation in adoption across Al innovations.
Therefore, we hypothesize:

H2a. Average perceived performance expectancy is positively (+)
associated with average usage per recommender system.

2.3.2. Complexity

The second factor in DOI that has been theorized to influence inno-
vation diffusion is its perceived complexity (Rogers, 2003), which can be
viewed as a counterpart to the construct of perceived effort expectancy
in UTAUT2. This is one of the main factors in the TAM literature, and its
importance for adoption has been confirmed in many earlier studies; for
example, Nikou (2019) investigated the relationship between perceived
ease of use and the intention to use smart home technology, and found a
significant direct effect. Moreover, Gansser and Reich (2021) observed
that perceived effort expectancy was related to the behavioral intention
to use AL On the other hand, in their meta-analysis, Tamilmani et al.
(2021) concluded that the most questioned path in the UTAUT2 litera-
ture was the one between effort expectancy and behavioral intentions.
Nevertheless, this factor seems to be important for Al, and it might vary
over applications, and so we hypothesize:

H2b. Average perceived effort expectancy is positively (+) associated
with average usage per recommender system.

2.3.3. Compatibility

The third factor that has been theorized to influence diffusion is
perceived compatibility with user values or past experiences, which
include socio-cultural values, existing practices, ideas, or needs (Rogers,
2003). This factor can mean many different things in different contexts.
Rogers (2003) exemplified it by referring to the slow adoption of
improved rice varieties (“miracle rice”) due to taste incompatibility
among villagers in southern India. This factor has also been found to
influence the adoption of Al for example, Ayanwale and Ndlovu (2024)
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found that perceived compatibility with learning styles among students
was associated their behavioral intention to use chatbots. In the case of a
recommender system, this factor could relate to the enjoyment or
pleasure derived from using it, which may vary across systems and could
drive differences in adoption rates. In this context, the notion of
compatibility with values in DOI thus relates to the concept of hedonic
motivation in UTAUT2. A meta-analysis of UTAUT2 research found that
29 out of 33 (88%) studies that had examined the relationship between
hedonic motivations and use intentions had reported significant values
(Tamilmani et al., 2021). Therefore, we account for this factor in our last
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hypothesis:

H2c. Average perceived hedonic motivation is positively (+) associ-
ated with average usage per recommender system.

Consequently, we focused on three factors in DOI (relative advan-
tage, complexity, and compatibility). Since these are conceptually
related to three factors in UTAUT2 (performance expectancy, effort
expectancy, and hedonic motivation), we used the UTAUT2 constructs
to operationalize the DOI factors. We disregarded the two remaining
factors in DOI, perceived trialability, the ability to test and experiment

The structural model with six hypothesized paths
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Fig. 2. The two-level SEM with the hypothesized paths (-/1a-HI1c and H2a-HZ2c), showing the within-system structure (individuals) and the between-system structure
(technologies). Oval shapes stand for latent variables, and box shapes stand for observed variables, while arrows are paths and loadings.
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with it, and perceived observability, the visibility of the innovation to
other prospective adopters (Rogers, 2003). As the study focused on
recommender system usage among platform users, all the systems were
free and accessible to use, which means that trialability can be supposed
to be high for all of them. Furthermore, the extent to which users rely on
recommender systems is normally not visible to others, which means
that observability is unlikely to vary considerably across systems. Hence,
these aspects were not expected to have a large effect on the variation in
usage.

3. Methodology

The empirical foundation for this study was an online survey among
platform users, and their responses were analyzed using structural
equation modeling (SEM).

3.1. Structural model

The dependent variable the regression was usage of recommender
systems, an observed variable, and the independent variables were the
perceived properties of such systems (PE, EE and HM), which were
latent variables. To analyze variations over individuals and systems,
respectively, we estimated a two-level model with hierarchically struc-
tured data. The dependent variable (usage) was thus regressed on pre-
dictors at two levels: within-system differences (individuals) and
between-systems differences (recommender technologies). Thus, the
individual responses at the within-system level were clustered in the 26
recommender systems at the between-system level. This allowed the
residuals to not be independent across the different systems. Fig. 2
shows the structural model with the hypotheses.

3.2. Survey items

The questions in the survey were based on the constructs for
perceived performance expectancy, perceived effort expectancy, and
perceived hedonic motivation in UTAUT2 (Venkatesh et al., 2012). We
adapted these items to fit recommender systems, and we only included
those that were relevant for this technology (Table 2). The formulations
were adapted to ensure that the respondents evaluated the specific
recommender system in question, and not the platform. The responses
were of Likert type, ranging from “Strongly disagree” (1) to “Strongly
agree” (7). To elicit characteristics of the systems rather than the in-
dividuals, the respondents were asked whether they thought people in
general would agree with the statements. As we focused on recom-
mender systems, we surveyed actual (stated) usage instead of behavioral
intentions, which is the dominant approach in TAM literature. We did
this because the study was focused on existing platform users, and so we
had good reasons to assume that all the respondents had access to the
system in focus. Thus, usage was measured by a novel one-item
construct, according to: “When I use [the platform, such as Netflix], I
use [the recommender system, such as ‘Top Picks for You’] ... of the
time”, with a slider ranging from 0% to 100%. The full survey is pre-
sented in Supplementary Material S1.

3.3. Sampling and data collection

We designed the survey with the Qualtrics Survey Software (2023),
and we used Prolific (https://www.prolific.com) to recruit the partici-
pants, distribute the survey, and collect the responses. The survey was
based on a convenience sample of U.S. residents aged 18 years and
above. It was conducted in June 2023. The respondents were recruited
under informed consent, and they were notified that they could with-
draw from the survey at any point without any implications. The survey
covered basic demographic data, such as gender, age, and level of ed-
ucation, as well as a set of questions that considered platform usage as
well as perceived characteristics and usage of recommender systems. To
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target platform users, the respondents were explicitly asked at the
beginning of the survey which platforms they had experience of using,
and if they were aware of the corresponding recommender system. From
this subset, one platform was then randomly selected as the focus of
further questions (e.g., the “Top Picks for You” system on Netflix).
People who had no experience of any of the platforms were excluded
from further questioning. Each respondent only evaluated one recom-
mender system to ensure independence across the samples.

3.4. Data quality

We ensured the quality of the data by a range of measures. Espe-
cially, we focused on reducing the risk of common method variance
(CMV), which happens when the variance in the data is an effect of the
measurement method rather than the hypothesized factors (Podsakoff
etal., 2003). We used clear instructions, avoided complex questions, and
kept the survey brief. We pre-tested it among our colleagues to ensure
that the questions were unambiguous and easy to understand. A pilot
study was also run on the same platform as the main study; in this test, as
well as in the final survey, we encouraged the respondents to comment
on whether anything was hard to understand, and we asked if they had
any other observations on the survey design. The feedback that we
received confirmed that the survey was understandable.

Additionally, the survey did not include questions with factual an-
swers, in agreement with recommendations (Goodman et al., 2013). To
ensure respondent naiveté, the participants who had taken part in the
pilot were not invited to take part in the actual survey. The survey
completion time was short, generally below 6 min, which meant that
there was a low risk of respondent fatigue, a known limitation of online
samples (Goodman et al., 2013). Also addressing this issue, the survey
included an item to ensure the respondents’ full attention: we asked
them to select “strongly disagree” to show that they had read the state-
ment. This attention check was randomized among the statements that
were presented in a matrix question, and all the participants who failed
it were excluded from the analyzed data. To further reduce the risk of
CMV, we used different scales for the dependent variable (usage), as
compared to the independent variables (Podsakoff et al., 2012); spe-
cifically, we used a gliding scale for usage, and a Likert-type scale for
perceived system characteristics. These items also appeared on different
pages of the survey, thereby separating measurements in time and space.
Moreover, to reduce potential acquiescence bias and left-side selection
bias we used a descending scale (“disagree” — “agree”) (Maeda, 2015). In
addition, we randomized the order of the items for each respondent to
mitigate any sequence effects (Podsakoff et al., 2003). At the beginning
of the survey, we presented its purpose, and the respondents were asked
to commit to answering the questions thoughtfully, stressing that we
valued the quality of the data (see also Geisen, 2022). Providing re-
spondents with a contextual awareness in the form of comprehensive
instructions has been shown to increase motivation and reduce bias
generally (Podsakoff et al., 2012).

3.5. Statistical analyses

We developed the two-level SEM in two stages: first, we confirmed
the measurement model that related the latent constructs to the
observed items, and then we analyzed the estimated paths in the
structural model. To validate the measurement model, we evaluated the
measurement scales for the three constructs to make sure that they
satisfied measurement invariance requirements across the 26 systems,
using the approach suggested by Jak et al. (2013). Measurement
invariance implies that the scores on the measurement scales can be
compared across recommender systems, and this ensures that the asso-
ciations estimated at the between-system level are not biased. We used a
two-level confirmatory factor analysis (CFA) with equal factor loadings
across the within-system and between-system levels, and zero residual
variance at the between-system level. We considered established
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Table 1

The recommender systems examined, sorted by the name of the corresponding platform.
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Platform Service Recommender system name Example recommendation Downloads on Google Play (2023)
Airbnb Short-term housing “Explore” Accommodation 100
Amazon Kindle E-book service - Books 100
Amazon Prime Video Streaming service for films and TV-series - Films 500
Amazon Shopping Online shopping from different retailers “You might also like” Products 500
Apple Books E-book service “For You” Books NA
Apple Music Music streaming service “For You” Music tracks 100
Audible Audio book service “Discover” Audo books 100
Disney+ Streaming service for films and TV-series - Films 100
HBO Max Streaming service for films and TV-series “For You" Films 100
Instagram Photo and video-sharing social networking “Explore” Photos 1000
MyFitnessPal Workout app “News Feed” Workout routines 100
Netflix Streaming service for films and TV-series “Top Picks for You" Films 1000
Pandora — Music & Podcasts Internet radio and music streaming “For You” Music tracks NA
PicsArt Image sharing and social media service - Images 1000
Pinterest Visual discovery social networking “Browse" Photos 500
Reddit Social news and forum social network service “Discover" News 100
Snapchat Ephemeral image and video messaging “Stories" Videos 1000
SoundCloud Music streaming “The Upload" Music tracks 100
Spotify Music streaming and media provider “Made For You" Music tracks 1000
Tripadvisor Online travel web service “Explore" Travel destinations 100
Uber Eats Fast food delivery service “Browse" Restaurants 100
Wattpad User created fictional writing “Other Stories" Books 100
Wikipedia User created encyclopedia “Explore" Encyclopedia entries 50
Wish Marketplace for discount products “Home" Products 500
Yelp Crowd-sourced reviews of businesses “Great spots near you" Restaurants 50
YouTube Video streaming “Home" Videos 10 000
3.6. Recommender systems
Table 2

The three constructs and the corresponding items, which were adapted from
UTAUT? to elicit perceptions of the recommender systems. Abbreviations: usef:
Performance Expectancy; easu: Effort Expectancy; hedo: Hedonic Motivation.

Construct Abbreviation  Item
Performance usefl The [system] makes [platform] more useful in
Expectancy daily life.
usef2 Using the [system] helps to accomplish things
more quickly when using [platform].
usef3 When using [platform], the [system]
increases productivity.
Effort Expectancy easul Learning how to use [system] is easy.
easu2 The [system] is easy to use.
easu3 The interaction with the [system] is clear and
understandable.
easu4d It is easy to become skillful at using the
[system].
Hedonic hedol [Platform] is more fun when using the
Motivation [system].
hedo2 The [system] makes using [platform] more
entertaining.
hedo3 Using the [system] makes using [platform]

more enjoyable.

thresholds for fit indices to evaluate the model, specifically a Compar-
ative Fit Index (CFI) above 0.95, a root mean square error of approxi-
mation (RMSEA) below 0.06, and Standardized Root Mean Squared
Residual (SRMR) below 0.08 (Hu & Bentler, 1999). We evaluated SRMR
for both the within-system and between-system levels, as CFI and
RMSEA are not sensitive to between-system level model
misspecifications.

To analyze the paths in the structural model, we estimated the effects
of the latent variables on usage at the two levels; thus, we examined
separately whether the perceived characteristics predicted usage at the
within-system level (individuals) and the between-system level (tech-
nologies). To confirm that there was a difference in usage across the
investigated technologies, we also used a Kruskal Wallis-test with 26
factor levels, one for each recommender system. The statistical analyses
were conducted in R (R Core Team, 2023), using the lavaan package
(Rosseel, 2012).

Since we adopted a wide definition of recommender systems, the
systems that we considered did not only regard consumer products, but
any form of personalized content or services, such as albums, posts,
movies, venues, creators, people, and user-generated content. Alterna-
tively, we could have adopted a narrower focus and selected platforms of
similar content, but because of our interest in between-system com-
parisons, it was necessary to include a large set of recommender systems.
The breadth of content reflected the fact that the purpose of many
recommender systems today is to enhance the user experience in many
ways to increase the overall engagement. Our choice of recommender
systems was based on platform usage statistics, and most of the selected
platforms had at least 50 million downloads on Google Play (June
2023). In total, the survey included 26 recommender systems (Table 1).
The included systems supply services within social media (Pinterest,
Instagram, Snapchat, Reddit), e-commerce (Wish, Amazon Shopping),
video streaming (Netflix, YouTube, Amazon Prime Video, Disney+, HBO
Max), music streaming (Spotify, Pandora, Apple Music, Soundcloud), as
well as e-book/audio book services (Apple Books, Amazon Kindle,
Audible), food/entertainment (Uber Eats, Yelp), travel (TripAdvisor,
Airbnb), workout (MyFitnessPal), creative (Wattpad, PicsArt), and
encyclopedic services (Wikipedia).1

4. Results

This section presents the descriptive statistics, the measurement
model evaluation and the results of the path analyses in the SEM.

4.1. Descriptive statistics

The sample included 1007 participants, who supplied survey re-
sponses for 26 recommender systems. Among these, the number of re-
sponses varied from 19 for the recommendations in PicsArt to 46 for
“Great spots near you” in Yelp. In the sample, 59% were female, 39%

! The original survey also included Trivago and Deezer, however we excluded
them because of the small number of responses, 6 and 13, respectively.
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were male, and the rest selected “Other/prefer not to say”. The mean (M)
age was 41.6 years, and the standard deviation (SD) was 14.2. Further,
30% had graduated from college or university, 12% had an advanced
degree, 31% were students, 26% were high school graduates, while the
rest had no formal education.

4.2. Validating the measurement model

The measurement model accounted for factor analyses that specified
the latent variables. In our estimated two-level model with three latent
factors at each level, the CFI was 0.982, the RMSEA was 0.038, and the
within-system level SRMR was 0.032, indicating a good fit (Table 3).
While the between-level SRMR of 0.134 was relatively high, this was
likely due to the small sample size at this level (26). The larger SRMR
might thus be a reflection of the sample size rather than model misfit
(Asparouhov & Muthén, 2018). We applied a y? test to compare the
model that had a three-factor structure at the between-system level and
unrestricted variance covariance at the within-system level with the
fully saturated model (unrestricted variance covariance at both levels).
It showed no difference between the target and the null model (32 dif-
ference = 21.5, degrees of freedom (df) = 42, p = 0.99), and we
concluded that the model had an acceptable fit.

For each item, the standardized factor loadings were above 0.7,
showing good convergent validity, and item reliability was also very
high (Table 3). The composite reliabilities for the latent factors at the
between-system and within-system levels were estimated using the
approach in Geldhof et al. (2014). Cronbach’s o was adequate (>0.7)
(Nunnally, 1975) for all the constructs, both within-systems (PE =
0.865, EE = 0.884, HM = 0.901) and between-systems (PE = 0.961, EE
= 0.914, HM = 0.985). However, despite the high factor loadings and
the good fit, the two-level model with three constructs at each level did
not converge. The likely explanation was that two of the items for effort
expectancy had small variance at the between-system level (less than
1%). Also, there was a high correlation between PE and EE at the
between-system level (0.981) (Table 4). This meant that regressing
usage on these two factors combined would yield unreliable estimates.
Therefore, in the final model, which is presented in the next subsection,
we excluded EE from the between-level analysis. To estimate the
individual-level effect of EE, we centered all EE items at the recom-
mender system (cluster) means. For all combinations of constructs
(except for PE and EE at the between-system level), the discriminant
validity was acceptable, both at the within-system and the
between-system level and the Fornell-Larcker (1981) criterion was met
(Table 5).

Table 3
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4.3. Path relationships

This section presents the estimated paths in the final structural
model, which had a good fit (Xz =172.8,df=61,p < 0.001, CFI =0.984,
RMSEA = 0.043, an SRMR within = 0.030, and an SRMR between =
0.092), and adequate explanatory power for explaining the variation in
usage at the within-system level (R? = 0.33) and the between-system
level (R = 0.41). At the within-system level (individuals), two of the
three hypothesized factors, performance expectancy and hedonic moti-
vation, were significant predictors (Table 6). The standardized param-
eter estimates were § = 0.37 (p < 0.001) (PE) and § = 0.23 (p < 0.001)
(HM), highlighting usefulness as the factor with the highest effect.

Moreover, the results showed a large variance in terms of the average
usage rate per system (Fig. 3). A Kruskal Wallis-test with 26 factor levels,
one for each recommender system, confirmed that there was a signifi-
cant difference in usage across the systems (p < 0.001). It varied from
24.3% (SD 29.9) for the “Upload” system in Soundcloud, to 68.2% (SD
27.1) for the “Browse” system in Pinterest, which suggests that people
use the recommender feature about two-thirds of the time they use
Pinterest, which is remarkably high (Table 7). Likewise, the perceived
characteristics varied significantly, particularly HM, which ranged from
4.33 (SD 1.26) for the News Feed in MyFitnessPal to 5.61 (SD 0.75) for
“Other Stories” in Wattpad.

At the between-system level (technologies), the path coefficient for
performance expectancy was significant, with a standardized parameter
estimate # = 0.50 (p = 0.033), while the path coefficient for hedonic
motivation was insignificant (Table 8). These results suggested that,
while a certain recommender system may bring about distinct levels of
enjoyment for different users, the average level of perceived enjoyment
per system does not vary that much, at least not to the extent that this
factor can explain the variation in average usage across systems. The
explanatory power of a simple linear regression model, associating the
average performance expectancy with the average usage rate, was
substantial (R = 0.30) (Fig. 4). Hence, the differences in usage could be
predicted relatively well with only this one construct.

We further performed two-level analyses on different subgroups in
the sample, based on gender and age, the latter being categorized in two
groups by the median (Appendix A: Table Al). In most of the sub-
samples, the patterns that we saw were qualitatively similar to the
general results; however, there were some differences that were poten-
tially meaningful, and which should be investigated in future research.
For example, at the within-system level, there were divergences between
the general group and older people for HM and EE (Table Al). For
comparison, note that UTAUT2 (Venkatesh et al., 2012) accounts for
gender, age and experience as moderating factors for HM, but not for EE.
Thus, our subgroup analyses suggested that gender and age could be

Evaluation of the measurement model: a two-level CFA with three factors (PE, EE and HM), indicating a good fit. Abbreviations: Est.: parameter estimates; SE: standard
errors, Std.: standardized parameter estimates, and ICC: intraclass correlation coefficients; CR: composite reliability; AVE: average variance extracted; PE: Performance

Expectancy; EE: Effort Expectancy; HM: Hedonic Motivation.

Parameter Within-system (individuals) CR AVE Between-system (technologies) ICC
Est. SE D Std. Est. SE D Std. CR AVE

Factor loadings

PE 0.868 0.685 0.926 0.861

usefl 1.151 0.038 <0.001 0.825 1.151 0.038 <0.001 1.000 0.034

usef2 1.291 0.040 <0.001 0.851 1.291 0.040 <0.001 1.000 0.038

usef3 1.216 0.041 <0.001 0.799 1.216 0.041 <0.001 1.000 0.049

EE 0.890 0.661 0.680 0.541

easul 0.814 0.032 <0.001 0.727 0.814 0.032 <0.001 1.000 0.007

easu2 0.862 0.027 <0.001 0.856 0.862 0.027 <0.001 1.000 0.018

easu3 0.831 0.028 <0.001 0.801 0.831 0.028 <0.001 1.000 0.037

easu4 0.852 0.026 <0.001 0.869 0.852 0.026 <0.001 1.000 0.009

HM 0.902 0.755 0.969 0.943

hedol 1.169 0.035 <0.001 0.860 1.169 0.035 <0.001 1.000 0.040

hedo2 1.068 0.033 <0.001 0.846 1.068 0.033 <0.001 1.000 0.050

hedo3 1.153 0.033 <0.001 0.895 1.153 0.033 <0.001 1.000 0.050
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Table 4
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Residual variance, factor variance and factor covariance. Abbreviations: Est.: parameter estimates; SE: standard errors, Std.: standardized parameter estimates; PE:
Performance Expectancy; EE: Effort Expectancy; HM: Hedonic Motivation. Note that we excluded between-level EE in the final model due to the high correlation

between PE and EE at the between-system level.

Within-system (individuals)

Between-system (technologies)

Parameter Est. SE P

Std. Est. SE p Std.
Residual variance
PE
usefl 0.622 0.040 <0.001 0.319 0.000 - - 0.000
usef2 0.637 0.044 <0.001 0.276 0.000 - - 0.000
usef3 0.841 0.049 <0.001 0.362 0.000 - - 0.000
EE
easul 0.589 0.030 <0.001 0.471 0.000 - - 0.000
easu2 0.272 0.018 <0.001 0.268 0.000 - - 0.000
easu3 0.387 0.022 <0.001 0.359 0.000 - - 0.000
easu4 0.235 0.016 <0.001 0.245 0.000 - - 0.000
HM
hedol 0.479 0.030 <0.001 0.260 0.000 - - 0.000
hedo2 0.453 0.027 <0.001 0.284 0.000 - - 0.000
hedo3 0.329 0.024 <0.001 0.198 0.000 - - 0.000
Factor variance
PE 1.000 - - 1.000 0.054 0.024 0.024 1.000
EE 1.000 - - 1.000 0.015 0.013 0.275 1.000
HM 1.000 - - 1.000 0.060 0.025 0.017 1.000
Factor covariance
PE with EE 0.438 0.030 <0.001 0.438 0.027 0.015 0.062 0.981
PE with HM 0.812 0.016 <0.001 0.812 0.024 0.020 0.216 0.426
EE with HM 0.501 0.028 <0.001 0.501 0.002 0.013 0.858 0.079
5.1. Predictors of variations over individuals
Table 5

Assessment of the discriminant validity. The diagonal elements in italics show
the square root of the AVE, and the off-diagonal elements account for the cor-
relation coefficients between the different constructs. Abbreviations: PE: Per-
formance Expectancy; EE: Effort Expectancy; HM: Hedonic Motivation. *EE is
grayed out as it was excluded at the between-system level in the final model due
to its strong correlation with PE.

Within-system (individuals) Between-system (technologies)

PE EE HM PE EE* HM
PE 0.827 0.928
EE 0.438 0.813 0.981 0.736
HM 0.812 0.501 0.869 0.426 0.079 0.971

moderating factors in a between-level analysis, in correspondence with
UTAUT2, highlighting the need for more research. Given the limited
sample size, we did not have sufficient statistical power to fully examine
these variations further in the current study.

5. Discussion
This study examined drivers behind differences in usage of recom-
mender technologies, hypothesizing that three factors adapted from DOI

and UTAUT2 could explain the variation in usage at two levels of
analysis.

Table 6

Our first objective was to find factors that could explain the variation
in usage among individuals. The estimated model generated two sig-
nificant paths, one between perceived performance expectancy and
usage ( = 0.37, p < 0.001), and one between perceived hedonic mo-
tivations and usage (8 = 0.23, p < 0.001) (Fig. 5). The path between
effort expectancy and usage was insignificant. As a result, H1a and Hlc
were supported, while H1b was dismissed (Table 9). The strong link
between performance expectancy and adoption substantiated earlier
findings on AI in the mobility, household and health segments by
Gansser and Reich (2021). It was also in agreement with earlier results
around the drivers behind the continued use of AI chatbots (Li et al.,
2024), as well as research on chatGPT specifically (Bouteraa et al., 2024)
and robots (Suhail et al., 2024).

Our results around the importance of hedonic motivation was
consistent with earlier studies on the adoption of different types of
technologies that use Al such as mobile health apps (Schomakers et al.,
2022), robots (Suhail et al., 2024), automated shuttles (Bellet & Banet,
2023), automated road transport systems (Madigan et al., 2017) and
conditionally automated passenger cars (Nordhoff et al., 2020). Notably,
our findings were also consistent with Cabrera-Sanchez et al. (2020),
who reported that performance expectancy and hedonic motivation
were the most important factors to explain the intention to use recom-
mendation systems in e-commerce. This was expected, since we also
focused on recommender systems, however in a broader sense.

Within-system level summary of the final structural model coefficients, showing that PE and HM could explain the variance between individuals. Abbreviations: Est.:
parameter estimates; SE: standard errors, Std.: standardized parameter estimates (); PE: Performance Expectancy; EE: Effort Expectancy; HM: Hedonic Motivation. N.
S. not significant. *Significant at the 5% level. **Significant at the 1% level. *** Significant at the 0.1% level.

Within-system path relationships (individuals)

Hypothesis Path Est. SE z value P(>|z) Std. Comment
Hla PE — Usage 10.42%** 1.66 6.29 <0.001 0.37%** Supported
H1b EE — Usage 0.15 0.92 0.16 0.873 0.005 (N.S.) Not supported
Hlc HM — Usage 6.42%** 1.70 3.79 <0.001 0.23%%* Supported
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Fig. 3. Mean usage per recommender system expressed as the percentage of the time spent on the platform, with 95% confidence intervals, showing a significant

variation across the systems.

The finding that the path between effort expectancy and usage was
unimportant was in discord with early results on TAM (Davis, 1989);
nevertheless, it confirmed several other studies. For example, Cheng
et al. (2020) reported that effort expectancy did not relate to use in-
tentions pertaining to mobile news apps in India. Our results also
confirmed findings in Ayanwale and Ndlovu (2024) on the use of
chatbots for educational uses. Consistently, in their meta-analysis,
Tamilmani et al. (2021) concluded that the most questioned path in
UTAUT2 was the one between effort expectancy and use intentions.

5.2. Drivers behind differences over technologies

The second objective was to find factors that can explain the varia-
tion in usage across recommender systems. Given a variety of recom-
mender systems, this perspective addresses which one of them will be
used more often and why, for example. There was only one significant
path in our data, the one between performance expectancy and usage (3
= 0.50 and p = 0.033). Our findings thus supported H2a, while H2c was
refuted (Table 9). (As noted above, it was not possible to investigate
H2b, due to the strong correlation between EE and PE at this level.) This
result contributes to the development of predictive models for Al
diffusion, because it suggests that usage can partly be predicted by
perceived usefulness (R? = 0.30).

The stark link between usefulness and adoption that we found con-
firms many earlier studies at the individual level; in particular, a meta-
analysis of UTAUT2 reported that the most adopted path in this litera-
ture — with the most significant values — was the one between perfor-
mance expectancy and behavioral intention (Tamilmani et al., 2021); of

10

the 50 examined studies that investigated this path, only 10% found a
non-significant path relationship. Recent research on Al specifically also
supports this finding (Bellet & Banet, 2023; Bouteraa et al., 2024;
Nordhoff et al., 2020; Suhail et al., 2024). However, while it has been
shown before that PE is a central factor for the adoption of specific Al
technologies, the current study is unusual in the sense that it highlights
the importance of this factor when it comes to modeling differences in
adoption across Al technologies.

5.3. Theoretical implications

The main theoretical contribution of this study was that it presents
and evaluates a new model of Al acceptance that bridges two strands of
research: the DOI and the TAM frameworks. The study provides support
for the proposition that there are inherent differences across technolo-
gies that affect their relative adoption rates. Even though it may seem
clear that some systems spread faster than others, as they have different
functions in our lives, it is not obvious that there are commonalities
among the technologies that spread faster. While we recognize that
there are many aspects that may underlie the variation in usage over
recommender systems, such as the type of content suggested, our results
suggest that such aspects, at least partially, can be represented by the
concept of usefulness (Fig. 5).

The results showed that distinct factors could explain the variations in
usage over the two levels (Fig. 5); in particular, they suggested that
performance expectancy was a good predictor for usage of recommender
systems at both levels of analysis, while hedonic motivation was only
significant at one level. This difference across the two levels of analysis
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Table 7

Usage rate and perceived characteristics per recommender system (M and SD),
sorted by the name of the corresponding platform. Abbreviations: PE: Perfor-
mance Expectancy; EE: Effort Expectancy; HM: Hedonic Motivation. Usage
varied between 24.3% (SD 29.9) for the “Upload” system in Soundcloud, and
68.2% (SD 27.1) for the “Browse” system in Pinterest.

Platform with the Usage (%) PE (1-7) EE (1-7) HM (1-7)
system
Airbnb 39.9 (26.2) 4.62 5.99 5.26
(1.25) (0.65) (1.13)
Amazon Kindle 32.6 (27.2) 4.27 5.82 4.38
(1.38) (0.90) (1.44)
Amazon Prime Video 47.9 (20.5) 4.57 5.79 4.49
(1.25) (0.95) (1.21)
Amazon Shopping 49.6 (27.6) 4.85 6.03 4.83
(1.08) (0.69) (1.13)
Apple Books 46.0 (32.2) 5.01 6.19 5.15
(1.39) (0.63) (1.31)
Apple Music 35.0 (28.6) 4.60 5.56 4.79
(114 (1.00) (1.15)
Audible 32.1 (30.5) 3.97 5.85 4.59
(1.42) (0.74) (1.44)
Disney+ 36.6 (28.9) 4.33 5.80 4.34
(1.37) (0.91) (1.28)
HBO Max 37.5 (23.0) 4.73 5.89 4.66
(0.99) (0.70) (0.88)
Instagram 45.8 (27.6) 4.23 5.60 5.34
(1.59) (1.03) (1.08)
MyFitnessPal 36.4(28.9) 3.80 5.51 4.33
(1.26) (1.00) (1.26)
Netflix 46.5 (26.4) 4.87 6.02 4.72
(1.06) (0.74) (0.87)
Pandora 34.1 (25.6) 4.36 5.84 4.79
(1.13) (0.80) (0.95)
PicsArt 34.5 (34.1) 4.46 5.30 4.93
(1.87) (1.62) (1.81)
Pinterest 68.2 (27.1) 4.76 5.91 5.41
(1.43) (1.16) (1.23)
Reddit 25.2 (24.4) 3.88 5.52 4.64
(1.31) (0.90) (1.36)
Snapchat 47.2 (35.7) 4.07 5.77 5.07
(1.79) (1.23) (1.61)
Soundcloud 24.3 (29.9) 4.47 5.55 4.81
(1.41) (1.00) (1.29)
Spotify 40.4 (27.6) 4.69 5.84 5.11
(0.99) (0.88) (0.92)
Tripadvisor 49.6 (28.5) 4.97 5.82 5.23
(1.09) (0.72) (0.88)
UberEats 59.0 (30.7) 4.79 5.98 4.99
(1.43) (0.83) (1.22)
Wattpad 40.8 (23.6) 5.09 5.91 5.61
(0.87) (0.65) (0.75)
Wikipedia 28.0 (28.4) 4.43 5.71 5.33
(1.43) (0.74) (1.05)
Wish 60.7 (28.7) 5.08 6.17 5.27
(1.25) (0.64) (1.21)
Yelp 43.0 (30.1) 4.91 5.91 4.99
(1.34) (0.71) (1.20)
YouTube 63.7 (25.3) 4.79 5.80 5.13
(1.26) (1.04) (1.00)

suggests that new knowledge was obtained in the between-technologies
analysis. This implies that models that only account for differences be-
tween individuals cannot be used to fully capture the drivers behind

Table 8
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differences across Al technologies. It highlights the need for more
research on the between-systems level. Accounting for differences over
technologies in a macroscopic approach is still unusual as compared to
most earlier studies, which tend to focus on one innovation at a time. In
summary, our findings contribute to the development of a new theory of
Al diffusion, and they suggest that the concept of usefulness should be a
central feature in such a theory. The theoretical approach that we have
presented is possibly relevant for other categories of Al such as voice
assistants or IoT.

5.4. Practical implications

The emerging role of Al in society has been discussed intensely in
recent years, for example in terms of its role in farming and forestry
management (Galaz et al., 2021), its ethical implications in finance
(Svetlova, 2022), its position to promote sustainable societies and a
circular economy (Kar et al., 2022), its function in smart cities and
future transportation systems (Herath & Mittal, 2022), as well as its
contribution to make the health care sector more effective (Davenport &
Kalakota, 2019). Many argue for faster Al adoption, for instance by
highlighting that the technology has a lot of potential to address global
sustainability goals (Vinuesa et al., 2020). However, for Al to have po-
litical, social, and economic influence in these sectors, widespread
adoption is a prerequisite. And, to promote acceptance of beneficial Al,
it is useful to better understand the mechanisms that drive its adoption.
Recommender systems make up a useful starting point here, because
they make up applications of Al that have been available to consumers
for a relatively long time, which implies that usage is not limited by
awareness or accessibility, but rather behavioral intentions among po-
tential users. By investigating this category of Al, our results are thus
potentially useful for researchers and policymakers who are interested
in AT’s diffusion in the near future. They are also relevant for organi-
zations that aim to develop and market the characteristics that drive the
adoption of Al features, such as companies within e-commerce, gaming,
and online streaming enterprises, as well as other platforms and de-
velopers of online applications or desktop software.

5.5. Limitations

Since we explored a novel approach in this study, it was impossible to
entirely follow established methods in the technology acceptance liter-
ature. Thus, when the results in this study are interpreted, it is important
to consider that it has limitations, as detailed below.

5.5.1. Statistical analyses

While the two-level SEM allowed us to find predictors of usage at two
levels of analysis, it meant that we could only assess a few independent
variables per system since we wanted to compare adoption across many
systems, which was a limitation. We also needed to consider a relatively
wide range of recommender systems in terms of the type content rec-
ommended, because we wanted to include as many systems as possible
to increase the statistical power of the regression. Therefore, another
limitation is regarding the wide range of recommender systems
included. Arguably, systems with such varying content, ranging from
restaurants to music tracks, do not lend themselves to comparisons, and

Between-system level summary of the final structural model coefficients. Abbreviations: Est.: parameter estimates; SE: standard errors, Std.: standardized parameter
estimates (); PE: Performance Expectancy; EE: Effort Expectancy; HM: Hedonic Motivation. N.S.: not significant. *Significant at the 5% level. **Significant at the 1%
level. *** Significant at the 0.1% level. This shows that PE was significant at both levels, while HM was only significant at the within-system level.

Between-system path analyses (technologies)

Hypothesis Path Est. SE z value P (>|z|) Std. Comment
H2a PE — Usage 21.39* 10.01 2.14 0.033 0.50* Supported
H2b Not possible to examine due to the correlation between PE and EE

H2c HM — Usage 9.30 8.95 1.04 0.299 0.23 (N.S.) Not supported
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r=.55,p=.003

Computers in Human Behavior Reports 15 (2024) 100449

70 -
°
Pinterest
°
YouTube A
60 - ® Wish
UberEats
>
g 5iid or
g Snapchat °
g . ° Amazon Prime Video [}
= Instagram .Apple Books
Spotify
S 40 - ® . Yelp °
o Di Airbnb Wattpad
g ® MyFitnessPal C 5icsAn A HBO Max
P Apple Music
30- dible Amazon Kindle pandora - Music & Podcasts
- I}
.Redd't Wikipedia
°
Soundcloud
20 -
4.0 4.4 4.8

Performance expectancy

Fig. 4. Scatter plot of the average usage rate per system vs. the average perceived performance expectancy, denoted by the corresponding platform. This shows that

this factor had considerable explanatory power (R* = 0.30).
The estimated two-level SEM for online recommender systems
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Fig. 5. Path analyses in the two-level model, showing the significant paths with
standardized parameter estimates () and p values.
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H2a: 3 =.50, p=.033

Usage
frequency

an alternative approach with a narrower scope could have been to focus
on a subcategory of recommender systems; however, such as approach
would be methodologically limited by the lower number of platforms to
include, which would reduce the statistical power of the analysis. The
broad scope that we adopted here seemed relevant, given that the
platforms did not cluster along the type of content recommended
(music, news, etc.) (Fig. 3).

Further, despite that UTAUT2 is a well-established theory, we found
that there was a significant correlation between performance expec-
tancy and effort expectancy at the system level, which meant that we
could only include one of them at the system level in the final model,
which was another limitation. Nonetheless, this finding may have
highlighted an important aspect of recommender systems since such

12

technologies might be useful precisely because they are easy to use. This
means that they provide quick and convenient access to content that the
user may otherwise have found by more cumbersome methods. The
correlation between PE and EE is supported by earlier research, which
shows that usefulness and ease of use are related for Al technologies. For
example, Gansser and Reich (2021) found that convenience comfort was
a strong predictor for performance expectancy for Al within the mobility
and household sectors. They also reported that performance expectancy
was a strong predictor of usage intentions, concluding that a key moti-
vator for Al acceptance was that the technology could make life easier
and more comfortable (Gansser & Reich, 2021), highlighting the asso-
ciation between effort expectancy and performance expectancy for Al
Furthermore, Nordhoff et al. (2020) examined the interrelationships
between performance and effort expectancy within the context of
automated cars. They reported on considerable support for a positive
relationship between perceived ease of use and perceived usefulness
when it comes to acceptance, that is, vehicles that are seen as easier to
use are also generally found to be more useful.

5.5.2. Data quality

Regarding data collection, we followed established practices in the
UTAUT?2 literature, implying that the dependent variable, reflecting
acceptance intentions, was measured at the same time as the indepen-
dent variables. However, this approach involved the risk for common
method bias. To mitigate this concern, we took several measures relating
to survey design and implementation. Nevertheless, we cannot fully
disregard the possibility that some of the variance can be attributed to
CMV; however, note that the potential noise introduced by CMV was
unlikely to have had a significant impact on the main results, because it
would not influence the between-system variance, which was the focus
of the study.

Another limitation regarded the empirical data, which was based on
a convenience sample recruited over Prolific. Thus, when interpreting
these results, it is important to keep in mind that the sample that was not
representative of the general U.S. population. Nevertheless, in some
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Table 9
Summary of findings in the tests at the two levels of analysis. Abbreviations: PE:
Performance Expectancy; EE: Effort Expectancy; HM: Hedonic Motivation.

Hypothesis  Path Level of analysis ~ Description Finding

Individual differences
in perceived
performance
expectancy are
positively (+)
associated with usage
of recommender
systems.

Individual differences
in perceived effort
expectancy are
positively (+)
associated with usage
of recommender
systems.

Individual differences
in perceived hedonic
motivation are
positively (+)
associated with usage
of recommender
systems.

Average perceived
performance
expectancy is
positively (+)
associated with
average usage per
recommender system.
Average perceived
effort expectancy is
positively (+)
associated with
average usage per
recommender system.
Average perceived
hedonic motivation is
positively (+)
associated with
average usage per
recommender system.

Hla PE —

Usage

Within-system
(individuals)

Supported

Hi1b Not

supported

EE —
Usage

Hlc HM —

Usage

Supported

H2a PE —

Usage

Between-system
(technologies)

Supported

H2b EE —

Usage

Not
possible to
examine

H2c HM —

Usage

Not
supported

regards, our sample was similar to the U.S. population at large. In the
sample, 30% had graduated from college or university while the share of
U.S. adults (25 years+) with a bachelor’s degree or higher is 34.3%
(2018-2022) (United States Census Bureau, 2024). Further, the average
age in our sample was 41.6 years, which is near the U.S. average of 38.9
years (United States Census Bureau, 2023). On the other hand, 59% in
the sample were female, while the corresponding number in the U.S. is
50% (United States Census Bureau, 2024).

When comparing an MTurk convenience sample with a population-
based online panel, Weinberg et al. (2014) found that participants in
the former group tended to be younger, better educated and more often
female. This partly reflected our sample, and it indicates that online
convenience samples are likely to be more computer literate than na-
tional samples; on the other hand, it also suggests that the variation in
recommender system usage that we found may be larger in the general
U.S. population. Previous research has shown that data from
self-selected internet-based surveys can be as valid as those obtained via
traditional methods, and many studies based on online convenience
samples have replicated previous experimental and observational results
(Berinsky et al., 2012; Clifford et al., 2015; Mullinix et al., 2015; Rice &
Winter 2020; Weinberg et al., 2014). On the other hand, a recent decline
in MTurk’s data quality has been observed (Tang et al., 2022), and
comparisons between different online data collection services have
found that Prolific generally provides more reliable data than MTurk
and undergraduate student samples (Douglas et al., 2023; Peer et al.,
2022). Therefore, we used Prolific here.
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5.6. Future research

While general conclusions drawn from this study were limited by the
sample and the specific cultural context in focus (platform users in the U.
S.), we find that the methodological approach holds a lot of promise. We
recommend that the two-level method be extended to account for a
larger set of explanatory factors, more categories of Al innovations, and
other cultural settings, as detailed below.

First, the approach presented should be investigated with larger
samples to enable thorough investigations of the differences between
women/men, younger/older individuals, as well as varying levels of
experience. This is particularly relevant given that age, gender and
experience are moderating factor in UTAUT2 (Venkatesh et al., 2012).
Moreover, other independent variables than those considered here are
conceivable; for example, we linked compatibility in DOI with hedonic
motivation in UTAUT2, although we did not explicitly investigate the
effect of compatibility with existing values on adoption. There are many
aspects that may influence adoption in a negative way, since algorithmic
decision support raise important social and ethical concerns (Christiano,
2022; Barocas & Selbst, 2016; Engstrom, 2022; Milano et al., 2020;
O’Neil, 2016); for example, Milano et al. (2020) identified six issues
related to the ethical impacts of recommender systems, arguing that a
variety of stakeholders needs to be considered. Christiano (2022)
reasoned that personalization algorithms can challenge democracy by
polarizing the electorate, spreading fake news, and making vulnerable
users susceptible to manipulation, thus posing a threat to political
equality. Engstrom (2022) discussed various possible conflicts of in-
terests between providers and users as related to privacy, autonomy, and
transparency, with a focus on the spreading mechanisms of recom-
mender systems. Both collaborative filters and content-based recom-
mendations use detailed information about users to improve precision in
suggestions (Burke, 2002), highlighting privacy preservation as a central
challenge in their use. This is underlined by the fact that there are strong
economic incentives involved in the deployment of these systems
(Zanker et al., 2019). Outlining a research agenda for Al tools, Ven-
katesh (2022) discussed some particularities of Al that may influence
their usage, including their blackboxed nature, which entails little or no
understanding of their underlying algorithms; their tendency to make
mistakes and to learn over time; in addition to model bias, which could
cause unequal treatment and discrimination. Venkatesh (2022) further
reasoned that environmental variables, in addition to factors in UTAUT,
might have an effect on employee Al adoption intentions.

Related, Cabrera-Sanchez et al. (2020) reported that perceived trust
and technology fear influenced usage intentions for recommender sys-
tems in e-commerce. These factors could also vary across apps, given
that they have different providers. Studies on news recommendations
have suggested that concerns about privacy and personal autonomy
matter for users when it comes to the adoption of systems for algorithmic
selection that is guided by past behavior (Monzer et al., 2020; Thurman
et al., 2019). Thurman et al. (2019) found that the appreciation of
algorithmic news curation varied with the data that were used to drive
the systems, and argued that adoption depends on the context. Hence, it
may be that privacy concerns could explain a part of the variance in
usage of recommender systems for news, but not for other types of
content. Detailing these patterns is a suggested area for future research.

Second, while our results suggested that the two-level approach was
suitable for recommender systems, such technologies have some un-
usual features; for example, they cannot be used individually, but only as
part of some other application, and they are generally free of charge.
This means that the variation in usage across other forms of consumer Al
may be explained by other factors than those considered here (e.g., price
value). Given the proliferation of AI applications in recent years, it
would be interesting to use the method explored in this study to assess
other sets of Al innovations, for instance home automation technologies
or IoT.

Third, we recommend that future research accounts for other
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cultural contexts and consider cross-cultural comparisons with regards
to Al adoption. Online recommender systems are global, and there might
be important cultural differences among users’ beliefs that could affect
usage in different countries. Previous studies have found that online
privacy concerns vary over the world (Bellman et al., 2004; Engstrom
et al., 2023; Milberg et al., 2000; Trepte et al., 2017), which indicates
that there are cultural differences in the relationship between values
related to privacy and Al adoption, which should be considered in future
research. In this study, we have focused on the U.S. market, which may
in fact be an outlier in international comparisons, since many of the big
technology developers have their headquarters in Silicon Valley, U.S.
Thus, American consumers may be forerunners of Al adoption, and
variations in usage may be higher in other countries. The findings in
Engstrom et al. (2023) suggested that privacy concerns were lower in
countries with higher Internet penetration, which is a sign that such
considerations are less important in the U.S. population than in other
countries. In particular, privacy and user autonomy may be important
for European consumers, considering the enactment of the EU General
Data Protection Regulation (GDPR) on May 25, 2018, as well as the
Digital Services Act package (DSA), and the Digital Markets Act (DMA).
These regulations include enhanced protection of user data as well as
measures to ensure user autonomy and limit online profiling, that is, the
use of information of past user behavior to predict and direct future
actions. It is possible that the implementation of these policies will in-
crease the adoption of recommender systems in the EU if consumers
perceive that they reduce privacy risks. Article 29 in DSA specifically
accounts for obligations for very large online platforms, asserting that
such platforms should clearly state the main parameters used in their
recommender systems. They should also allow users to change those
parameters, and there should be an option which is not based on
profiling. Such privacy settings could spur adoption of recommender
systems, given that usefulness is kept.

6. Conclusion

This study aimed to develop and test a model of recommender sys-
tems usage that considered variations over technologies as well as var-
iations over individual users. We estimated the model using data from
1007 users and 26 recommender systems. To our knowledge, no earlier
study has systematically compared usage across different recommender
systems online and tried to explain the variation in this way. The ob-
jectives were to find factors that might explain differences between in-
dividuals’ usage and differences over technologies.

We learned that differences in usage among individuals could be
explained relatively well by two constructs adapted from UTAUT2:
perceived performance expectancy (usefulness), as well as perceived
hedonic motivation (enjoyment). These findings confirmed earlier
research about the variation in adoption of Al-driven technologies over
individuals. However, our results found no support for the association
between effort expectancy and usage, in contrast with many earlier
studies. We also learned that usage varied significantly over the 26
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systems and that the variation in usage could be explained relatively
effectively by only one factor: the perceived average performance ex-
pectancy per system. We did not find support for the hypothesis that it
could be explained by hedonic motivations at this level of analysis.
These results suggested that it is possible to predict the relative adoption
of one recommender technology over another one with this one factor
(usefulness). The finding that different factors were significant at the
two levels of analysis underlined the relevance of a two-level model for
Al adoption, and we suggest that future research considers whether the
identified factors in this model apply to other types of Al Such studies
could, for example, examine less prevalent forms of Al, such as home
automation. This would contribute to better informed forecasts of the
diffusion of various categories of Al

While this study focused on three technology-specific constructs
derived from DOI and UTAUT2, it did not thoroughly investigate the
effect of a technology’s compatibility with values, and this is a proposed
path for future research. Especially, concerns about privacy and data
integrity may be important. Our analysis was based on a sample in the U.
S., and we suggest that future research be conducted in other cultural
contexts, where, for example, privacy concerns may play a larger role on
Al adoption. A particularly interesting case would be to study consumer
attitudes towards the adoption of recommender systems in the EU after
the enactment of the DSA, which specifically regards recommender
systems in Article 29.
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Appendix A. Subgroup analyses

In this section, we show two-level SEM results for various subgroups in the sample (Table A1). While the results for each subgroup were generally
consistent with the results for the general population, there were some deviations. At the within-system level, there were divergences between the
general group and older people for hedonic motivation, although the p value was relatively low (p = 0.124), and between the general group and older
people for effort expectancy. Moreover, there were divergences at the between-system level between the general group and men as well as younger
people for performance expectancy. These results suggested that the average perceived performance expectancy was not associated with usage for men

and younger people.
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Within-level summary of the structural model coefficients. Younger and older refer to people aged below and above the median in the sample. Abbreviations: Std.:
standardized parameter estimates; PE: Performance Expectancy; EE: Effort Expectancy; HM: Hedonic Motivation; N.S.: not significant; *Significant at the 5% level.

**Significant at the 1% level. *** Significant at the 0.1% level.

Level Path All Women Men Younger Older
Std. (p value) Std. (p value) Std. (p value) Std. (p value) Std. (p value)
Within-system PE — Usage 0.37*** (<0.001) 0.41*** (<0.001) 0.29** (0.002) 0.30*** (<0.001) 0.43*** (<0.001)
EE — Usage 0.005 (0.873) 0.03 (0.481) —0.04 (0.502) —0.07 (0.183) 0.09* (0.033)
HM - Usage 0.23%**(<0.001) 0.19*% (0.015) 0.33** (0.001) 0.29%** (<0.001) 0.15 (0.124)
Between-system PE — Usage 0.50* (0.029) 0.67* (0.016) 0.50 (0.491) 0.30 (0.218) 0.78* (0.029)
HM — Usage 0.23 (0.299) 0.13 (0.608) —0.05 (0.889) 0.43 (0.094) 0.18 (0.592)
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