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Abstract

Current studies primarily focus on the recommender systems (RSs) through the algorithmic
accuracy, and which insufficient to fully measure accurately the practical effectiveness of
the RSs and understand user experience. There is an urge examine the dynamic interactions
on the critical user context of "beyond accuracy" features such as diversity, novelty, and
serendipity to understand RS’s value creation mechanism holistically. The aim of the study
is to explore the multidimensional effects of key features (Stimuli) of artificial intelligence
(Al)-RSs on consumer behavior (Response) based on the Stimulus-Organism-Response (S-
O-R) theoretical framework which is a gap in the literature. The study was modeled four
key features of RSs (accuracy, diversity, novelty, serendipity) as stimuli, user engagement,
satisfaction, and perceived risk as organism (mediating constructs), and behavioral
intentions as the response. Data was collected from 437 participants, and analyses were
conducted using the covariance-based structural equation modeling (CB-SEM) by AMOS
24.0 and SPSS 25.0 statistical programs. The findings explains that the empirical
assumptions of the S-O-R model were met to a high degree, successfully explaining 61%
of the variance in behavioral intentions. Specifically, satisfaction and engagement have
strongest positive effects on behavioral intentions. The findings suggest that the
effectiveness of AI-RSs should no longer be evaluated solely through algorithmic
accuracy, but rather through the dynamics of user-centered value creation (satisfaction,
engagement, and risk management). Furthermore, serendipity have the strongest direct
effect on engagement, highlighting the importance of “beyond-accuracy objectives” that
trigger curiosity. Accuracy and diversity significantly and negatively reduce risk,
demonstrating a critical role in increasing system trustworthiness. Contrary to the
accuracy-diversity trade-off problem, a strong positive relationship exists between
accuracy and diversity, suggesting that these multiple goals reinforce each other in the
context of user perception. These results provide important theoretical and practical
consequences for the design of multi-objective recommender systems (MORS).
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1. Introduction

Al powered recommendation systems (Al-RSs) have emerged as critical tools for reducing
information overload and offering personalized products/services in areas such as e-
commerce, financial services, and content streaming with the rapid expansion of the digital
age and the transformation of social and economic lifestyles by globalization (Haenlein &
Kaplan, 2019). Al capability significantly contributes to businesses' understanding of
dynamic customer behavior based on consumers' interests, tastes, trends, and preferences
(Nikitha et al., 2025). In this regard, Al-RS is a strategic tool that reduces information
overload, retains users longer on the platform, increases satisfaction, and reduces risk—in
short, enhances the consumer experience. (Chatterjee et al. 2019; Schafer et al., 2001;
Verma et al. 2021).

While traditional RS research has long focused on algorithmic efficiency and predictive
accuracy (Herlocker et al., 2004; Jannach & Adomavicius, 2016; Pu et al., 2012), the
primary motivation for this study stems from the academic shift that the ultimate business
value of a system and long-term customer loyalty are built on user-centric experience,
service quality, and risk management, rather than pure algorithmic performance. This
motivation is reinforced by the idea that measuring long-term customer loyalty and
business value in Al-RS requires focusing on elements such as service quality and customer
experience. There are criticisms in the literature that optimizing accuracy is insufficient
and can even be detrimental (accuracy metrics have hurt RSs). Therefore, academic
attention has shifted beyond accuracy to the importance of "beyond-accuracy objectives"
(diversity, novelty and serendipity).

Furthermore, AlI-RS researches have focused primarily on developed economies such as
US, the UK, China, and Germany (Efendioglu, 2023; Jain et al. 2024; Li, 2019),This
creates a significant limitation in the applicability of RSs to emerging economies like
Turkiye, which may have different cultural dynamics and regional perceptions (Sharma,
2023). RSs should be regarded as social-technical systems that shape the user experience
(Konstan & Terveen, 2021; Troussas et al. 2021). Therefore, it is crucial for business and
platform managers to adapt RS strategies to the regional/cultural/sectoral contexts and the
level of perceived risk in order to succeed globally (e.g., It requires thinking global, act
locally approach of producing content) and to gain the trust of regional users. In this
context, a key research gap and theoretical tension in the literature was the lack of a holistic
structural model demonstrating how the impact of RS attributes (Stimuli: accuracy,
diversity, novelty, and serendipity) on consumer behavioral intentions (Response) is
mediated through cognitive and emotional internal processes (Organism) such as
engagement, satisfaction, perceived risk (Jugovac & Jannach, 2017; Konstan & Terveen,
2021; Shi et al., 2014). The theoretical tension that the accuracy-diversity trade-off, often
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assumed dilemma in traditional RS, needs to be empirically examined at the user
perception level is also addressed.

High levels of personalization and the use of Big Data have made risk management
indispensable, increasing not only consumers' privacy concerns but also the risk of locking
users into narrow preferences (filter bubble). This suggests that RS design requires MORS
optimization approach, which requires simultaneously optimizing conflicting objectives
such as utility, variety, and fairness, and a multi-stakeholder recommender system (MRS)
approach, which requires balancing the interests of multiple stakeholders. Furthermore, the
"black box" nature of algorithmic decisions necessitates the integration of explainable
artificial intelligence (XAI) mechanisms to enhance the reliability and understandability of
recommendations, in accordance with the principles of fairness, accountability,
transparency, and ethics (FATE).

To address these critical theoretical and geographical gaps, this study empirically examines
the quality of Al-Rs based on the S-O-R framework. Four core RS attributes (accuracy,
diversity, novelty, and serendipity) are modeled as stimuli; consumer psychological states
(engagement, satisfaction, risk) as organism; and the ultimate marketing objective
(behavior intentions) as Response. This study offers strong practical implications for
guiding Al-RS strategies for emerging economies like Tirkiye. In line with this motivation,
the following fundamental research questions were defined:

1. What is the direct effect of stimuli on organism?
2. What is the direct effect of organism on response?

3. What is the mediating role of organism in the relationship between stimuli and
response?

2. Theoretical Background
2.1 The S-O-R Theoretical Framework

The S-O-R model establishes a robust and dynamic theoretical foundation for explaining
how external stimuli (accuracy, diversity, novelty, and serendipity) affect individuals'
internal states as organisms (engagement, satisfaction, and perceived risk) and lead to
behavioral intentions (response) (Mehrabian & Russell, 1974). It is widely employed to
investigate consumer behavior researches (Wang & Benbasat, 2016; Xiao & Benbasat,
2007). Stimuli components are typically taken the core features of RS such as accuracy,
diversity, novelty, and serendipity, supported by Al in this model. These stimuli are
processed through organism variables such as engagement, satisfaction, and risk, which
representing the consumer's internal reactions and perceptions which play mediating role.
The final output of the model is response, which is modeled as the resulting patterns
(purchase, continued use, or adoption intention).

675



Netflix’s Al Powered Recommendation System and Consumers’ Behavioral Intentions

The selection of four core RS attributes (accuracy, diversity, novelty, and serendipity) is
grounded core RS evaluation methodologies that emphasize the importance of "beyond-
accuracy objectives." (Foster & Keane, 2013; Gan et al., 2020; Khanagha et al., 2017,
Trattner et al., 2023). Herlocker et al. (2004) conclude that pure accuracy metrics are
insufficient for evaluating algorithm performance and suggested using user-centered
fidelity measures such as coverage and novelty/serendipity. This legitimizes quantitative
modelling which is employed to assess how four core are influential on user experience
and engagement.

2.2 The Recommendation System of Netflix

RSs are types of information filtering systems extensively used in streaming services that
predict users' interests and offer proper contents. Netflix RS utilizes benefit from Al and
machine learning (ML). The core approach utilizes collaborative filtering (content liked by
similar users) and content-based filtering (similar content to what you've watched) as
hybrid filtering to take into account viewing history, user preferences, and interactions with
people with similar tastes (Bell et al., 2010; Reddy et al., 2019) to provide better-
personalized user experiences (Gomez-Uribe & Hunt, 2015). In addition, RS algorithms
analyze the details such as genres, actors, and directors that the user has previously
watched, as well as contextual information such as the user’s entry time, language, device
type, and duration (Netflix, 2025). Netflix offers real time personalized recommendations
after evaluating user data based on past habits for the purpose of increasing engagement,
satisfaction in order to strengthen user loyalty (Gomez-Uribe & Hunt, 2015). Netfix’s
strategy both improves user experience and increase retention old customer, while
attracting new customers, and optimizes by reducing customer churn (Amatriain, 2013;
Njomo, 2022).

Netflix’s RS facilitates optimization of data which is accurate, diverse, novel, and
serendipitous recommendations to increase user engagement and satisfaction (Khandelwal
etal., 2023). The achievement of Netflix’s RS is assessed through performance and quality
factors specifically accuracy, novelty, diversity, and serendipity (Castells et al., 2022). The
need for recommendation algorithms to optimize accuracy, diversity, novelty and
serendipity are significant challenges facing the system because of dynamic industry and
the ever-changing customer behavior (Gonzélez et al., 2020).

2.3 Accuracy

Accuracy means the agreement between the user's current and expected preferences
(Bobadilla et al., 2013; Lu et al., 2015; Smyth & McClave, 2001), complying the
recommendations with the user's current and past preferences, interest, and tastes (Shi et
al., 2014). It exerts a considerable influence on increasing engagement and satisfaction (He
etal., 2017; Lee & Lee, 2023), and decreasing risk in the long term (Bobadilla et al., 2013;
Gomez-Uribe & Hunt, 2015). Making the most relevant and precise recommendations
aligned with users’ interests is vital for the success of RS (Gomez-Uribe & Hunt, 2015),
ensuring the accuracy is also a challenging area. The relationship between accuracy and
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diversity has traditionally presented a fundamental challenge in system design: the
accuracy-diversity trade-off in the RSs literature (Kaminskas & Bridge, 2016; Kunaver &
Pozrl, 2017; Wu et al., 2018). This dilemma stems from the tendency of systems to
recommend best-selling items or items befitting when aiming for high accuracy; this leads
to a narrow and homogeneous recommendation list, thus reducing diversity (Cai et al.,
2005; Matt et al., 2014). However, there are studies suggesting that can be regarded as
dilemma and can be overcome with MORS (Wang et al., 2023; Zheng & Wang, 2022).

2.4 Diversity

Users may be interested in different topics. Therefore, a RS should be able to cater to these
different tastes and create diverse recommendation lists. Diversity measures the
effectiveness of recommending items that customers have not previously purchased (Lu et
al., 2015). It also indicates to the ability of the resulting lists to handle uncertainty or under
specification (Clarke et al., 2008). The performance of recommendation algorithms has
been measured primarily by using accuracy and diversity metric (Bag et al., 2019; Zhou et
al., 2010). Studies on recommendation diversity center on how well RSs suggest different
items that the customer has not purchased before, at a certain level of accuracy (Kotkov et
al., 2020).

2.5 Novelty

Novelty is the quality of being new or different from what is known (Knijnenburg et al.,
2012), and complementary concept with diversity (Castells et al., 2022). The word “novel”
means “new — unknown, original and unprecedented,”; and “refreshing — pleasantly new
or different” (Zhang, 2013) and highly desirable feature for a RS (Mendoza & Torres,
2020). Novelty measure the tendency to recommend items that are relevant to users yet not
yet seen, known or experienced (Karimi et al., 2018). It is directly linked to the idea that
the primary goal of RSs should be to elicit discovery by exposing users to relevant
experiences they wouldn't otherwise find. Therefore, novelty is often considered a
perceived criterion from the user's perspective, determining how unusual an item is relative
to the user's typical tastes (Castells et al., 2022).

2.5 Serendipity

Serendipity is a stronger concept of novelty that refers to items that are novel because of
unexpected, yet new, relevant, and a positive surprise for the user. (Kotkov et al., 2020).
Serendipity involves the user’s positive emotional response to previously unknown
serendipity (Adamopoulos & Tuzhilin, 2014). Serendipity is a system’s performance
measure that indicates how well a recommendation system is at recommending
serendipitous items (Gunawardana & Shani, 2015), which should be unpopular and
significantly different from a user’s profile (Zhang et al., 2012). Recommended
serendipitous contents substantially stimulate user curiosity to enhance user experience,
foster loyalty, and build trust with users (Bellogin et al., 2013).
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3. Hypotheses Development

The following hypotheses were created in order to examine the direct and indirect effects
relationships between accuracy, diversity, novelty, serendipity (Stimuli) and behavior
intentions (Response), and engagement, satisfaction, and perceived risk (Organism) on the
basis of the S-O-R framework.

3.1 The Effect of Accuracy of RS on Engagement, Satisfaction and Perceived Risk

High precision in Al-RS refers to the system's ability to adapt to user behavior and respond
in real time, meaningfully promoting user engagement and satisfaction (Gomez-Uribe &
Hunt, 2015; Ricci et al., 2011). When users believe that the RS understands and meets their
current and past needs, tastes, preferences, and interests, their engagement, loyalty, and
reuse intensify (Oestreicher & Sundararajan, 2012). Highly relevant and personalized
recommendations promote consumer engagement and satisfaction, while reducing risk
(Adamopoulos & Tuzhilin, 2014; Alabi, 2024; Ge et al., 2010; Jannach et al., 2022). While
low recommendation accuracy can increase perceived risk, this leads to negative
behavioral intentions (Gefen, 2000; Pavlou, 2003). When customers trust the accuracy of
recommendations, their risk perception decreases, thus increasing their likelihood of
purchasing. As a result of these comments and discussions, these hypotheses are proposed:

H1: Accuracy has positive effect on user engagement.
H2: Accuracy has positive effect on satisfaction.
H3: Accuracy has negative effect on perceived risk.

3.2 The Effect of Recommendation Diversity on Engagement, Satisfaction, and Perceived
Risk

Different, distinct, and relevant recommendations are founded on users’ areas of interest,
tastes and preferences in order to encourage them to engage and stay on the platform by
providing a diverse options (Zhou et al., 2019), and positively impact user satisfaction
(Yoon & Lee, 2021). Platforms offer a mix of recommendations aligned with users' past
tastes and preferences thus new recommendations makes interactions more personalized
and satisfying. If the recommendations do not correctly align with users' tastes and
preferences, they will fail to engage and abandon the platform (Alabi, 2024; Yoon & Lee,
2021). However, if the RS suggests the same product constantly, customer satisfaction and
risk perception will decrease even if the accuracy is high (Aggarwal, 2016; Bobadilla et
al., 2013). Users may distrust irrelevant and different recommendations, or surprising
recommendations may increase risk by reducing the risk of "filter bubbles" (Zhang et al.,
2012). Also, personal data usage may increase risk perception in the generating
diversification process (Zhou et al., 2019). As a result of these comments and discussions,
the hypotheses are proposed:

H4: Diversity has positive effect on user engagement.
H5: Diversity has positive effect on satisfaction.
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H6: Diversity has negative effect on perceived risk.
3.3 The Effect of Novelty on Engagement, Satisfaction, and Perceived Risk

Novel recommendations encourage exploration and intensify users’ interest in the platform
by presenting them with products or content that they have not encountered before (Zhou
et al., 2010). This paves the way for users to spend more time on the platform and become
engaged. Novel recommendations while in attracting users’ attention and retaining them
on the platform actively (Ge et al., 2010; Vargas & Castells, 2011) is pivotal element their
loyalty and satisfaction with the platform increases (McNee et al., 2006) risk perception
reduce (Herlocker et al., 2004). The reduction of perceived risk positively affects users'
purchase intentions and increases their likelihood of making purchases on the platform
(Tuzhilin, 2009). The novel recommend has direct impact on user’s spending time,
satisfaction, and perceived risk to attract and retain users in long term in the online
platforms (Vargas & Castells, 2011; Herlocker et al., 2004). Therefore, these hypotheses
are proposed:

H7: Novelty has positive effect on user engagement.
H8: has positive effect on satisfaction.
H9: Novelty has negative effect on perceived risk.
3.4 The Effect of Serendipity on Engagement, Satisfaction, and Perceived Risk

Online retailers increasingly value serendipity as a key driver of consumer satisfaction (Yi
& Nataraajan, 2018), which have positive effect (Matt et al., 2014), and engagement (Sun
et al., 2021). Serendipitous items facilitate overcoming the overspecialization problem
(Adamopoulos & Tuzhilin, 2014), while broadening user preferences (Sun et al., 2021;
Yoon & Lee, 2021; Zhang et al., 2012), enriches the discovery process of users (Rashid et
al., 2002), and increase user satisfaction with interesting recommendations (Adamopoulos
& Tuzhilin, 2014; Chen et al., 2019; Sun et al., 2021), it reduce risk by offering unexpected,
new, relevant, and a surprise (Adamopoulos & Tuzhilin, 2014; McNee et al., 2006). In this
context, Serendipity in RSs is reflected as a important factor that improves user experience
(Ziegler et al., 2005). Therefore, the hypotheses are proposed:

H10: Serendipity has positive effect on user engagement.
H11: Serendipity has positive effect on satisfaction.
H12: Serendipity has negative effect on perceived risk.
3.5 The Effect of Engagement, Perceived Risk, and Satisfaction on Behavioral Intentions

Engagement significantly influences online purchase intentions by enhancing the
personalization and relevance of recommendations in Al-based RSs (Tam & Ho, 2006;
Wang & Benbasat, 2007). More engaged users are more likely to perceive
recommendations as credible and useful, which increase trust and satisfaction, reduces
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perceived risk and leads to positive behavior or heighten the profitability of purchase (Kim
& Ko, 2012; Komiak & Benbasat, 2006; Pu et al., 2011; Schafer et al., 2001). Satisfaction
is not only related to how well the system provides accurate recommendations, also to how
well it supports user decision-making in Al-powered RSs (Murakami et al., 2008). Positive
experiences generate to more satisfied users and positive behavior (Komiak & Benbasat,
2006). While higher personalization can contribute to greater user satisfaction and purchase
likelihood (Haenlein & Kaplan, 2019), also raises concern about data privacy and security,
thus increasing risk (Konstan & Terveen, 2021). In addition, unmet expectations, data
gathering and unethically usage of personal information can negatively impact users’ trust
in the system and leading to perception risk (Tintarev & Masthoff, 2012) and decrease
purchase likelihood (Featherman & Pavlou, 2003; Haridasan & Fernando, 2018). In the
light of information and discussion presented, the hypotheses are proposed,;

H13: Engagement has positive effect on behavioral intentions.
H14: Satisfaction has positive effect on behavioral intentions.
H15: Perceived risk has negative effect on behavioral intentions.

3.6 The Mediation Role of Engagement, Satisfaction, and Risk between and RS Features
and Behavioral Intentions

Accuracy, diversity, novelty, and serendipity boosts users’ interest in the RS and escalate
the level of interaction (Pu et al., 2011), while users' low perceived risk facilitates system
adoption and users' development of positive behavioral intentions (Ricci et al., 2015).
Higher engagement does not only enhances users’ satisfaction towards the platforms also
positively affects their behavioral intentions (Herlocker et al., 2004). User engagement is
considered an important mediator variable in the relationship between RS features and
behavioral intentions (Ricci et al., 2015). Satisfaction is directly related to the quality of
RSs and the level of meeting user expectations. Accuracy and diversity make users more
satisfied, and thus helping to develop positive attitudes and behavioral intentions towards
the RS (Pu et al., 2011). The mediating impact of of satisfaction on behavioral intentions
is essential for the sustainable success of RSs (Tintarev & Masthoff, 2012). Risk perception
also reflects users' trust and hesitation towards RSs. High perceived risk can negatively
affect users' engagement with the system and behavioral intentions (Jannach et al., 2022).
In the light of information and discussion presented, the hypotheses are proposed,;

H16: The relationship between RS features and behavioral intentions is mediated
by engagement.

H17: The relationship between RS features and behavioral intentions is mediated
by satisfaction.

H18: The relationship between RS features and behavioral intentions is mediated
by perceived risk.
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S.O.R. Theory
Stimuli Organism Response
Recommender System
Characteristics
Accuracy Engagement
Diversity
H6 isfacti Behavioral
Satisfaction Intentions
Novelty
H10
Serendipity Perceived Risk

Figure 1: Research Model

4. Methodology
4.1 Data Collection

The convenience sampling method has been employed to obtain data. Primary data has
been obtained by reaching out to the Netflix viewers in Tirkiye. For eligibility, participants
are required to have a Netflix subscription and have watched the movie(s). Face validity
testing and content scale testing have been conducted before collecting primary data.
Firstly, a pilot study has been conducted with 30 respondents. Some items were redesigned
that would cause any uncertainty or misunderstanding regarding the items in the questions.
437 Netflix users have completed the survey, which has been conducted online in Trkiye.

4.2 Measures

Measurements in the study related to the conceptual model are taken from previous studies
and have been proven to be validity and reliability in the study. Accuracy, diversity,
novelty, and serendipity were measured with a single-item adapted from studies in the
literature (Es, 2023; Pu et al., 2011). User engagement (O’Brien et al., 2018), satisfaction
(Liang et al., 2006), perceived risk (Featherman & Pavlou, 2003) and behavioral intentions
scale are adapted by (Pu et al., 2011). The measurement of all items are rated on seven-
point Likert scales (Table 1). In addition, control variables were not used in order to protect
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theoretical parsimony of the S-O-R model and isolate the main mechanism and prevent
creating multicollinearity risk in the study (Bagozzi & Yi, 2012).

Factor Max
Scales Items Loadings Alpha| CR | AVE | MSV R(H)

PRSK1 0.78

PRSK?2 0.768

PRSK3 0.79

PRSK4 0.804

PRSK5 0.797

PRSK6 0.761

PRSK7 0.796

PRSK8 0.762

PRSK9 0.811

PRSK10 0.874

PRSK11 0.832

Perceived Risk PRSK12 0.842
(PRSK) PRSK13 0.697 0.98 | 0.98 | 0.68 | 0.28 | 0.985

PRSK14 0.86

PRSK15 0.886

PRSK16 0.875

PRSK17 0.874

PRSK18 0.879

PRSK19 0.875

PRSK?20 0.885

PRSK21 0.893

PRSK22 0.91

PRSK23 0.897

PRSK?24 0.885

PRSK25 0.886

STF1 0.798

STF2 0.824

STF3 0.891

STF4 0.902

STF5 0.864

. . STF6 0.864
Satisfaction (STF) STE7 0.861 0.970 |0.975| 0.76 |0.732| 0.976

STF8 0.84

STF9 0.916

STF10 0.893

STF11 0.895

STF12 0.903
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BINT1 0.938

BINT2 0.958

Behavioral BINT3 0.924
Intentions (BINT) BINT4 0.937 0,950 | 0,9550,782 0,601} 0972

BINT5 0.812

BINT6 0.71

ENG1 0.716

ENG1 0.814

ENG2 0.779

ENG3 0.887

ENG4 0.793

Engagement ENGS5 0.824
(ENG) ENG6 0.872 0,96 |0,963|0,683|0,732| 0,966

ENG7 0.834

ENGS8 0.89

ENG9 0.84

ENG10 0.766

ENG11 0.883

5. Data Analysis and Results

CB-SEM was used, as it is the most suitable method for this purpose (Hair et al., 2014),
because the study aimed to validate pre-specified theoretical relationships within the S-
O-R model, the model provides global fit indices ((x2=15.99, Df = 4, CFI = 1.0, RMSEA
=.08) that demonstrate the overall fit of the model (Hu & Bentler, 1999), indicating that
the S-O-R structure strongly validates in the examined context. The model explains 61%
of the variance in the behavioral intentions variable in total, 71% of user engagement,
59% of satisfaction and 22% of perceived risk. CB-SEM is compatible with our data set
due to its sample size of 437 and its sensitivity in examining latent psychological
constructs such as engagement, satisfaction, and risk (Bagozzi & Yi, 2012). CB-SEM
approach directly connects to the methodology of previous research examining mediating
effects (Kim et al., 2025; Zuva & Zuva, 2017) and causal chains in complex conceptual
relationships (e.g., indirect effects of transparency or perceptual cues on satisfaction and
purchase intention) (Benbasat & Wang, 2005).

AMOS 24.0 and SPSS 25.0 statistical programs were used for analyzing. For the normal
distribution test of the data, skewness (-.98< skewness <.59) and kurtosis (-.56< kurtosis
<.57) values has been examined and that the values are within £1 range (Tabachnick &
Fidell, 2019). This finding shows that the data meets the normal distribution assumption.
Cook distance values are to be below 1, indicating that there are no multivariate extreme
values in the data set (Field, 2013). VIF values are less than 3, which confirms that no
multicollinearity problem (Yurt, 2023). It is observed that all the assumptions required
683
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for multivariate analysis, such as linear relationship, normality of error terms, and
homogeneity of variance, are met (Byrne, 2013).

5.1 Measurement Model

Values of Cronbach's alpha (a), composite reliability (CR), and maximal reliability
(MaxR(H)) are above 0.70 for all scales (Table 1). It is accepted for the factor loading
value to be above 0.4 and the Average Variance Extracted (AVE) to be above 0.5 for
convergent validity. The square root of each AVE must be greater than the correlation
values among the constructs for discriminant validity (Jorg et al., 2016). AVE values are
above 0.67, indicating that the model has reliable and convergent validity (Table 1). In
addition, since the square root of the AVE value of each structure is greater than the
correlations between other structures, it has been concluded that the model meets the
criteria for discriminant validity. Alpha, CR, AVE and factor loading values haven’t been
calculated since the accuracy, diversity, novelty and serendipity variables measured with
a single item. All items (PRSK1-25, STF1-12, BINT1-6, ENG-11) have high factor
loadings (generally well above 0.71), indicating that the items strongly represent the
construct to which they belong.

5.2 Common Method Bias (CMB)

Obtaining the data from a single source and in a single survey session may create CMB
(Podsakoff et al., 2003). To minimize risk, procedural measures are implemented during
the data collection phase to ensure anonymity and confidentiality to avoid social
desirability pressure and to ensure psychological separation to prevent participant response
consistency (Podsakoff et al., 2012). In addition to procedural measures, Harman's single-
factor assessment (Podsakoff et al., 2003) has been utilized to evaluate the presence of
CMB. The outcomes of the un-rotated factor analysis, has exhibited that the primary factor
accounted for merely 27% of the overall variance.

5.3 Structural Model

Pearson correlation coefficients, maximum and minimum values, arithmetic means (M)
and standard deviations (SD) among the variables in the study. The significance level for
all correlation analyses was determined as p < .01 and the analysis is performed with data
obtained from 437 participants (Table 2).
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Table 2: Descriptive Statistics

\Variables N Min. | Max. M SD
1. JAccuracy 437 1 7 4,98 1.49
2. [Diversity 437 1 7 5.12 1.44
3. [Nowvelty 437 1 7 5.14 1.43
4. |Serendipity 437 1 7 491 1.44
5. |[Engagement 437 17 82 58.11 | 15.50
6. |Satisfaction 437 12 84 59.31 | 16.05
7. |Perceived Risk 437 25 159 | 74.67 | 31.51
8. |Behavioral Intentions | 437 6 42 28.20 8.69

When Table 3 is examined, a positive and strong relationship is revealed between accuracy
and diversity (r =.81, p <.01). Similarly, positive and significant relationships were found
between accuracy and novelty (r = .82, p < .01) and accuracy and serendipity (r = .75, p <
.01). Engagement is profoundly related to accuracy (r = .76, p < .01) and satisfaction (r =
.83, p < .01). Correlations between risk and other variables are negative. Especially, the
relationship between risk and behavioral intentions is negative and significant (r = -.48, p
< .01). Conversely, there is a positive and substantial relationship between behavioral
intentions and satisfaction (r = .76, p <.01).

Table 3: Pearson Correlation Coefficients of Relationships between Variables

\Variables 1. 2 3. 4. 5. 6. 7. 8.
1. JAccuracy 1.0
2. |Diversity 81" 1.0
3. |Novelty .82 1.83™ [1.0
4. |Serendipity 757 |77 77T 1o
5. [Engagement 767 |77 |78 |78 1.0 | |
6. [Satisfaction 737 697 [68™ [69™ |83 [1.0
7. Perceived Risk -45™ 447 |.38™ |-.39™ |52 |52 [1.0
8. |Behavioral Intentions 67" [63™ |65™ [62™ |73 |76 |.48™ [1.0

**p<0.01, N=437

Created a path model is analyzed to test the research hypotheses. Accuracy, diversity,
novelty, serendipity, engagement, satisfaction, and risk are included as endogenous
variables, and behavioral intentions were included as exogenous variables in the model.
The fit values (2= 15.99, Df =4, p <.01, y¥/Df = 3.99, GF1 = .99, AGFI= .92, TLI = .97,
CFl = 1.0, RMSEA = .08, and RMR = .02) indicates that the model shows a good fit with
the data set. This result constitutes evidence for the validation. The tested path analysis
model is shown in Figure 2. The path coefficients, significance levels, and confidence
intervals obtained by testing the model are given in Table 4.
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Engagement

Behavioral
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Serendipity

Figure 2: Tested Path Analysis Model

The direct relationships (Stimuli — Organism — Response), examines the effects of four
RS characteristics (Stimuli) on organism (engagement, satisfaction, perceived risk) and the
ultimate goal (response: behavioral intentions).

Table 4 presents the relationships and impacts among the variables included in the path
analysis model. Accuracy is the strongest driver of satisfaction ( = .38, p <.001, 95% CI
[.25, .51]) (H2 accepted), and also has a positive impact on user engagement (f = .20, p <
.001, 95% CI [.09, .31]) (H1 accepted). A critical theoretical finding reveals that accuracy
exert a substantial negative influence on perceived risk (f = -.29, p <.001, 95% CI [-.44, -
.13]) (H3 accepted), indicating that accurate recommendations reduce users' perception of
risk. Current studies imply that accuracy metrics alone are not sufficient in algorithmic
evaluation (e.g., accuracy metrics have hurt RSs) also reinforce these findings (Jannach &
Adomavicius, 2016; Jannach & Bauer, 2020; Jannach & Jugovac, 2019; Chia et al., 2022;
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Cremonesi & Jannach, 2021; Jin et al., 2019). It is concluded that in applications using Big
Data for personalization, not only accurate predictions also diverse recommendation is
fundamental to mitigate perceived downsides (privacy concerns and filter bubble risks).
This in-depth interpretation highlights that RS's success depends not only on the
algorithm's technical accuracy also on the complex interactions of these features on user
psychological states (satisfaction, engagement, risk). The result offers a critical in-depth
interpretation of the perceived risk variable. The noteworthy negative impact of risk on
behavioral intentions (f=—.09) emphasize the indispensability of trust and risk
management variables, particularly in applications that collect Big Data for personalization
(Kim, 2025; Saxborn et al., 2024; Nilashi et al., 2016; Wang & Benbasat, 2016).

Table 4: Structural Model Results and Hypothesis Testing

Path 5 |sE | p L% | {yoom
Lower [Uppe
Accuracy |--> | Engagement | .20 52 . .09 |.31 |H1 Supported
Accuracy |--> | Satisfaction .38 .64 - 25 |.51 |H2 Supported

Accuracy | --> |Perceived Risk [-.29 |1.73 -44 |-13 |H3 Supported

Diversity |--> | Engagement | .19 57 - .08 |.30 |H4 Supported

Diversity --> Satisfaction 12 .70 .061 |-.02 |[.25 | H5NotSupp

Diversity -->  |Perceived Risk |-.26 |1.88 |.002 |-.43 |[-.09 |H6 Supported

Novelty --> | Engagement | .20 .59 . .08 |.31 |H7 Supported
Novelty --> Satisfaction .07 72 255 |-.07 |.21 | H8 NotSupp
Novelty -->  |Perceived Risk | .14 |1.95 |.113 |-.02 |.30 | H9 Not Supp

Serendipity |--> | Engagement | .33 48 . 24 | .43  |H10 Supported

Serendipity |--> | Satisfaction .26 .59 - 16 |.38 |H11 Supported

Serendipity |--> [Perceived Risk [-.08 |1.59 [.242 |-22 |.05 |H12NotSupp

Engagement |---> Behav!oral .30 .03 - 15 | .44  |H13 Supported
Intentions

Satisfaction |--—-> | Behavioral 4o g3 f e 35 | 51 |H14 Supported
Intentions

Perceived | | Behavioral | 9 | 59 | 013 |-17 [-01 |H15 Supported

Risk Intentions
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Although the diversity has no effect on satisfaction (8 =.12, p = .061, 95% CI [-.02, .25]),
positive and significant effect on engagement (5 = .19, p <.001, 95% CI [-.08, .30]) (H4
accepted). However, diversity negatively and significantly affects perceived risk (5 = -
.26, p =.002, 95% CI [-.43, -.09]) (H6 accepted). The most important and the most useful
analytical outcome is that accuracy ($=—29) and diversity (f=—26), contribute
significantly to mediate risk reduction by affecting perceived risk. It is stated that
diversity, particularly, is pivotal in mitigating potential downsides (such as filter bubble
risk or privacy concerns). This outcome compatible with the researches on
Trustworthy/Responsible Al (Arrieta et al., 2020; Matt et al., 2014; Nguyen et al., 2014;
Raza et al., 2024), demonstrating that algorithmic transparency and bias reduction
(diversity) are central to establishing user trust. Increasing the diversity can reduce risk
by increasing user confidence in the generated profile. Within the scope of these findings,
these results demonstrate that the achievement of Al-based personalization relies not only
on accurate predictions but also so on reducing risk perception via diversity and
serendipity. This can be supported by theoretical frameworks such as Mutual
Domestication (Siles et al., 2019), which strengthen relevance of the results. Conversely,
the direct effect of diversity on satisfaction is not significant (H5 rejected). Although the
accuracy-diversity trade-off is often assumed in RSs (Dawson, 2014; Mutambik et al.,
2023), studies also focus on resolving this apparent dilemma (Zhou et al., 2010; Zeng et
al., 2014), there is positive and strong correlations between accuracy (r=.81) and novelty
(r=.82). This offers significant logical justification. In the context under study (e-
commerce), it follows that satisfaction increases when accurate recommendations also
include undiscovered/new elements at the user's perceptual level, therefore the traditional
trade-off becomes invalid. This is an essential observation indicating when algorithmic
performance becomes beneficial for the user experience. This finding demonstrates that
traditionally separate goals can be combined into a single, high-quality experience from
the user's perspective, suggesting that the traditional algorithmic dilemma is overcome at
the perceptual level.

Novelty have a positive and significant effect only on engagement (5 = .20, p <.001, 95%
CI [.08, .31]) (H7 accepted). The effects on satisfaction (f = .07, p = .255, 95% CI [-.07,
.21]) (H8 rejected) and perceived risk (# = .14, p = .113, 95% CI [-.02, .30]) is not
significant (H9 rejected). Serendipity has the strongest direct effect on engagement
among the RS attributes (5 = .33, p <.001, 95% CI [.24, .43]) (H10 accepted), providing
a critical interaction detail indicating that to achieve long-term behavioral intentions, the
system must provide serendipitous experiences that exceed user expectations. This result
offers a profound implication that the success of an RS lies not in hitting the user's known
preferences but in stimulating curiosity by offering unexpected but interesting
(serendipity) suggestions (Adamopoulos & Tuzhilin, 2014; Zuva & Zuva, 2017; Kim et
al., 2025; Maccatrozzo et al., 2017). Current studies confirm the importance of “beyond-
accuracy objectives” such as exploration and surprise for user experience (Ge et al., 2010;
Trattner et al., 2023; Foster & Keane, 2013; Khanagha et al., 2017). Serendipity has also
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positive and significant effect on satisfaction (5 = .26, p <.001, 95% CI [.16, .38]) (H11
accepted). However, the effect of serendipity on perceived risk (8 = -.08, p = .242, 95%
Cl [-.22, .05]) is not significant (H12 rejected).

Related to the effects of organism (O) on behavioral intentions (R), satisfaction (O) is the
strongest positive predictor of behavioral intentions (R) (8 = .47, p < .001, 95% CI [.32,
.61]) (H14 accepted). Engagement (O) also has a positive and significant effect on
behavioral intentions (R) (8 = .30, p <.001, 95% CI [.15, .44]) (H13 accepted). Perceived
risk (O) have a negative and significant impact on behavioral intentions (R) (8 = -.09, p
=.013, 95% CI [-.17, -.01]) (H15 accepted). This suggests that privacy concerns and trust
issues arising from the use of Big Data in personalization applications reduce final
behavioral intentions.

5.4 Mediating effects

Mediation analyses indicate indirect effects of independent variables, such as accuracy,
diversity, novelty and serendipity, on behavioral intentions through satisfaction,
engagement and risk variables (Table 5). Related to mediating role of user engagement (S
— Engagement — R), engagement (O) have significant mediating role in the positive
indirect effects of all examined RS features (accuracy, diversity, novelty, serendipity) on
behavioral intentions (R) (All p values < .001) (H16 accepted). This finding demonstrates
that RS features foster interaction dynamics among users before reaching final behavior.
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Table 5: Mediating Analysis Results

0,
Indirect Paths B o9 L p | Decision
Lower | Upper

Accuracy --> Satisfaction --> Behavioral
Intentions

1.024| 0649 | 1.491 |0.001|Significant

Accuracy --> Engagement --> Behavioral
Intentions

034 | 0154|0594 |0.001|Stanificant

- i isk -- i Significant
Accur_acy > Perceived Risk --> Behavioral 0.148! 0042 032 0.016 g
Intentions

Diversity --> Satisfaction --> Behavioral
Intentions

0329 0.021 | 0.684 |0.081|NOtSId

Diversity --> Engagement --> Behavioral Significant

Intentions

0.346| 0.172| 0.599 |0.001

Diversity --> Perceived Risk --> Behavioral
Intentions

0139 003 | 0327 |0.018 Significant

Novelty --> Satisfaction --> Behavioral Intentions [0.207 | -0.128| 0.571 | 0.286 | Not Sig

Novelty --> Engagement --> Behavioral Intentions| 0.352 | 0.161 | 0.642 |0.001 | Significant

Novel.ty --> Perceived Risk --> Behavioral 0.08 | -0.225!-0.009 |0.046 | Significant
Intentions
Serenqlplty --> Satisfaction --> Behavioral 074 | 0444|1123 |0.001 Significant
Intentions

Serendipity --> Engagement --> Behavioral
Intentions

0592 0358|0882 |0.001 Significant

Serendipity --> Perceived Risk --> Behavioral
Intentions

0.045| -0.002| 0.141 |0.123|NOtSid

***p < 0.001, **p < 0.010, *p < 0.05

Particularly, the Accuracy — Satisfaction — Behavioral Intentions path exhibits the
strongest positive effect among all indirect paths (B = 1.024, p < 0.001), engagement (B
= 0.34, p < 0.001) and risk (B = 0.148, p = 0.016). In particular, satisfaction and
engagement exhibit strong positive effects, while risk shows a low level of effect.
Diversity also has significant indirect effect on behavioral intentions through engagement
(B =0.346, p <0.001) and risk (B = 0.139, p = 0.018), while its effect through satisfaction
is not significant (p = 0.081). Related to mediating role of risk (S — Risk — R), risk (O),
accuracy (B = 0.148, p = 0.016), and diversity (B = 0.139, p = 0.018) (H18 accepted)
plays a significant role in the indirect effects of the variables on behavioral intentions (R).
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These findings demonstrate that accuracy and diversity indirectly support behavioral
intentions by reducing risk perception and play a risk-reducing mediating role. The
indirect impact of the novelty through perceived risk is negative and significant (B = -
0.08, p = 0.046).

Novelty has significant influence on behavioral intentions through engagement (B =
0.352, p < 0.001), while its effect through satisfaction isn’t significant (p = 0.286). In
addition, the serendipity has significant indirect impacts on behavioral intentions through
satisfaction (B = 0.74, p < 0.001) and engagement (B = 0.592, p < 0.001), while its effect
through risk isn’t significant (p = 0.113). However, the satisfaction mediation for
diversity and novelty is not significant (consistent with the rejection results of H5 and
H8).

Related to mediating role of satisfaction (S — Satisfaction — R), satisfaction (O) is the
strongest mediator driver of behavioral intentions ($=0.47, p<0.001) (H17 accepted). This
finding, in line with recent studies (Jannach & Jugovac, 2019; Jannach, 2023; Jannach &
Bauer, 2020), confirms that measuring long-term customer loyalty and business value in
Al-enabled applications requires focusing on and optimizing elements such as service
quality and customer experience (Bag et al., 2022; Chen et al., 2022; Kumar et al. 2025).
From the S-O-R perspective, the fact that the mediating role of satisfaction is much more
dominant than perceived risk suggests that shifting the focus of Al marketing strategies
from perceived risk management to maximizing consumer benefit and service quality is
the most effective approach. This requires focusing on service quality and experience
(satisfaction/engagement) to measure long-term customer loyalty in Al-RSs (Kumar et
al., 2025; Bag et al., 2022). Engagement, satisfaction, and risk variables as organism role,
absorb the stimulus effects and shape the final response, that is, behavioral intentions.
These findings explain that the success of RS is based on user-centered experience
(satisfaction and engagement), user centric value creation, and perceived risk
management rather than pure algorithmic accuracy performance (Karimi et al., 2018;
Knees et al., 2019; Knijnenburg et al. 2012; Konstan & Terveen, 2021; Lobschat et al.,
2021).

These results provide theoretical background that, from an S-O-R perspective, the user
experience (satisfaction, engagement, perceived risk) created by RS (Stimuli) is central
to the final behavioral outcomes (Response), and these mediating factors shift the success
of RS toward user-centered satisfaction and risk management rather than solely technical
accuracy (De Gemmis et al., 2015; Jannach & Bauer, 2020; Jannach, 2023).

6. Discussions and Implications

It is concluded that the accuracy, novelty, diversity, and serendipity influence user
engagement. It shows that providing accurate and diverse content that meets users'
expectations enables users to interact with RSs more frequently and intensively.
Increasing engagement is of strategic importance, especially for platform providers who
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wish to extend the interaction time of users with the system and strengthen their loyalty
to the platform. It is concluded that although accuracy and serendipity affect satisfaction,
diversity and novelty do not affect satisfaction. The finding that accuracy and serendipity
criteria positively affect user satisfaction that user satisfaction levels increase when
recommendation systems meet user expectations in terms of accuracy and serendipity
with unexpectedly surprising but pleasant content. But, absence of a substantial impact
of diversity and novelty on satisfaction can illustrate that user satisfaction is not always
related to the diversity or novelty of content directly. Users can perceive this situation
differently. Therefore, diversity and novelty can often conflict with users' basic
expectation of recommendation relevance. If novel or diverse recommendations are not
sufficiently relevant, the discovery value offered by RS will not offset the dissatisfaction
of missing accurate items and will not impact overall satisfaction (McNee et al., 2006).
Users expect personalized recommendations to be relevant to their interests, tastes, and
preferences (Vargas & Castells, 2011; Ziegler et al., 2005). The number and variety of
recommendations lose their importance. Hence it must be relevant users’ interests, tastes,
and preferences. According to Vargas & Castells (2011), the impacts of diversity on user
satisfaction have not been fully validated in RSs, as the effect of diversity on satisfaction
often needs to be balanced with predictive accuracy. Diversity often complicate decision-
making processes and causes problems like "information overload". Ziegler et al. (2005)
concludes that while diversity may be attractive to users in certain situations, it is not
always accepted, due to different user segmentations perceive diversity differently.

The study ascertains that while accuracy and diversity have an effect on perceived risk,
novelty and serendipity have no effect on perceived risk. Accurate and diverse
recommendations increase users' trust and reduce uncertainty in the RS. If users believe
accurate contents which align with their interest, tastes and preferences, they do not
perceive risky. In addition, users wish and evaluate different contents which align with
their interest, tastes and preferences. If users perceive these contents irrelevant and
different, they develop negative behavior leading to risk (McNee et al., 2006; Tintarev &
Masthoff, 2012). Generating a wide diversity of recommendations can also influence
users risk perception about their personal data and data privacy. The finding of risk-
reducing role of accuracy and diversity (Rohden & Zeferino, 2023; Yu et al., 2022)
provides an important theoretical bridge to recent Al and consumer behavior literature
focusing on users' trust in data privacy and algorithmic decisions (Sohn et al., 2025). The
mitigating role of accuracy and diversity directly aligns with recent discussions in
responsible Al (Lopez-Avila & Du, 2025) and FATE (Anand et al., 2025). It validates the
role of algorithmic accuracy and diversity in increasing the reliability of Al systems by
demonstrating that high accuracy and diversity reduce the perceived risk that may be
associated with the use of Big Data (Raza et al., 2024; Zhao et al., 2025). Current studies
focus on the need to simultaneously optimize algorithm design for multiple objectives,
such as not only accuracy but also diversity and fairness (Wang et al., 2023; Zheng &
Wang, 2022), emphasize that transparency, explain ability (XAl), and trustworthiness in
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Al systems (Arrieta et al., 2020; Matt et al., 2014; Nguyen et al., 2014; Raza et al., 2024)
are critical for user adoption intentions and risk perceptions. The finding explains that the
impact of RS attributes on behavioral intentions through engagement and satisfaction is
significant underscores this "beyond-utility" perspective (Hollebeek et al., 2019; Kang et
al., 2023). The negative effect of risk on behavioral intentions reflects the need for multi-
stakeholder evaluation frameworks in particular (Adomavicius & Kwon, 2011; Burke et
al., 2025; Jannach & Abdollahpouri, 2023). These frameworks argue that the impact of
RSs should be evaluated by balancing the objectives of different stakeholders both the
consumer (user satisfaction/intention) and system providers (business value), and society
(ethics/risk/fairness) (Adomavicius & Kwon, 2011; Burke et al., 2025).

Approaches to resolving the diversity-accuracy trade-off (Zhou et al., 2010; Zeng et al.,
2014). The apparent dilemma identifies in the study's correlation results (a strong positive
relationship between accuracy and diversity) should be interpreted as suggesting that this
dilemma can be overcome at the user perceptual level, and this should be closely aligned
with these current discussions (Vargas & Castells, 2011). The finding of a positive
correlation between accuracy and novelty/diversity strengthens the importance of multi-
objective optimization perspectives, which pay particular to explore a Pareto frontier
between these conflicting or similar objectives rather than assuming a single "best"
solution for algorithms (Martijn et al., 2016; Qingfu & Hui, 2007). This result means that
accurate recommendations can also be useful and unexplored at the user-perceived level
and compatible with recent studies suggesting that increased diversity and novelty
increase user engagement and loyalty (Barata & Coelho, 2021; Dokoupil et al., 2025;
Jannach & Abdollahpouri, 2023), compatible with recent studies on the importance of
MORS. (Wang et al., 2023; Zheng & Wang, 2022). In addition, consistent with McNee
et al. (2006)’s critique that "accuracy metrics are detrimental to RSs," current RS research
has shifted its focus from pure algorithmic accuracy to multi-objectives such as long-term
user experience, retention, and business value (Jannach, & Jugovac, 2019; Jannach &
Abdollahpouri, 2023; Li et al., 2012).

Serendipity has the strongest direct effect (5 = .33) on engagement, triggers a sense of
exploration and curiosity in the user. The strong role of serendipity in user engagement is
supported current trends through integrating of Large Language Models (LLMs) and
Deep Learning (DL) techniques into RSs and the potential of these next-generation
systems to bursting filter bubbles and deliver serendipitous recommendations (Carraro &
Bridge, 2024; Xi et al., 2025). With the integration of DL techniques (Raza et al., 2024;
Zonghan et al., 2025) and LLMs (Lopez-Avila and Du, 2025; Raza et al., 2024; Xi et al.,
2025), the RSs experience a major change and transformation. LLMs are used not only
for generating recommendations, also for their ability to reason about beyond-accuracy
objectives (diversification, re-ranking, and serendipity) (Carraro & Bridge, 2024; Wang
et al., 2025). This demonstrates potential for bursting the filter bubbles of traditional
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LLMs by integrating external world knowledge and better identifying serendipitous items
(Xi et al., 2025).

The study's focus on the only Netflix clearly limits the applicability of the findings
(Yudhistira & Wang 2025), but it can conclude critical details related to RSs-human
interactions. The literature highlights that users' perceptions of RS features and the impact
of psychological factors such as satisfaction are domain-dependent (Burke et al., 2025;
Dokoupil et al., 2025; Wu et al., 2018). For example, results obtained from e-commerce
data may require different user responses in different geographical/cultural contexts,
tourism (Wang et al., 2025; Werneck et al., 2021) or film/music (Chinese context) (Chen
etal., 2019; Yudhistira and Wang, 2025). Related Al-RS researches show geographically
differences (China, India, the United States, Greece, Korea, Australia, Germany, France,
and the United Kingdom) (Efendioglu, 2023; Jain et al., 2024; Li et al., 2019). This
geographic differences provides a significant framework for understanding how
perceived risk attributes (accuracy, diversity) are perceived in the context of
regional/cultural differences (Bianchi & Andrews, 2012; Erdogan, 2023), for example, a
research of the perceived risk in financial services (Hawamleh et al., 2020) and e-
commerce (e.g., from a Chilean perspective). From this perspective, Al-RS marketing
strategies should take consider regional user perceptions (trust, satisfaction, and risk) into
account. Finally, current studies review indicate a lack of sample size in the field of Al
and consumer behavior, particularly in South America and Africa. Therefore, it is critical
that the results require additional validation and contextual analysis before they can be
applied to other regions/cultures/sectors (Jain et al., 2024).

6.1 Theoretical Implications

This study empirically empower the S-O-R model framework in the context of modern
AIl-RSs and presents a holistic causal mechanism that bridges the methodological gap
between technology-human centered researches. Satisfaction as the strongest driver in the
model, explaining 61% of the variance in behavior intention ($=.47), support excellent
model fit values. This theoretical finding corroborates the current studies, which posits
that the assessment of RS success should be predicated on subjective, user-centered
organizational variables such as service quality and superior customer experience, as
opposed to the exclusive utilization of objective metrics such as algorithmic accuracy
(Root Mean Square Error-RMSE). Moreover, the significant function of engagement
(=.30) on behavioral intentions is reinforced.

This study highlights the importance of elements that are considered secondary in
traditional RS — namely, those that go “beyond-accuracy objectives” — and explains
that a system's success lies in encouraging discovery motivation. Serendipity (stimulus)
has the strongest direct effect on user engagement (organism) (f=.33) in among RS
features. This means that a system's success does not lie in addressing the user's known
preferences, but rather in fostering long-term engagement (i.e. discovery motivation) by
providing unexpected yet surprising recommendations. Another important theoretical
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finding is the questioning of the accuracy and diversity trade-off, a fundamental premise
of RS engineering, at the level of user perception. The strong positive relationship (r =
.81) between accuracy and diversity, offers a new theoretical interpretation of the support
that these two features provide to users in an e-commerce context, necessitating a rethink
of theoretical models in line with the MORS approach.

This research significantly contributes to the field of reliability by presenting the role of
perceived risk as a two-way process in the scope of the S-O-R context. While it has been
confirmed that risk has a significant negative impact on behavioral intention (8 = —.09),
the most significant theoretical contribution is that risk-related characteristics such as
accuracy (f=-.29) and diversity (f =—.26) have a significant negative effect on this risk.
This finding opens up a new theoretical issue for evaluating how RS features operate as
risk-reducing or buffering agents that manage users' internal organizational states, such
as privacy concerns and trust issues, rather than merely providing benefits. In this context,
although diversity and novelty (discovery-oriented features) fail to trigger the expected
direct satisfaction pathway, they preserve the S-O-R integrity by strongly increasing user
engagement and reducing the perceived risk users experienced when trying less familiar
items. Overall, the S-O-R framework has been validated, but these features' primary role
isn’t to provide instant gratification; rather, they established psychological bridges that
encouraged users to explore and reduce uncertainty. These results suggest that
algorithmic quality should be directly incorporated into reliability models of Al systems.

6.2 Practical Implications

This study suggests that businesses and platform managers implementing Al-based
personalization in the Netflix context should strategically target organizational factors to
increase users' long-term behavioral intentions (Response). Depending on S-O-R
framework, the focus of the system should shift from RMSE to satisfaction an
engagement (organism). The primary focus should be on maximizing satisfaction, the
strongest driver of behavioral intentions. To achieve this goal, businesses should
prioritize the core behavioral intention, as providing accurate and relevant offers enhances
service quality and fosters long-term customer loyalty. Second, to support users' desire
for discovery and reduce monotony, priority should be given to serendipity, which has
the strongest direct impact through engagement. This means that algorithms should
mitigate the "filter bubble" problem by offering unexpected yet appealing suggestions
that not only reflect known preferences but also trigger curiosity. Third, given the
noteworthy negative effect of risk (Organism) on behavioral intentions, enhancing
platform security and addressing privacy concerns is critical. This risk should be
mitigated through strong stimuli such as accuracy and diversity, as these factors play an
instrumental role in enhancing system reliability. Herein, managers should incorporate
transparency (XAIl) mechanisms into RS interfaces, explaining to users why a particular
recommendation is made. Finally, contrary to what is traditionally seen as a dichotomy,
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the strong positive correlation observed between accuracy and diversity demonstrates that
developers should simultaneously optimize these two objectives to maximize satisfaction
without conflict. The practical implementation of these theoretical implications requires
the integration of Al into CRM systems, transforming existing customer data into action
using analytical approaches, and enabling complex CRM capabilities such as sentiment
analysis.

6.3 Limitations and Future Directions

The study's focus on Netflix RSs, which offer only service Subscription Video-On-
Demand (SVOD) and whose content is limited to film/video shows, limits the generality
of the findings (Bennett & Lanning, 2007; Chiny et al., 2022). Netflix's algorithm
primarily serves the goal of maximizing long-term subscriber retention and customer
loyalty (Gomez-Uribe & Hunt, 2015), these results cannot be directly generalized to other
RSs, typically those with different business objectives (revenue or transaction
maximization), such as e-commerce (Amazon) or mobile banking (Shen, 2014).
Furthermore, as Netflix uses complex algorithmic and customization techniques adapted
to constantly changing and diverse contexts, rather than a single model, transferring these
findings to RSs outside this specialized vertical becomes difficult (Gonzélez-Chans et al.,
2020).

The research's reliance on single-point-of-time data, which falls short of fully capturing
dynamic user preferences and long-term effects, is a limitation. In this regard, integrating
longitudinal studies and more comprehensive online A/B testing is suggested.
Furthermore, causal relationships can be established through studies that directly
manipulate the effects of perceived risk or satisfaction (organism) variables using mixed
methods or experimental designs. Empirical studies analyzing bidirectional causality,
examining the feedback loop between platform recommendations and user responses,
could be focused on. Furthermore, the integration of concept of drift techniques, which
model continuous changes in user preferences in dynamic environments, into RSs can be
considered another important area.

A MRS framework that balances the objectives of other stakeholders (platform providers
and content creators) should be adopted in terms of theoretical and structural deficiencies,
since the S-O-R approach focuses primarily on the end user. To strengthen the findings
on perceived risk, algorithms, and the role of critical constructs such as trust and privacy,
has not been thoroughly investigated as an independent construct. To address this
shortcoming, it is important to combine XAl with the model and examine its impact on
consumer behavior. It requires combining DL and LLM. To overcome the study's
limitation of focusing on individual users, future studies should focus on solving Group
Recommender Systems (GRSs) and joint viewing/purchasing scenarios involving
different business groups or customer groups. Finally, utilizing economic models
(business value metrics such as ROl and LTV) to balance user satisfaction with business
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metrics (business profitability, sales, and customer retention) is an important theory-based
future direction.

7. Conclusion

The study emphasizes that the effectiveness of Al-assisted personalization is contingent
both algorithmic accuracy and on users' cognitive and emotional engagement with the
accuracy, diversity, novelty, and serendipity. The S-O-R model is integrated to create a
robust framework that explains the psychological processes that effect how users behavior.
The study highlights a theoretical contribution to the literature on Al-based personalization.
Being achieved by incorporating the emotional and cognitive dimensions of user
experience, it facilitates a more profound comprehension of personalization (Adapa et al.,
2020; Aloysius et al., 2018; Habil et al., 2023; Hossain et al., 2020). The findings extend
beyond the purely technical capability of algorithms, underscoring the necessity of human-
centered design to optimize behavioral intention. It can be concluded that enhancing
behavioral intention necessitates achieving a strategic balance between accuracy, the
primary objective of RSs, and the multidimensional, "beyond accuracy"” features such as
novelty, diversity, and serendipity that enrich the user experience, in light of the findings
and the prevailing consensus in the RS literature.

Accuracy positively affect both engagement and satisfaction while reducing risk
significantly. This means that the system's core advantages (relevance and accuracy) is
essential in users' perception of it as a trustworthy tool. Accuracy has significant positive
indirect effects on behavioral intention through engagement, satisfaction, and risk. In
addition to accuracy, serendipity is found to strongly increase both engagement and
satisfaction. Serendipity also positively and significantly influences behavioral intention
through satisfaction and engagement. This result reflects the need to focus on objectives
beyond traditional accuracy metrics, frequently mentioned in the literature (Kaminskas &
Bridge, 2016). The potential of providing users with novel yet relevant content to broaden
engagement and enrich the user experience has been confirmed (McBirnie, 2008;
Rubinstein, 2002). While diversity and novelty enhance engagement, they fail to have a
significant direct effect on satisfaction. This may reflect the accuracy-diversity trade-off in
the literature (Kunaver & Pozrl, 2017; Liu et al., 2012; Zhou et al., 2010; Ziegler et al.,
2005). Moreover, the fact that the accuracy and diversity significantly and negatively affect
the risk and have a function of reducing the risk and the accuracy-diversity trade-off in the
RS is refuted by the positive correlation at the user perception level confirms that Al
powered personalization is a fundamental strategy that comprehensively shapes the
customer experience in the interactive marketplace. While users find the presence of
diversity (topic diversity) beneficial (increasing engagement and reducing risk), these
features alone do not guarantee satisfaction (Cai, 2005). Nevertheless, diversity and
novelty have significant indirect effects on behavioral intention through the engagement
and perceived risk paths.
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In terms of balancing independent variables to enhance behavioral intentions, the success
of an AI-RS in generating behavioral intention (purchase intention or continued use)
depends on the balanced management of four key characteristics (accuracy, diversity,
novelty, and serendipity). For this purpose;

1. Prioritizing Satisfaction and Exploration: Since satisfaction primarily enhances
behavioral intention, managers and designers should focus on the two characteristics that
contribute most to this emotional response: Accuracy and serendipity. A RS should deliver
content that users know and expect with high precision, while also satisfying the sense of
discovery by surprising them with unexpected (but relevant) content. Serendipity can also
be enhanced through placement strategies within recommendation lists (Kaminskas &
Bridge, 2016).

2. Managing Risk and Sustaining Engagement with Diversity: Diversity plays two
important roles such as reducing risk and increasing user engagement, while diversity may
not directly increase satisfaction. Diversity can provide transparency and a sense of control
by giving users the impression that the system is neutral and comprehensive (Awad &
Krishnan, 2006; Heilbroner et al., 1980). Therefore, diversity should be used as a
complementary control mechanism to manage the system's long-term sustainability and
user trust rather than being the primary objective.

3. Positioning Novelty: Marketers should focus on offering novelty through coincidences
that create satisfaction when introducing new products or lesser-known content as novelty
has no direct and significant effect on satisfaction and risk indicates. Although novelty is
attractive on its own, it does not lead to satisfaction, which is the main driver of behavioral
intention, unless it meets or exceeds user expectations

In conclusion, optimizing behavioral intention necessitates a transition from a solitary
metric to a multifaceted approach, encompassing numerous objectives that strategically
balance accuracy and serendipity (key satisfaction drivers) with diversity (for risk
management and participant confidence).

This balance is analogous to a dynamic portfolio selection between accuracy and
exploration, much like an investor combining assets that not only offer high returns
(accuracy), but also offer new opportunities (serendipity) and diversify risk (diversity).
This strategy explains digital platforms to make systems that meet users' needs, build trust,
and keep users retained for a long time. This study emphasizes the importance of RS design
should focus on the delicate balance between user-centered experience (engagement,
satisfaction, and serendipity) and risk-reducing features (accuracy and diversity), and that
human perception, rather than pure algorithmic accuracy, is critical.
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