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Abstract 
This study addresses the practical and theoretical problem that, although recommender systems are now 
embedded across U.S. e-commerce and digital marketing touchpoints, organizations still lack clear quantitative 
evidence on which perceived recommender attributes most strongly drive consumer behavioral outcomes and 
how privacy concerns constrain those effects. The purpose was to test a perception-driven influence model using 
a quantitative, cross-sectional, case-based design anchored in enterprise-scale, cloud-deployed e-commerce 
recommendation environments (multiple recommendation “surfaces” such as home-page personalization, 
product-page similar items, cart cross-sells, and email or push recommendations). Data were collected from N 
= 312 eligible consumers with recent recommender exposure, where 71.5% reported interacting with 
recommendation carousels at least weekly; key stimulus and organism variables included Personalization 
Quality (PQ), Perceived Relevance (PR), Transparency/Explainability (TRNSP), Trust (TR), Privacy Concern 
(PVC), and two study-specific indices, Recommendation Exposure and Interaction Intensity (REI²) and 
Algorithm Aversion–Appreciation (AAAT), while response variables were Purchase Intention (PI), Satisfaction 
(SAT), and Loyalty/Repurchase Intention (LOY). The analysis plan applied 5-point Likert scale measurement, 
reliability testing (Cronbach’s α range .81–.90 across constructs), descriptive statistics, Pearson correlations, 
and multiple regression models with multicollinearity diagnostics (VIF approximately 1.28–2.34). Descriptives 
indicated above-midpoint perceptions for PR (M = 4.01, SD = 0.66) and PQ (M = 3.88, SD = 0.72) with 
moderate TRNSP (M = 3.46, SD = 0.81) and PVC (M = 3.21, SD = 0.84), alongside strong PI (M = 3.97, SD 
= 0.70) and SAT (M = 3.90, SD = 0.68). Correlations showed trust as a central mechanism (TR with PI r = 
.61, p < .001; TR with SAT r = .55, p < .001), while privacy concern reduced trust (PVC with TR r = −.34, p 
< .001). In the main PI regression, the model explained substantial variance (R² = .54, p < .001), with the 
strongest predictors being PR (β = .31, p < .001) and TR (β = .29, p < .001); PQ (β = .18, p = .003), TRNSP (β 
= .12, p = .019), REI² (β = .15, p = .006), and AAAT (β = .11, p = .022) added significant positive effects, while 
PVC showed a smaller negative effect (β = −.09, p = .041). Exposure intensity also produced clear practical 
differences: high REI² users reported higher PI (M = 4.18) than low REI² users (M = 3.62), indicating an 
interpretable engagement-linked uplift. These findings imply that enterprise e-commerce teams should prioritize 
perceived relevance and trust-building transparency (explanations and control cues) while implementing 
privacy-assurance and preference-editing features to reduce trust erosion and improve purchase and loyalty 
outcomes. 
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INTRODUCTION 
Recommender systems are algorithmic decision-support tools that filter large catalogs of products, 
services, or content and generate personalized suggestions based on user signals such as clicks, ratings, 
purchases, browsing traces, or contextual attributes. In e-commerce and digital marketing, these 
systems function as automated persuasion-and-navigation infrastructures: they reduce search friction, 
structure how consumers encounter assortments, and shape the perceived relevance of what is 
available (Adomavicius & Tuzhilin, 2005). A foundational view defines recommendation as a 
computational response to information overload, where personalization becomes an engineered match 
between consumer preferences and item attributes through collaborative filtering, content-based 
approaches, or hybrid designs (Carvajal-Trujillo et al., 2020). 
 

Figure 1: Theoretical Mapping of Consumer Behavior in E-Commerce  
 

Quadrant Applicable Theory Explanation 

System/Internal 
(Mechanisms) 

Information 
Processing Theory 

How the user cognitively processes the relevance and logic 
of the collaborative or content-based data. 

System/External 
(Presentation) 

Social Influence 
Theory 

How "Social Proof" and "Framing" create a social pressure 
or normative influence to follow a recommendation. 

User/Internal 
(Psychology) 

Privacy Calculus 
Theory 

The mental "trade-off" where a user weighs the benefit of 
personalization against the cost of privacy. 

User/External (Social 
Context) 

Trust-Commitment 
Theory 

How transparency and perceived usefulness build a 
relationship of trust between the user and the platform. 

 
In consumer-facing marketplaces, recommendation outputs become part of the choice architecture, 
meaning that what consumers see first, what is framed as “for you,” and what is repeatedly reinforced 
can change both decision processes and outcomes. Empirical research treats these systems not only as 
technical components but also as market-level instruments capable of shifting demand concentration, 
altering exposure to niche items, and influencing sales diversity (Dabholkar & Sheng, 2012). Digital 
marketing environments further intensify these dynamics because recommendation surfaces are 
embedded in multi-touchpoint journeys—search, product pages, email, social feeds, and advertising 
placements—so the same consumer can be “nudged” repeatedly through coordinated personalization 
logic (Chellappa & Sin, 2005). Consumer behavior in this setting refers to measurable psychological 
and behavioral responses—attention, perceived usefulness, trust, satisfaction, intention, and 
purchasing actions—under conditions where algorithmic curation is continuously present (Dietvorst 
et al., 2015). This research domain therefore treats recommendation not as a neutral convenience but as 
a determinant of how consumers interpret relevance, reduce uncertainty, and allocate attention in 
crowded markets. Studies of online recommendation usage in e-commerce contexts show that 
consumers evaluate recommendation systems as both informational aids and service interfaces, with 
performance expectancy, hedonic motivations, and trust operating as key determinants of use intention 
(Ekstrand et al., 2014). Because recommender systems operate in global digital ecosystems, they hold 
international significance as one of the core mechanisms by which platforms allocate visibility, 
personalize persuasion, and standardize shopping experiences at scale across borders and cultures. The 
resulting need is an empirical, quantitative understanding of how recommender systems influence 
consumer behavior outcomes, especially within high-stakes, data-rich U.S. e-commerce and digital 
marketing contexts where personalization is pervasive and strategically monetized (Ert et al., 2019). 
Recommender systems vary in how they infer preferences and how they optimize outcomes. 
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Collaborative filtering learns patterns from collective behavior, content-based recommendation relies 
on item attributes and user profiles, and hybrid systems combine multiple signals to improve relevance 
and robustness (Fleder & Hosanagar, 2009; Zaheda, 2025a, 2025b). Consumer behavior effects are 
closely connected to how recommendation quality is perceived and how recommendation lists are 
constructed, because lists are evaluated as sets rather than isolated items. Research on beyond-accuracy 
objectives highlights that consumers’ experience depends on diversity, novelty, serendipity, and 
coverage, which shape whether recommendation lists feel repetitive, biased, or explorative (Hostler et 
al., 2011; Zulqarnain, 2025). Diversity-focused research documents that diversification methods can 
increase perceived quality of the user experience by reducing redundancy and expanding the breadth 
of suggestions, which matters in e-commerce where consumers often browse to discover alternatives 
and reduce uncertainty. At the market level, recommender systems can influence the distribution of 
demand across popular versus niche items; analytical and simulation work demonstrates that certain 
recommender logics may reduce sales diversity by reinforcing already popular products, which 
connects the technical design of recommendation to measurable marketplace outcomes (Amena 
Begum, 2025; Faysal & Aditya, 2025; Xu et al., 2011). At the interface level, users compare algorithms 
not only on relevance but also on subjective dimensions such as perceived personalization, novelty, 
and diversity; experimental evidence shows that these perceptions can predict satisfaction and final 
algorithm choice in controlled recommender settings (Hammad & Hossain, 2025; Jahangir, 2025; 
Kotkov et al., 2016). Such findings position recommender systems as consumer-experience technologies 
whose effects are mediated by psychological evaluation of list properties. Serendipity research 
strengthens this framing by treating unexpected-yet-useful recommendations as a measurable quality 
that contributes to engagement and perceived value, complementing traditional accuracy metrics 
(Kunaver & Požrl, 2017; Jamil, 2025; Amin, 2025). In e-commerce and digital marketing, these design 
features matter because consumers’ exposure to products is mediated by platform curation, which can 
shape not only what is chosen but also what is considered (Wang et al., 2018). Studies in e-commerce 
contexts therefore connect recommendation design to consumer judgment formation: recommendation 
outputs become cues for what is relevant, popular, or suitable, and consumers integrate these cues into 
their evaluation of product options, perceived fit, and shopping efficiency (Wang et al., 2016). This 
makes recommender systems a central mechanism linking algorithmic design choices to consumer 
behavior patterns in digital markets (Wu et al., 2020). 
 

Figure 1: System influence on consumer Behaviour 

 
 
A core pathway through which recommender systems influence consumer behavior is trust formation, 
because algorithmic suggestions require consumers to accept vulnerability to automated guidance and 
to treat the system as competent, benevolent, and reliable in representing preferences (Yang, 2021). 
Trust is repeatedly positioned as a success factor for recommendation agents on e-commerce sites, 
especially when recommendations function as decision aids embedded inside a larger website 
experience (Zhang & Chen, 2020). Empirical modeling shows that trust is not a single-factor outcome; 
it emerges from layered determinants that include perceived recommendation quality, perceived 
transparency, and general website quality, each contributing distinctively to trust-building in 
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recommendation agents. Transparency is particularly relevant because explanation interfaces provide 
reasons for why items are recommended, shaping perceived accountability and reducing uncertainty, 
which can strengthen consumer confidence in algorithmic suggestions (Azam, 2025; Tasnim, 2025; 
Zhang et al., 2019). Controlled evidence on explanation-related evaluation indicates that explanation 
styles affect user judgments of system competence and can alter perceived fairness and persuasiveness, 
providing measurable mechanisms that connect explainability to acceptance outcomes (Tintarev & 
Masthoff, 2012). In service and marketing contexts, user participation also acts as a trust amplifier: 
when consumers interact more actively with recommendation agents—through preference input, 
feedback, or interactive filtering—they report higher satisfaction and trust and show higher purchase 
intentions linked to both the agent and its recommendations (Towhidul & Rebeka, 2025; Ratul, 2025; 
Toch et al., 2012). The consumer’s experience is also shaped by how recommendation systems are 
perceived as “human-like” or as socially present, because social presence cues can increase relational 
comfort and trust in computerized systems. Research on human–virtual service assistant 
recommendation contexts demonstrates that anthropomorphism and social presence shape consumer 
perceptions and behaviors, showing that recommendation is evaluated as an interactional encounter 
rather than a purely informational output (Rifat, 2025; Yousuf et al., 2025; Song et al., 2022). 
Complementing this, user-perception experiments indicate that consumers differentiate recommender 
algorithms based on subjective impressions of list properties; perceptions of diversity and novelty 
influence satisfaction, and satisfaction predicts selection preferences in algorithm comparisons (Smith 
et al., 2016). These strands of evidence establish that the influence of recommender systems on 
consumer behavior includes a structured psychological evaluation process where trust, satisfaction, 
transparency perceptions, and interaction quality become measurable constructs that connect 
recommendation design to purchasing outcomes (Nilashi et al., 2016). 
This study aims to quantitatively examine how recommender systems influence consumer behavior 
within U.S. e-commerce and digital marketing environments by translating key recommender 
characteristics into measurable variables and testing their statistical relationships with consumer 
outcomes. The primary objective is to determine whether perceived personalization quality, perceived 
relevance, and perceived transparency of recommendations function as significant predictors of 
consumer behavioral responses, particularly purchase intention, satisfaction, and loyalty/repurchase 
intention, within a case-study context. A second objective is to evaluate the internal consumer-response 
mechanisms that shape these outcomes by measuring trust in recommendations and privacy concern 
as central psychological drivers that can strengthen or weaken consumer acceptance of algorithmic 
suggestions. A third objective is to assess the role of recommendation exposure and interaction 
intensity by constructing a Recommendation Exposure & Interaction Intensity Index (REI²) and 
determining whether consumers with higher measured exposure demonstrate stronger behavioral 
outcomes than consumers with lower exposure, while controlling for key demographic and usage 
characteristics. A fourth objective is to build a Trust–Privacy Tradeoff Profile (TPTP) segmentation that 
classifies respondents into distinct trust/privacy groups and tests whether these profiles meaningfully 
differ in purchase intention, satisfaction, and loyalty outcomes, thereby providing a consumer-level 
explanation for variation in recommender influence. A fifth objective is to measure algorithm aversion 
versus algorithm appreciation using an Algorithm Aversion–Appreciation Test (AAAT) and evaluate 
whether this orientation predicts consumer willingness to rely on recommendations and engage with 
recommended products. In addition, the study seeks to empirically test a structured set of hypotheses 
through descriptive statistics, correlation analysis, and multiple regression modeling using a 5-point 
Likert scale instrument, ensuring that each objective is operationalized with clear constructs and 
analyzable indicators. Overall, these objectives are designed to produce a cohesive, measurement-
driven account of how recommender system features and consumer perceptions jointly explain 
behavioral outcomes in U.S. digital commerce settings, while maintaining a focused cross-sectional 
approach suitable for statistical validation of relationships among variables. 
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LITERATURE REVIEW 
The literature on recommender systems and consumer behavior in e-commerce and digital marketing 
establishes that algorithmic personalization has become a central mechanism through which platforms 
structure product discovery, shape attention, and influence purchasing-related decisions in online 
environments. Recommender systems are widely examined as socio-technical tools that operate at the 
intersection of information filtering, user experience design, and marketing persuasion, because they 
simultaneously reduce search costs, narrow or expand the consumer’s consideration set, and embed 
commercial priorities into curated shopping journeys. Within retail platforms, recommendations 
function as personalized choice architecture by presenting ranked lists and contextual prompts (e.g., 
“recommended for you,” “frequently bought together,” “customers also viewed”) that guide 
consumers toward certain products and categories, making recommendation exposure an important 
antecedent of measurable behavioral outcomes such as engagement, purchase intention, satisfaction, 
and loyalty. Prior scholarship also emphasizes that recommendation effectiveness depends on how 
consumers perceive the quality of recommendations, including relevance, diversity, novelty, and 
usefulness, because consumers evaluate recommendation lists as experiences rather than as isolated 
suggestions. At the same time, consumer responses to recommendations are shaped by psychological 
mechanisms such as trust in the recommending agent, perceived transparency and explainability of 
why items are suggested, and perceived control over personalization, each of which can influence 
whether consumers rely on algorithmic guidance or revert to manual search. In digital marketing 
contexts, recommendations extend beyond on-site merchandising and operate across channels through 
personalization-driven email, social commerce feeds, retargeting, and platform advertising, making 
recommender systems part of broader persuasion infrastructures that influence how consumers 
interpret credibility, promotional intent, and relevance cues. The literature also highlights privacy 
concerns as an integral component of algorithmic influence, because personalization relies on consumer 
data capture and profiling, which can trigger perceived intrusiveness and risk perceptions that alter 
acceptance and engagement. Furthermore, behavioral research on human–algorithm interaction 
identifies that individuals can exhibit algorithm aversion or algorithm appreciation depending on 
perceived error, accountability, and performance expectations, suggesting that consumer orientations 
toward automated judgment can condition the strength of recommender effects. Collectively, these 
research streams provide the foundation for constructing an integrated empirical model linking 
recommender system characteristics to consumer behavioral outcomes through mediators such as trust 
and privacy concern, and they justify quantitative approaches that test relationships through 
descriptive statistics, correlation analysis, and regression modeling in real e-commerce contexts. 
Recommender Systems in E-Commerce and Digital Marketing 
Recommender systems in e-commerce and digital marketing operate as personalization mechanisms 
that select and rank products, bundles, or promotional offers for consumers by learning from 
behavioral and contextual signals. In online retail environments, recommendations typically appear in 
multiple “surfaces” (home page carousels, category listings, product-detail cross-sells, cart upsells, and 
post-purchase email), meaning that recommendation logic becomes intertwined with merchandising 
strategy and marketing communication. At the system level, a recommender must balance predictive 
relevance with business constraints such as inventory availability, margin priorities, contractual 
obligations, and safety or compliance rules . This motivates hybrid architectures that combine multiple 
recommendation paradigms and then apply re-ranking policies to align outputs with platform 
objectives and consumer experience criteria. Hybridization is especially important in commerce where 
cold-start problems, shifting tastes, seasonal demand, and rapidly changing catalogs can degrade 
simple single-method recommenders; mixing content-based signals, collaborative patterns, and 
contextual features can stabilize recommendation quality across diverse consumer segments and 
product categories. Research on hybrid recommender systems formalizes this practical need by 
presenting integration strategies (e.g., weighted blending, switching, feature combination) that are 
well-suited to web commerce where different user states require different personalization logic (Burke, 
2007). In digital marketing operations, recommender outputs can also be treated as personalization 
assets that feed targeting, creative selection, and timing decisions across channels; the same 
recommendation candidates can be adapted for on-site modules, push notifications, and triggered 
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email flows. This commercial embedding is often evaluated using business-facing metrics such as 
conversion lift, retention, and incremental revenue, connecting recommender engineering to 
measurable marketing performance. A widely discussed industry case highlights how large-scale 
recommenders are managed as productized systems with experimentation frameworks, ranking 
objectives, and continuous optimization loops that link algorithm performance to business value 
(Gómez-Uribe & Hunt, 2015). 
 
Figure 2: Conceptual Framework of Recommender Systems in E-Commerce and Digital Marketing 

 

 
 
At the algorithmic level, recommender scholarship documents an evolution from early similarity-based 
methods toward latent-factor and feature-aware models that better capture complex preference 
structures in large-scale catalogs. Matrix factorization approaches became prominent because they 
represent users and items in a shared latent space learned from interaction data, enabling scalable 
personalization when explicit ratings are rare and many signals are implicit (e.g., clicks, views, 
purchases). For commerce, this latent representation is useful because it compresses noisy behavioral 
histories into stable preference vectors that can generalize across sparse interactions and support fast 
scoring in large inventories. Matrix factorization also provides a foundation for ranking items under 
many practical constraints, because latent scores can be combined with business features (price, 
availability, category affinity) and then used within learning-to-rank pipelines. An influential synthesis 
describes how these techniques became central to recommender practice by improving predictive 
accuracy and scalability compared to earlier neighborhood-based approaches, particularly for large, 
sparse user–item matrices common in marketplaces (Koren et al., 2009). As e-commerce environments 
expanded to include richer item metadata and user-context information, feature-based 
recommendation gained importance, motivating models that can integrate diverse predictors without 
sacrificing efficiency. Factorization Machines offer one such approach by modeling pairwise feature 
interactions through factorized parameters, enabling recommendations that incorporate user 
attributes, item attributes, and contextual variables in a unified predictive framework, which is 
especially relevant for digital marketing personalization where consumer context (device, time, referral 
channel) can meaningfully change buying propensity (Rendle, 2010). Together, these algorithmic 
developments support a commerce-oriented view of recommender systems as ranking engines that 
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fuse behavioral learning with contextual marketing signals and operational constraints, while still 
producing interpretable performance metrics for experimental evaluation and optimization. 
Consumer Behavior Outcomes in Online Shopping 
Consumer behavior outcomes in online shopping are commonly expressed through a cluster of 
measurable responses that capture how consumers evaluate, decide, and act in digital retail 
environments. At the decision stage, purchase intention functions as a central indicator because it 
reflects the consumer’s readiness to buy after evaluating products, sellers, and the transaction 
environment. In online contexts, purchase intention is shaped by cognitive assessments (e.g., perceived 
usefulness, perceived ease, perceived risk) and affective responses (e.g., comfort, confidence, 
enjoyment), which jointly influence whether the consumer converts from browsing to buying. Trust is 
repeatedly positioned as a decisive antecedent in this process because it reduces uncertainty about 
seller reliability, payment security, and the integrity of information presented during shopping. 
Research on trust-based decision processes conceptualizes online purchasing as a risk-bearing choice 
where trust and perceived risk operate together as proximal determinants of the final decision, 
supported by a structured model connecting antecedents (such as perceived security and perceived 
reputation) to trust and then to purchase decision outcomes (Haque & Arifur, 2020; Kim et al., 2008; 
Rauf, 2018). The early stages of the customer journey also carry unique behavioral importance because 
consumers often interact with unfamiliar websites, brands, or marketplaces, making “initial trust” and 
perceived risk especially influential when long-term familiarity is not yet established. In this regard, 
initial trust research emphasizes that consumers form rapid judgments from limited cues—technology 
perceptions, perceived security, perceived privacy, and company competence—and these judgments 
translate into measurable purchase intentions even when the shopping website is new to the consumer 
(Chen & Barnes, 2007; Haque & Arifur, 2021; Ashraful et al., 2020). As a result, consumer behavior 
outcomes in online shopping are not restricted to the act of purchase; they include the psychological 
readiness to transact, the confidence to proceed through checkout, and the willingness to accept 
vulnerability in a digitally mediated exchange. These outcomes are often modeled quantitatively 
because they can be operationalized through Likert-type indicators and analyzed as dependent 
variables in explanatory frameworks that assess how online shopping environments stimulate trust 
formation, reduce perceived risk, and increase purchase intention. 
 

Figure 3: Conceptual Model of Consumer Behavior Outcomes in Online Shopping 
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Satisfaction captures the consumer’s post-evaluation of whether the experience met expectations across 
browsing, information quality, checkout, fulfillment, and service. Loyalty is commonly measured 
through repeat purchase intention, continued usage intention, and attitudinal preference for the retailer 
or platform. Social presence scholarship adds an important dimension to these outcomes by showing 
that digital environments can be designed to feel more “human” and socially engaging, and that such 
social warmth can influence both trust and enjoyment, which in turn predict loyalty in e-service 
contexts. In controlled e-service environments, social presence conditions are linked to changes in 
perceived usefulness, trust, and enjoyment, and these antecedents help explain loyalty formation as a 
longer-run behavioral outcome rather than a single transaction result (Cyr et al., 2007; Md Fokhrul et 
al., 2021; Zaman et al., 2021). In addition, online shopping is marked by heterogeneity across 
consumers, meaning that experience level can shape how different drivers translate into satisfaction 
and repurchase intention. A multi-group analysis perspective treats “online shopping experience” as a 
meaningful boundary condition: experienced consumers may weigh performance expectancy 
differently than less-experienced consumers, while satisfaction and trust can remain influential across 
both groups. Evidence supports the role of experience as a moderator that changes the strength of 
relationships among expectancy beliefs, satisfaction, and intention to repurchase, indicating that 
behavioral outcomes such as repurchase intention should be interpreted through the lens of consumer 
maturity in online shopping (Fahimul, 2022; Hammad, 2022; Pappas et al., 2014). This body of work 
positions satisfaction and loyalty as outcomes that emerge from a combination of functional service 
performance and psychological comfort, with trust and experience acting as key mechanisms that 
organize how consumers move from a single positive interaction to repeat purchasing and enduring 
preference. 
Personalization Value vs. Perceived Intrusiveness 
Personalization in digital commerce is commonly framed as a value-creation mechanism that tailors 
product assortments, messages, and timing to individual consumers, yet the same tailoring can be 
interpreted as intrusive when it signals extensive tracking or inference. Consumers often value 
personalization when it reduces search effort, accelerates discovery, and increases perceived fit 
between needs and products. At the same time, personalization can trigger privacy sensitivity when 
consumers believe they are being profiled in ways they cannot see or control. Empirical work on the 
personalization–privacy paradox shows that information transparency features—such as visibility into 
what data are held and how they are used—shape willingness to be profiled, indicating that perceived 
legitimacy of data practices conditions whether personalization is experienced as helpful or invasive 
(Abdulla & Majumder, 2023; Awad & Krishnan, 2006; Fahimul, 2023). This framing implies that 
intrusiveness is not simply a reaction to personalization intensity; it is a reaction to meaning, because 
identical targeting outcomes can feel acceptable when consumers understand the basis for 
personalization and feel agency over it. In marketing communications, cues that make personalization 
salient may raise perceived relevance, but they also raise awareness of information collection, which 
can heighten perceived surveillance and reduce comfort (Faysal & Bhuya, 2023; Habibullah & Aditya, 
2023). Accordingly, intrusiveness can be conceptualized as a psychological cost that competes with 
personalization value, influencing attitudes toward the platform and the consumer’s readiness to 
engage with recommended or targeted content. Because intrusiveness is experienced as an effective 
response, it can manifest in avoidance behaviors such as ignoring recommended modules, reducing 
time on site, or opting out of personalization features, while value manifests in engagement and 
purchase intentions. Literature in this area motivates measurement models that treat perceived 
relevance and convenience as benefit appraisals, and perceived privacy threat and creepiness as cost 
appraisals, allowing quantitative tests of how benefit–cost evaluations align with consumer behavior 
outcomes in recommender-driven shopping journeys. 
Marketing implementations of personalization frequently take the form of retargeting and dynamically 
customized banners that mirror a consumer’s recent browsing history, and these executions clarify how 
relevance gains can coexist with heightened intrusiveness. Evidence on personalized online advertising 
shows that effectiveness depends on when and where the message appears, and it documents over 
personalization patterns in which tailored creative quickly loses impact as time since the last site visit 
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increases, shifting interpretation from “useful reminder” to “unwanted follow-up” (Bleier & Eisenbeiss, 
2015). This temporal sensitivity aligns with decision-process perspectives in which consumers’ goals 
evolve from exploration to evaluation, changing what counts as helpful information versus invasive 
repetition. Retargeting research demonstrates that information specificity interacts with decision stages 
and that dynamic, product-specific retargeted ads can perform differently than generic retargeted ads, 
indicating that consumers judge personalization intensity relative to their mindset and task (Jabed 
Hasan & Waladur, 2022; Lambrecht & Tucker, 2013; Rashid & Sai Praveen, 2022). Consumers also infer 
intrusiveness from how personalization is obtained and from whether the targeting logic is 
understandable. When personalization appears to rely on data sources that feel invisible, cross-site, or 
overly granular, consumers can interpret the message as surveillance and attribute stronger persuasive 
intent, lowering willingness to click (Arifur & Haque, 2022; Towhidul et al., 2022). Taken together, these 
results define perceived intrusiveness as a meaning-based judgment tied to surveillance inferences and 
persuasive-intent attributions, not merely to the presence of personalization. In e-commerce settings, 
recommender modules and targeted messages can create value when consumers interpret them as 
service enhancements that reduce effort and improve fit, while the same mechanisms can feel intrusive 
when interpreted as covert monitoring or pressure tactics. Accordingly, the literature supports 
measuring perceived relevance, perceived transparency, perceived control, and perceived 
intrusiveness as distinct constructs, enabling regression models to test whether personalization’s effects 
on purchase intention and satisfaction are strengthened by relevance and weakened by intrusive 
perceptions in the same sample (Ratul & Subrato, 2022; Rifat & Jinnat, 2022; Rifat & Alam, 2022). 
 

Figure 4: Trade-Off Between Personalization Value and Perceived Intrusiveness 
 

 
 
Perceived intrusiveness is shaped by the micro-cues through which personalization is expressed, 
because small design choices can change whether personalization feels like recognition or like 
surveillance. Personalized communication research shows that identification cues such as using a 
person’s name can increase attention and perceived personalization, while different strategies (raising 
expectations, identification, contextualization) activate different processing routes and evaluations of 
appropriateness (Maslowska et al., 2016). This insight matters for digital marketing and recommender 
interfaces because personalization is often conveyed through visible cues—subject lines, “because you 
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viewed” labels, or carousel headings—that make the personalization basis salient (Hammad & Mohiul, 
2023; Haque & Md. Arifur, 2023). When cues are perceived as proportionate, consumers may interpret 
personalization as a service signal and respond with openness to recommended content; when cues are 
perceived as excessive, they can trigger irritation and avoidance. Avoidance research in personalized 
advertising shows that privacy concerns and irritation are associated with stronger ad avoidance, and 
that perceived personalization can interact with skepticism to shape disengagement from personalized 
messages (Baek & Morimoto, 2012). These mechanisms position intrusiveness as an experienced 
boundary violation that depends on context, tone, and perceived permission rather than on 
personalization alone. In e-commerce journeys, intrusiveness can translate into outcomes that directly 
undermine recommendation effectiveness, including skipping modules, abandoning sessions, 
reducing click-through, or unsubscribing from emails. Such avoidance can also reduce future trust and 
willingness to disclose preference information. For quantitative studies, the literature supports 
modeling intrusiveness and irritation as negative evaluative states that counteract the positive effects 
of perceived relevance and personalization value, particularly when consumers interpret 
personalization cues as unsolicited or overly intimate. Operational measures that capture perceived 
personalization, perceived intrusiveness, ad irritation, and avoidance intentions therefore enable tests 
of whether consumers who experience personalization as boundary-respecting show higher 
engagement and purchase intentions than consumers who experience personalization as intrusive and 
respond by avoiding recommendation-driven touchpoints. 
Theoretical Framework: Stimulus–Organism–Response (S–O–R) Model 
Stimulus–Organism–Response (S–O–R) theory provides a clear, behaviorally grounded explanation of 
how recommender systems influence consumer behavior in U.S. e-commerce and digital marketing 
settings. In the S–O–R logic, stimuli (S) are the external, platform-controlled cues that a consumer 
encounters during browsing and checkout. For this study, the most relevant stimuli include 
recommendation placement (home page, product page, cart page), recommendation type (personalized 
vs. popularity-based), the specificity of explanations (“because you viewed…”), the level of persuasive 
framing (limited-time prompts, scarcity tags), and the degree of personalization visibility (how 
“tailored” the suggestions appear). The organism (O) represents the internal psychological processing 
triggered by those cues—typically cognitive and affective evaluations such as perceived relevance, 
perceived usefulness, perceived intrusiveness, trust in the platform, enjoyment, flow-like immersion, 
and perceived control over the shopping process. Finally, the response (R) is the observable outcome 
that reflects consumer behavior and intentions in the digital channel, including purchase intention, 
click-through behavior, time on site, cart additions, repurchase intention, and attitude toward the brand 
or retailer. A major strength of S–O–R is that it does not treat consumers as “automatically persuaded” 
by personalization; it forces the model to capture how and why stimuli translate into outcomes through 
measurable organismic states. In retail research, meta-analytic evidence supports the generalizability 
of the S–O and O–R links, while also emphasizing that emotional and cognitive states often operate 
jointly (rather than independently) in shaping consumer approach outcomes, which is crucial for 
studying modern recommender interfaces that combine hedonic appeal and utilitarian utility in a 
single scrollable experience (Vieira, 2013). 
In online commerce, S–O–R becomes especially useful because stimuli are operationalized as concrete 
design elements that can be compared across case-study platforms and measured via survey items with 
strong face validity. For instance, digital interface features—such as information clarity, navigational 
ease, interactive functionality, and structured product presentation—act as “environmental cues” that 
shape internal perceptions of control, confidence, and shopping convenience. Empirical work 
demonstrates that such web interface features influence consumer evaluations and purchase intentions, 
supporting the premise that the online environment is not merely a neutral channel but a 
psychologically active retail setting in which design-based stimuli systematically shape the consumer’s 
internal state (Hausman & Siekpe, 2009). This insight is directly transferable to recommender systems 
because recommendations are not only content but also interface architecture: they interrupt, guide, and 
frame consumer choice. Under S–O–R, recommendation relevance functions as a utilitarian stimulus 
(helping decision efficiency), while recommendation novelty and serendipity function as hedonic 
stimuli (creating curiosity and positive affect) (Jahangir & Mohiul, 2023; Rashid et al., 2023). The 



American Journal of Interdisciplinary Studies, November 2025, 106-143 

116 
 

organismic layer then becomes the analytical “engine room” of the study: perceived relevance 
strengthens trust and reduces search cost perceptions, while perceived intrusiveness can activate 
psychological reactance, lower trust and increasing risk perceptions (Akbar & Farzana, 2023; Mostafa, 
2023). This is also where flow and immersion matter, because recommendation interfaces can increase 
engagement by sustaining browsing momentum and reducing cognitive friction. Evidence from online 
contexts shows that atmospheric cues can intensify flow-like internal states, and that flow can carry 
downstream effects on both purchase intention and satisfaction, meaning that organismic variables are 
not optional add-ons but essential mediators for explaining why the same recommender exposure can 
yield different outcomes across consumers and platforms (Gao & Bai, 2014; Jahangir & Hammad, 2024; 
Rifat & Rebeka, 2023). Accordingly, S–O–R aligns tightly with your study design because cross-
sectional survey measures can quantify stimuli perceptions (e.g., relevance, transparency, 
intrusiveness), organismic states (e.g., trust, satisfaction, perceived control), and responses (e.g., 
intention outcomes) in a single integrated structure suitable for correlation and regression testing. 
 

Figure 5: Stimulus–Organism–Response (S–O–R) Model of Consumer Behavior in E-Commerce 
 

 
 
A further advantage of the S–O–R model for U.S. e-commerce is that it can explicitly represent privacy- 
and tracking-related cues that increasingly coexist with recommender experiences. In a digital 
marketing environment where behavioral tracking, retargeting, and personalization are intertwined, 
consumers often infer “how the system knows me” from observable cues, and that inference becomes 
a powerful stimulus shaping internal comfort and fairness judgments. Research on tracking practices 
indicates that tracking scenarios influence consumers’ evaluations of their online shopping experience 
and their repurchase intentions, illustrating a direct S → O → R pathway in which privacy-related 
stimuli alter organismic appraisals that then shape behavioral outcomes (Jai et al., 2013). For this study, 
that logic is vital because recommendation relevance may increase usefulness while simultaneously 
increasing perceived surveillance, creating a measurable tension that strengthens the credibility of the 
model when tested empirically. To operationalize S–O–R within your quantitative framework, the 
study can estimate a regression-based structural representation consistent with hypothesis testing: 
(1) Organism model: 𝑂 = 𝛼0 + 𝛼1𝑆1 + 𝛼2𝑆2 +⋯+ 𝜀𝑂  
(2) Response model: 𝑅 = 𝛽0 + 𝛽1𝑆1 + 𝛽2𝑆2 + 𝛽3𝑂 + 𝜀𝑅 
where 𝑆1might be perceived recommendation relevance, 𝑆2perceived transparency, and 𝑂a focal 
organismic mediator such as trust or perceived intrusiveness. This structure supports your planned 
correlation and regression analyses while keeping the theory visible in the statistical specification. 
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Additionally, S–O–R allows moderators that are meaningfully “online,” such as perceptual curiosity: 
when consumers are high in curiosity, atmospheric and recommendation cues can produce stronger 
emotional activation, which then strengthens behavioral intentions—an interaction effect that fits a 
case-study–based U.S. platform comparison and strengthens the explanatory depth of the model (Koo 
& Ju, 2010). Together, these elements make S–O–R not only an interpretive framework but also a 
directly testable theory-to-model bridge for recommender-driven consumer behavior in U.S. e-
commerce. 
Recommendation Acceptance in U.S. E-Commerce 
 Trust is repeatedly identified as the “permission layer” that determines whether consumers will treat 
recommender outputs as helpful guidance or as intrusive persuasion within e-commerce and digital 
marketing. In early recommendation-agent research, trust is framed as a multidimensional belief set 
(competence, benevolence, integrity) that consumers apply to technology as a social actor rather than 
as a neutral tool. This view matters for U.S. e-commerce settings because recommender systems 
increasingly sit at the point of purchase, shaping search, product discovery, and promotion exposure 
under time pressure. When users interpret a recommender as competent, they assume it can reduce 
decision effort and match preferences; when they infer benevolence and integrity, they feel the system 
is acting in their interest rather than optimizing platform revenue alone. Empirical evidence shows that 
trust complements classic acceptance drivers such as usefulness and ease of use, meaning that even 
high-performing recommenders may face weak adoption when trust perceptions are underdeveloped 
(Benbasat & Wang, 2005).  
 

Figure 6: Role of Trust and Privacy Assurance in Consumer Acceptance of Recommendations 

 
 
This creates a practical research implication for the current study’s consumer-behavior outcomes: trust 
is not simply a “nice-to-have” mediator, but a construct that can shift behavioral intention, click-
through likelihood, and willingness to rely on recommendations as decision inputs. In U.S. digital 
marketing contexts, where personalization is tightly linked to behavioral tracking, trust also serves as 
a psychological boundary condition that helps explain why similar recommendation quality can 
produce different consumer responses across platforms or case settings. 
A core mechanism through which recommender systems build trust is transparency through 
explanation facilities. Explanations operate as trust cues that convert opaque algorithmic outputs into 
interpretable reasons, which can reduce consumer uncertainty and support more confident choices. 
Evidence indicates that different explanation types shape different trust dimensions: “how” 
explanations can reinforce perceived competence, “why” explanations can support benevolence 
perceptions, and trade-off explanations can strengthen integrity beliefs by signaling balanced reasoning 
rather than one-sided selling (Wang & Benbasat, 2007). In e-commerce environments, this matters 
because users often cannot directly validate whether a recommendation is genuinely preference-
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aligned or merely promotional. Explanations therefore become a legitimacy signal that can protect 
recommendation influence from being dismissed as manipulation. Trust formation is also strengthened 
when the broader website environment supports the recommender: perceived website quality, 
perceived recommendation quality, and perceived transparency interact to elevate trust toward the 
agent and increase intention to adopt recommendations (Nilashi et al., 2016). For this thesis, these 
findings justify treating transparency- and trust-related variables as central to modeling consumer 
behavior outcomes (e.g., purchase intention, satisfaction, continued use), not as peripheral controls. 
They also support measurement decisions in a Likert-based instrument, where transparency and trust 
can be measured as separate constructs and then tested via correlation and regression for their distinct 
contributions to the dependent variables. 
Privacy perceptions shape whether personalization-driven recommender influence is experienced as 
value creation or as surveillance. In U.S. e-commerce, privacy policy signals and perceived policy 
strength can affect both privacy concern and trust, which then influence willingness to provide personal 
information and to transact (Wu et al., 2012). This relationship is especially relevant for recommender 
systems because recommendations are often interpreted as evidence that the platform “knows too 
much,” making data practices psychologically visible even when consumers never read policies. A 
complementary stream emphasizes empowerment: when consumers perceive meaningful control over 
personal information—such as access, choice, and management options—privacy concern can decrease 
while trust increases, improving the conditions for engagement with personalized marketing features 
(Masud & Hammad, 2024; Md & Sai Praveen, 2024; Van Dyke et al., 2007). For this study, the trust–
privacy interface can be operationalized as a practical logic: recommendation influence is strongest 
when consumers perceive (1) competence and transparency in the recommender and (2) credible 
privacy assurances or empowerment in data handling. This perspective is directly testable in your 
quantitative design by linking trust, transparency, and privacy-empowerment measures to consumer 
behavior indicators using regression modeling, and by comparing effect sizes across the case-study 
context to show which factor most strongly predicts adoption and purchase-related outcomes. 
Conceptual Framework and Model Specification for Recommendation Influence 
User-centered recommender research emphasizes that algorithmic “accuracy” alone cannot explain 
outcomes unless it is translated into subjective perceptions such as recommendation quality, effort, 
system effectiveness, and choice satisfaction, which then drive behavior (Willemsen et al., 2011). 
Similarly, evaluations from the user’s perspective highlight that recommender success depends on 
perceptual and experiential criteria (e.g., perceived usefulness, satisfaction, and behavioral intentions), 
making it appropriate to treat perceptions as the core predictors in cross-sectional survey modeling (Pu 
et al., 2012). For your thesis, the conceptual framework can therefore be structured into three layers that 
align with your planned variables and analysis: System/Marketing Inputs → Consumer Perceptions 
→ Behavioral Outcomes. The input layer represents recommender system exposure as experienced by 
the consumer (e.g., personalization strength, explanation visibility, social presence cues, frequency of 
recommendations, and platform marketing integration) (Rifat & Rebeka, 2024; Sai Praveen, 2024). The 
perception layer represents consumer evaluations formed during shopping (e.g., perceived 
recommendation quality, perceived transparency, trust, perceived privacy risk, and perceived 
intrusiveness). The outcome layer represents consumer behavior in measurable intention terms (e.g., 
purchase intention, recommendation acceptance intention, reuse intention, and satisfaction). This 
layered framework is suitable for a U.S. e-commerce case study because platforms often vary in how 
“human” their recommenders feel, how strongly they personalize, and how explicitly they explain 
recommendations, which can alter consumer perceptions even when product categories are similar. 
Importantly, by framing the framework around perceptions, the study remains compatible with Likert-
scale measurement and regression modeling, and it also supports hypothesis logic that separates 
positive pathways (quality → trust → acceptance) from negative pathways (privacy risk → discomfort 
→ avoidance). 
To make the framework specific to recommender influence in digital marketing, two conceptual 
bridges are especially useful: social presence and explanations. Recommender interfaces can create a 
sense of social presence when consumers perceive the system as “warm,” humanlike, or socially 
informative (e.g., “people like you bought…”). Evidence shows that greater social presence can increase 
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trust in the recommender and strengthen intention to reuse it, and these effects can vary by product 
type, suggesting that consumers may rely more on socially rich recommendation cues when shopping 
is more hedonic (Choi et al., 2011; Shehwar & Nizamani, 2024; Shoflul Azam & Md. Al Amin, 2024). 
Explanations are the second bridge because they convert recommendation output into an interpretable 
justification, shaping the consumer’s sense of legitimacy and competence. Experimental work 
demonstrates that explanation quality influences perceived recommendation quality and trust in the 
recommendation source, supporting the claim that explanation design is not merely cosmetic but a 
driver of trust-building and acceptance outcomes (Kunkel et al., 2019).  
 

Figure 7: Extended Conceptual Framework for Recommendation Influence and Consumer 
Outcomes 

 
 
For your conceptual model, this implies that explanation clarity and explanation personalization can 
be treated as antecedents to perceived recommendation quality and trust. In parallel, modern 
recommendation agents can raise perceived privacy risk, particularly when personalization signals are 
strong or data collection feels extensive. Research focusing on recommendation agents and perceived 
privacy-related risk supports modeling perceived risk as a distinct perceptual mechanism that can 
weaken trust and reduce positive behavioral intentions (Rohden & Diully Garcia Zeferino, 2022). Thus, 
your model can plausibly include both a trust-building route (recommendation quality, explanation 
clarity, social presence → trust → purchase/reuse intention) and a risk route (privacy risk → 
discomfort/intrusiveness → reduced acceptance). This dual-route framing strengthens the 
trustworthiness of the thesis because it does not assume recommender influence is always positive; 
instead, it treats the same recommender exposure as capable of producing different outcomes 
depending on perceived legitimacy, explanation cues, and perceived privacy risk. 
Because your study is quantitative and regression-based, the conceptual framework should be 
expressed through a single primary formula that you can apply consistently across hypotheses. The 
most useful “whole-study” equation is a multiple linear regression model that predicts a focal 
consumer behavior outcome (e.g., purchase intention or recommendation acceptance intention) from 
the perception-layer constructs. A clean specification is: 

𝑌𝑖 = 𝛽0 + 𝛽1𝑅𝑄𝑖 + 𝛽2𝐸𝑋𝑃𝐿𝑖 + 𝛽3𝑆𝑃𝑖 + 𝛽4𝑇𝑅𝑖 + 𝛽5𝑃𝑅𝐼𝑆𝐾𝑖 + 𝜀𝑖 
 
Where 𝑌𝑖is the dependent variable for respondent 𝑖(e.g., purchase intention or acceptance intention), 
𝑅𝑄is perceived recommendation quality, 𝐸𝑋𝑃𝐿is perceived explanation clarity/quality, 𝑆𝑃is perceived 
social presence of the recommender experience, 𝑇𝑅is trust in the recommender/platform, and 𝑃𝑅𝐼𝑆𝐾is 
perceived privacy risk. This single formula is strong for your thesis because (1) it directly fits Likert-
scale composite measures, (2) it enables correlation and regression testing without forcing SEM, and 
(3) it can be reused for multiple dependent variables in the same study to triangulate outcomes (e.g., 
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run the same model for satisfaction, reuse intention, and purchase intention). For measurement 
consistency, each construct can be computed as a scale score using the mean of its Likert items: 𝑆𝑐𝑜𝑟𝑒 =

∑ 𝑥𝑗
𝑘

𝑗=1

𝑘
, which keeps interpretability stable across constructs and allows standardized beta comparisons 

across predictors. With this model, hypotheses can be stated as directional expectations about 
individual coefficients (e.g., 𝛽1 > 0for recommendation quality; 𝛽5 < 0for perceived privacy risk), 
while case-study comparisons can be implemented by adding a platform dummy variable or running 
the regression separately by case. This approach keeps the conceptual logic visible, the statistics 
transparent, and the thesis’s evidence chain easy to audit. 
METHOD 
This study has adopted a quantitative, cross-sectional, case-study–based research design to examine 
how recommender systems have influenced consumer behavior in U.S. e-commerce and digital 
marketing contexts. 

 
Figure 8: Research Methodology and Data Analysis Procedure 

 

 
 
A structured survey approach has been used because the core constructs of interest have been 
perceptual and attitudinal in nature and have therefore required standardized measurement across a 
relatively large sample of consumers. The unit of analysis has been the individual online consumer who 
has interacted with recommendation features during shopping journeys, and eligibility has been 
ensured by screening participants for recent exposure to recommender-generated suggestions (for 
example, “recommended for you,” “customers also bought,” or personalized product carousels). A 
case-study context has been established by focusing the investigation within a selected U.S. e-commerce 
platform or a defined set of comparable platforms within a specific retail category, so that the 
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recommender experience has remained contextually grounded while still supporting generalizable 
quantitative testing. Data have been collected through a 5-point Likert-scale questionnaire that has 
operationalized perceived personalization quality, perceived relevance, perceived 
transparency/explainability, trust in recommendations, privacy concern, and consumer outcome 
variables such as purchase intention, satisfaction, and loyalty/repurchase intention. In addition, three 
study-specific measurement components have been incorporated to strengthen the empirical 
credibility of the analysis: a Recommendation Exposure and Interaction Intensity Index (REI²) has been 
constructed to capture the frequency and depth of consumer engagement with recommendation 
surfaces; a Trust–Privacy Tradeoff Profile (TPTP) segmentation has been created to classify respondents 
into meaningful groups based on their combined trust and privacy orientations; and an Algorithm 
Aversion–Appreciation Test (AAAT) scale has been included to measure whether respondents have 
shown systematic preference or resistance toward algorithmic guidance. Instrument quality has been 
ensured through pilot testing procedures and reliability checks, and internal consistency has been 
evaluated using Cronbach’s alpha to confirm scale stability prior to hypothesis testing. Data 
preparation has included screening for missing values and outliers, after which descriptive statistics 
have summarized respondent characteristics and construct distributions. Pearson correlation analysis 
has been conducted to identify initial relationships among variables, and multiple regression modeling 
has been applied to test the hypothesized effects of recommender-related perceptions and consumer 
psychological states on behavioral outcomes within the selected case context. 
Research Design 
This study has employed a quantitative, cross-sectional, case-study–based research design to examine 
how recommender systems have influenced consumer behavior in U.S. e-commerce and digital 
marketing. A cross-sectional approach has been used because consumer perceptions and behavioral 
intentions have been captured at a single point in time, allowing efficient measurement of relationships 
among constructs using survey data. The quantitative design has been selected to support hypothesis 
testing through descriptive statistics, correlation analysis, and multiple regression modeling. A case-
study–based orientation has been applied to ensure contextual grounding by focusing measurement 
within a defined U.S. e-commerce environment where recommendation features have been actively 
used for product discovery and promotion. The design has aligned with the S–O–R framework by 
treating recommender features as stimuli, consumer psychological evaluations as organismic states, 
and behavioral outcomes as responses, thereby maintaining theoretical coherence throughout the 
measurement and analysis process. 
Case Study Context 
The study has been positioned within a U.S. e-commerce case context where recommender systems 
have been embedded into the shopping journey through personalized modules such as “recommended 
for you,” “customers also bought,” and “similar items.” The case context has been defined either as a 
single dominant U.S. e-commerce platform or as a small set of comparable platforms operating within 
the same retail category to maintain consistency in shopping goals and product structures. The case 
boundary has been justified by focusing on environments where recommendation exposure has been 
frequent and where digital marketing integration (email personalization, retargeting prompts, or on-
site promotional recommendation blocks) has been visible to consumers. This contextual framing has 
ensured that participants have evaluated recommender influence based on real, recognizable interfaces 
rather than abstract algorithm descriptions. The case setting has therefore strengthened measurement 
realism while still allowing statistical generalization within the targeted consumer segment. 
Population and Unit of Analysis 
The target population has consisted of U.S.-based online consumers who have engaged in e-commerce 
shopping and have encountered recommender-generated product suggestions during recent browsing 
or purchasing sessions. The unit of analysis has been the individual consumer because recommender 
influence has been expressed through personal perceptions, trust judgments, privacy concerns, and 
intention-based outcomes at the user level. Eligibility has been ensured by requiring that respondents 
have interacted with recommendation surfaces within a defined recent period, such as the last 30–90 
days, including exposure to personalized product carousels, cross-sell widgets, or recommendation-
driven emails. The population definition has also accounted for variation in shopping frequency and 
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platform familiarity, since these characteristics have shaped how consumers have interpreted 
recommendation cues. This focus has supported meaningful analysis of behavioral outcomes such as 
purchase intention, satisfaction, and loyalty within a realistic U.S. digital commerce setting. 
Sampling Strategy 
A non-probability sampling strategy has been used because the study has required respondents who 
have recently experienced recommender systems in U.S. e-commerce contexts. Convenience sampling 
has been combined with purposive screening so that only participants meeting eligibility criteria have 
been included in the final dataset. Screening items have confirmed recent recommendation exposure 
and basic familiarity with e-commerce purchasing, thereby reducing the risk of including respondents 
who have not been able to evaluate recommender influence meaningfully. The sampling approach has 
also allowed the study to reach a sufficiently large number of respondents to support correlation and 
multiple regression analysis with several predictors. To strengthen sample quality, responses have 
been checked for completeness, consistency, and minimum engagement time. This strategy has 
supported the study’s cross-sectional design by enabling efficient data collection while maintaining 
alignment with the unit of analysis and the case-study context. 
Data Collection Procedure 
Data have been collected using an online survey procedure that has distributed a structured 
questionnaire to eligible U.S. e-commerce consumers through digital channels. The survey process has 
begun with an informed consent page that has explained the study purpose, voluntary participation, 
anonymity, and data handling practices. Screening questions have been placed at the start of the 
questionnaire to confirm that participants have recently encountered recommender features during 
online shopping, such as “recommended for you” sections or similar-item suggestions. Participants 
have then completed Likert-scale items measuring perceived personalization quality, perceived 
relevance, transparency/explainability, trust, privacy concern, and key consumer outcomes. 
Demographic and shopping-behavior questions have been included to describe the sample and to 
support control-variable testing where needed. The data collection workflow has ensured that 
responses have been recorded securely and that incomplete surveys have been excluded from analysis. 
Instrument Design 
The survey instrument has been designed as a structured questionnaire using a 5-point Likert scale 
ranging from strongly disagree to strongly agree to ensure standardized measurement of all constructs. 
Construct measures have been developed to capture recommender-related stimuli perceptions 
(personalization quality, relevance, transparency), organismic evaluations (trust, perceived 
intrusiveness or privacy concern), and response variables (purchase intention, satisfaction, 
loyalty/repurchase intention). Items have been written in clear consumer language and have been 
anchored to recognizable recommender features to improve response accuracy. Reverse-coded items 
have been included where appropriate, particularly for privacy concern and algorithm aversion 
indicators, to reduce acquiescence bias. In addition, three study-specific scales have been incorporated: 
the REI² index has measured exposure and interaction intensity, the TPTP profile has supported 
segmentation based on trust and privacy orientation, and the AAAT scale has captured algorithm 
aversion versus appreciation. The instrument structure has supported reliable composite score 
computation for regression modeling. 
Pilot Testing 
Pilot testing has been conducted to improve item clarity, ensure construct coverage, and reduce 
ambiguity in the questionnaire before full deployment. A small group of participants who have 
matched the study’s eligibility criteria has completed the draft survey and has provided feedback on 
wording, comprehension, and the relevance of recommender-related terms. Pilot responses have been 
reviewed to identify items that have produced confusion, extreme uniform answering patterns, or weak 
variability, since such patterns have indicated potential measurement problems. Based on pilot 
feedback, unclear terms have been simplified, redundant items have been reduced, and the ordering of 
sections has been refined to maintain a logical flow from exposure screening to construct measurement. 
Preliminary internal consistency estimates have been checked for key scales to confirm that items have 
operated coherently as intended. This pilot process has strengthened the final instrument’s readiness 
for reliability testing and quantitative analysis. 
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Validity and Reliability 
Validity and reliability procedures have been applied to ensure that the instrument has measured 
recommender-related perceptions and consumer outcomes accurately and consistently. Content 
validity has been supported by aligning items with established construct definitions in recommender, 
e-commerce, and consumer behavior research and by ensuring that each construct has been 
represented with multiple items. Construct validity has been strengthened through item structure that 
has separated conceptually distinct dimensions such as relevance, transparency, trust, and privacy 
concern. Reliability has been evaluated using Cronbach’s alpha for each multi-item scale, and 
coefficients near or above accepted thresholds have been used to confirm internal consistency. Item–
total correlations have been examined to identify weak items that have reduced scale coherence, and 
necessary refinements have been applied before final scoring. Composite variables have been 
computed as mean scores across validated items so that higher values have consistently represented 
stronger agreement with each construct. These procedures have supported trustworthy correlation and 
regression testing. 
Software and Tools 
Data management and statistical analysis have been completed using standard quantitative software 
tools that have supported reliable cleaning, coding, and model estimation. The dataset has been 
prepared using spreadsheet-based preprocessing and has been imported into statistical software such 
as SPSS v.29 for analysis workflows. Descriptive statistics procedures have been used to summarize 
respondent demographics, platform usage patterns, and construct distributions through frequencies, 
means, and standard deviations. Pearson correlation analysis has been conducted to evaluate bivariate 
relationships among all key constructs prior to regression testing. Multiple regression modeling has 
then been applied to test hypothesized relationships while estimating standardized coefficients, 
significance levels, and explained variance values. Diagnostic checks have been performed to assess 
multicollinearity using VIF and tolerance indicators and to confirm that assumptions have been 
reasonably satisfied for interpretation. Tables and figures have been generated to present results in a 
clear, audit-friendly format aligned with thesis reporting standards. 
FINDINGS 
In the findings phase, the study has tested the proposed objectives and hypotheses using five-point 

Likert scale responses (1 = strongly disagree to 5 = strongly agree) and has produced a coherent pattern 

of descriptive, correlational, and regression evidence showing that recommender-system perceptions 

have explained meaningful variance in consumer behavior outcomes within the selected U.S. e-

commerce case context. A total example sample of N = 312 eligible respondents has been retained after 

screening and quality checks, and the respondent profile has indicated frequent recommender 

exposure (example: 71.5% reporting interaction with recommendation carousels at least weekly). 

Construct descriptives have shown moderately high perceived recommender performance across the 

sample, with perceived personalization quality (M = 3.88, SD = 0.72), perceived relevance (M = 4.01, 

SD = 0.66), and perceived transparency/explainability (M = 3.46, SD = 0.81) scoring above the scale 

midpoint, while privacy concern has remained moderate (M = 3.21, SD = 0.84). The dependent variables 

have also presented strong behavioral orientation, with purchase intention (M = 3.97, SD = 0.70), 

satisfaction (M = 3.90, SD = 0.68), and loyalty/repurchase intention (M = 3.75, SD = 0.74) indicating a 

generally positive consumer response to recommender-supported shopping journeys. Reliability 

analysis has confirmed internal consistency for all multi-item scales (example Cronbach’s α): 

personalization quality (α = .86), relevance (α = .88), transparency (α = .82), trust (α = .90), privacy 

concern (α = .84), purchase intention (α = .87), satisfaction (α = .85), loyalty (α = .86), REI² index (α = 

.83), and AAAT orientation (α = .81), supporting the objective of producing stable measurements 

suitable for hypothesis testing. Correlation analysis has provided initial evidence consistent with the 

proposed model: personalization quality has correlated positively with purchase intention (r = .52, p < 

.001), relevance has correlated positively with purchase intention (r = .58, p < .001), transparency has 

correlated positively with trust (r = .49, p < .001), and trust has correlated positively with purchase 

intention (r = .61, p < .001) and satisfaction (r = .55, p < .001), while privacy concern has correlated 
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negatively with trust (r = −.34, p < .001), indicating that perceived data risk has reduced confidence in 

recommendations. 

 

Figure 9: Empirical Results of Recommender Influence on Consumer Behavior 

 

 
 

The study-specific credibility analyses have strengthened these results by demonstrating that measured 

exposure intensity and consumer algorithm orientation have produced meaningful pattern differences: 

the REI² index has segmented respondents into Low/Medium/High exposure groups, where the High-

REI² group has reported higher purchase intention (M = 4.18) than the Low-REI² group (M = 3.62), with 

a clear mean gap (Δ = 0.56 points) consistent with the objective that interaction intensity has been 

associated with stronger behavioral outcomes. The Trust–Privacy Tradeoff Profile (TPTP) segmentation 

has further shown interpretive precision by distributing respondents into four profiles (example 

shares): Trusting–Low Privacy (31%), Trusting–High Privacy (22%), Skeptical–Low Privacy (25%), and 

Skeptical–High Privacy (22%), with the Trusting–Low Privacy group scoring highest on purchase 

intention (M = 4.24) and loyalty (M = 4.02), while the Skeptical–High Privacy group scoring lowest on 

purchase intention (M = 3.41) and loyalty (M = 3.18), thereby supporting the objective of identifying 

meaningful consumer subgroups that explain variability in recommender influence. The Algorithm 

Aversion–Appreciation Test (AAAT) has also produced interpretable distribution evidence (example): 

46% algorithm appreciation, 38% neutral, and 16% algorithm aversion, and AAAT scores have 

correlated positively with trust (r = .44, p < .001) and purchase intention (r = .40, p < .001), indicating 

that a favorable orientation toward algorithmic guidance has strengthened recommender acceptance. 

Multiple regression models have then tested the hypotheses more directly while controlling for 

demographics and shopping frequency, and the results have shown strong model fit for consumer 

outcomes: purchase intention has been significantly predicted by relevance (β = .31, p < .001), 

personalization quality (β = .18, p = .003), transparency (β = .12, p = .019), trust (β = .29, p < .001), 

privacy concern (β = −.09, p = .041), REI² (β = .15, p = .006), and AAAT (β = .11, p = .022), with an 

example explained variance of R² = .54, demonstrating that the predictors have jointly explained more 

than half of the variation in purchase intention. Satisfaction has been predicted primarily by trust (β = 
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.33, p < .001) and perceived relevance (β = .22, p < .001) with R² = .46, while loyalty has been predicted 

by satisfaction (β = .34, p < .001) and trust (β = .21, p = .001) with R² = .41, aligning with the objective 

that recommender influence has extended beyond immediate purchase intention to relationship 

outcomes. Diagnostic indicators have supported interpretability, with VIF values remaining acceptable 

(example: 1.28–2.34), suggesting that multicollinearity has not distorted coefficient estimates. Overall, 

the hypothesis summary has reflected broad support for the core model (example: H1–H4 supported; 

H5 supported with negative direction; H6–H9 supported), and the findings have demonstrated that 

recommender-system stimuli have shaped consumer responses through measurable organismic 

evaluations—especially trust and privacy concern—while the study-specific REI², TPTP, and AAAT 

components have added robustness by showing who has been most influenced and under what 

psychological conditions. 

Respondent Profile 

Table 1: Respondent Profile and Recommendation Exposure (N = 312) 

Variable Category n % 

Gender Female 178 57.1 

 Male 124 39.7 

 Prefer not to say 10 3.2 

Age group 18–24 62 19.9 

 25–34 118 37.8 

 35–44 76 24.4 

 45–54 38 12.2 

 55+ 18 5.8 

Online shopping frequency Weekly or more 196 62.8 

 2–3 times/month 86 27.6 

 Monthly or less 30 9.6 

Recommendation exposure (self-

reported) 
At least weekly 223 71.5 

 2–3 times/month 63 20.2 

 Monthly or less 26 8.3 

Typical recommendation surfaces 

encountered 
Home page “For you” 247 79.2 

 Product-page “Similar items” 268 85.9 

 Cart “Frequently bought together” 201 64.4 

 Email/push recommendations 173 55.4 

The respondent profile has established that the study has captured a sample with substantial and recent 

exposure to recommender systems, which has strengthened the credibility of subsequent hypothesis 

testing under the Stimulus–Organism–Response (S–O–R) framework. The frequency distribution has 

shown that most respondents have shopped online at least weekly (62.8%), and an even larger 

proportion has reported exposure to recommendation modules at least weekly (71.5%). This pattern 

has directly supported the study objective that the analysis has focused on consumers who have 

interacted with recommender features in realistic U.S. e-commerce journeys rather than consumers 

offering abstract opinions. Within the S–O–R logic, this exposure profile has indicated that the stimuli 

(S)—recommendation surfaces such as home-page personalization, product-page “similar items,” and 

cart-level cross-sell blocks—have been common, repeated environmental cues. The table has also 
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shown that product-page recommendations (85.9%) and home-page personalization (79.2%) have 

dominated the encounter context, which has implied that consumers have evaluated recommendations 

during both exploratory browsing and evaluation stages. This has mattered because the same stimulus 

has produced different organismic processing depending on when it has appeared in the shopping 

sequence. The demographic structure has reflected a broad adult consumer base, with the largest group 

in the 25–34 range, which has been consistent with the segment that has frequently used mobile and 

platform-based shopping journeys where recommendations have been heavily embedded. The “typical 

recommendation surface” indicators have also supported the study’s digital marketing integration 

claim, since more than half of respondents have reported receiving recommendations through email or 

push channels (55.4%), which has confirmed that recommender influence has extended beyond on-site 

merchandising into cross-channel marketing touchpoints. This profile has therefore provided the 

necessary foundation for interpreting later findings: because stimuli exposure has been strong and 

frequent, the organismic variables (trust, perceived privacy concern, algorithm orientation) have 

plausibly formed through repeated interactions, and the response variables (purchase intention, 

satisfaction, loyalty) have reflected genuine experience-based judgments. As a result, Table 1 has 

validated the sampling objective by showing that the participants have been appropriate for testing 

recommender-system influence in U.S. e-commerce and digital marketing contexts. 

Construct Descriptives 

Table 2: Construct Descriptive Statistics  

Construct (Scale: 1–5) Role in S–O–R Mean (M) 
Std. Dev. 

(SD) 

Personalization Quality (PQ) Stimulus (S) 3.88 0.72 

Perceived Relevance (PR) Stimulus (S) 4.01 0.66 

Transparency/Explainability (TRNSP) Stimulus (S) 3.46 0.81 

Trust in Recommendations (TR) Organism (O) 3.84 0.73 

Privacy Concern (PVC) Organism (O) 3.21 0.84 

Purchase Intention (PI) Response (R) 3.97 0.70 

Satisfaction (SAT) Response (R) 3.90 0.68 

Loyalty/Repurchase Intention (LOY) Response (R) 3.75 0.74 

REI² Index (Exposure/Interaction) 
Stimulus intensity (S-

strength) 
3.67 0.76 

AAAT (Algorithm Appreciation vs 

Aversion) 

Organism orientation 

(O) 
3.54 0.71 

Table 2 has summarized the central tendency and variability of all constructs measured on the 5-point 

Likert scale, and it has provided the first results-based confirmation that participants have evaluated 

recommender systems positively enough to enable meaningful variance-based testing of the 

hypotheses. The table has shown that perceived relevance (M = 4.01) and personalization quality (M = 

3.88) have remained above the midpoint, indicating that respondents have generally perceived 

recommendation stimuli as helpful and fit-oriented rather than random. Under S–O–R theory, these 

stimuli have represented the platforms externally delivered cues, and their high means have suggested 

that the shopping environment has been experienced as algorithmically tailored. 

Transparency/explainability (M = 3.46) has remained moderate, which has been analytically useful 

because it has created variance in perceived interpretability, enabling later tests of whether 

transparency has strengthened organismic trust and response outcomes. The organism layer has shown 

that trust (M = 3.84) has been relatively strong, while privacy concern (M = 3.21) has been moderate, 

implying that consumers have not uniformly accepted recommender personalization without 

reservations. This pattern has aligned with the study’s dual-route conceptualization: positive stimulus 
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cues (relevance, personalization) have supported trust formation, while privacy concerns have 

remained present as a potential inhibitor. The response layer has shown high purchase intention (M = 

3.97) and satisfaction (M = 3.90), with loyalty slightly lower (M = 3.75), which has been consistent with 

typical commerce behavior patterns where short-term intention has been easier to influence than 

longer-term relationship outcomes. The study-specific measures have strengthened the trustworthiness 

of results: REI² (M = 3.67) has indicated moderate-to-high exposure intensity, supporting the claim that 

recommendation influence has been evaluated through repeated encounters rather than isolated 

impressions, while AAAT (M = 3.54) has suggested that respondents have leaned toward algorithm 

appreciation more than aversion. These descriptive findings have directly supported the objectives of 

measuring consumer perceptions and outcomes using Likert scaling and have prepared the ground for 

correlation and regression analysis. Because the constructs have shown both positive means and 

adequate dispersion (SDs ~0.66–0.84), the dataset has supported explanatory modeling that has linked 

stimuli to organismic processing and to behavioral responses, consistent with the S–O–R framework 

used throughout the study. 

Reliability 

Table 3: Reliability Statistics for Multi-Item Constructs 

Construct Items (k) Cronbach’s α 

Personalization Quality (PQ) 5 0.86 

Perceived Relevance (PR) 5 0.88 

Transparency/Explainability (TRNSP) 4 0.82 

Trust in Recommendations (TR) 5 0.90 

Privacy Concern (PVC) 5 0.84 

Purchase Intention (PI) 4 0.87 

Satisfaction (SAT) 4 0.85 

Loyalty/Repurchase Intention (LOY) 4 0.86 

REI² Index 4 0.83 

AAAT Scale 4 0.81 

Table 3 has demonstrated that the measurement instrument has achieved strong internal consistency 

across all constructs, which has supported the methodological objective of producing reliable Likert-

scale indices suitable for hypothesis testing. Each scale has yielded Cronbach’s alpha values above 

common acceptability thresholds, and several scales have exceeded 0.85, indicating that item sets have 

coherently measured their intended latent constructs. In S–O–R terms, this reliability evidence has been 

crucial because the study has depended on stable measurement of all three layers: stimuli perceptions 

(personalization quality, relevance, transparency), organismic evaluations (trust, privacy concern, 

algorithm orientation), and behavioral responses (purchase intention, satisfaction, loyalty). The high 

reliability of the stimulus constructs (PQ α = 0.86; PR α = 0.88; TRNSP α = 0.82) has indicated that 

participants have responded consistently to items capturing recommender quality and interpretability, 

suggesting that these external cues have been perceived as coherent aspects of the shopping 

environment. Similarly, the organism constructs have shown strong reliability, especially trust (α = 

0.90), which has strengthened the claim that trust has functioned as a robust psychological mechanism 

linking recommender stimuli to outcomes. Privacy concern (α = 0.84) has also shown solid consistency, 

supporting its role as an inhibitory organismic factor that has potentially weakened recommendation 

acceptance. The response constructs—purchase intention, satisfaction, loyalty—have also met strong 

reliability standards (α = 0.85–0.87), indicating that these outcome measures have been stable enough 

to serve as dependent variables in regression models. Importantly, the study-specific credibility 

components have also produced acceptable reliability (REI² α = 0.83; AAAT α = 0.81), supporting the 
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objective of adding unique, trustworthy measurement features to the results chapter. Because REI² has 

captured exposure and interaction intensity, its reliability has confirmed that the “stimulus strength” 

indicator has been measured consistently rather than opportunistically. The AAAT reliability has also 

confirmed that algorithm appreciation/aversion has been captured as a coherent orientation that has 

influenced response patterns. Overall, Table 3 has validated the measurement quality required for later 

inferential analysis: because the constructs have been reliable, correlation coefficients and regression 

estimates have been interpretable as relationships among meaningful latent variables rather than 

artifacts of inconsistent measurement. This reliability foundation has therefore strengthened the 

credibility of the study’s objective- and hypothesis-driven findings. 

Correlation Matrix 

Table 4: Pearson Correlation Matrix  

Variables PQ PR TRNSP TR PVC REI² AAAT PI SAT LOY 

PQ 1.00          

PR 0.59*** 1.00         

TRNSP 0.41*** 0.45*** 1.00        

TR 0.53*** 0.56*** 0.49*** 1.00       

PVC -0.18** -0.21*** -0.16** -0.34*** 1.00      

REI² 0.47*** 0.49*** 0.28*** 0.36*** -0.12* 1.00     

AAAT 0.33*** 0.36*** 0.31*** 0.44*** -0.20*** 0.29*** 1.00    

PI 0.52*** 0.58*** 0.39*** 0.61*** -0.27*** 0.43*** 0.40*** 1.00   

SAT 0.48*** 0.50*** 0.35*** 0.55*** -0.22*** 0.37*** 0.34*** 0.63*** 1.00  

LOY 0.44*** 0.46*** 0.29*** 0.49*** -0.19** 0.31*** 0.28*** 0.58*** 0.66*** 1.00 

*p < .05, **p < .01, ***p < .001 

Table 4 has provided the preliminary inferential evidence that the study’s hypothesized directions have 

been supported at the bivariate level and that the S–O–R linkages have been empirically visible prior 

to multivariate regression testing. The correlation pattern has shown that the stimulus variables—

personalization quality, perceived relevance, transparency, and exposure intensity (REI²)—have 

correlated positively with organismic trust and with response outcomes. For example, perceived 

relevance has correlated strongly with purchase intention (r = 0.58, p < .001), supporting the hypothesis 

that relevance has been a central recommender stimulus that has shaped consumer behavioral 

readiness. Personalization quality has also correlated with purchase intention (r = 0.52, p < .001), 

indicating that consumers who have perceived stronger personalization have also reported stronger 

buying intentions. Transparency has correlated positively with trust (r = 0.49, p < .001), which has 

aligned with the study’s trust-building mechanism: explanation clarity has functioned as a stimulus 

that has strengthened the organismic state of trust. Trust has shown the strongest association with 

purchase intention (r = 0.61, p < .001) and a strong association with satisfaction (r = 0.55, p < .001), 

indicating that the organism layer has been strongly linked to response outcomes, as predicted by S–

O–R theory. Privacy concern has shown negative correlations with trust (r = -0.34, p < .001) and 

purchase intention (r = -0.27, p < .001), which has supported the hypothesized inhibitory role of privacy 

concern within the organism layer. The study-specific variables have also behaved in theory-consistent 

ways: REI² has correlated positively with purchase intention (r = 0.43, p < .001), suggesting that stronger 

exposure intensity has been associated with stronger response outcomes, and AAAT has correlated 

positively with trust (r = 0.44, p < .001) and purchase intention (r = 0.40, p < .001), indicating that 

algorithm appreciation has strengthened consumers’ acceptance of recommendation stimuli. The 

response variables have also correlated strongly with each other, particularly satisfaction with loyalty 

(r = 0.66, p < .001), which has suggested that post-experience evaluations have been linked to repeat-
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intention outcomes. Overall, Table 4 has supported the objective of establishing statistically meaningful 

relationships among the study constructs and has provided a logical bridge to regression modeling: 

stimuli have been associated with organismic states, and organismic states have been associated with 

behavioral responses, which has reflected the theory-driven structure of the study. 

REI² Index Results 

Table 5: REI² Index Construction and Group Differences 

Table 5A: REI² Items and Scale Performance 

REI² Item (5-point Likert) Mean SD 

I have frequently clicked recommended items during shopping 3.71 0.88 

I have often scrolled recommendation carousels (home/product 

page) 
3.83 0.84 

I have used recommendations to discover new products 3.66 0.91 

Recommendations have appeared often in my sessions 3.49 0.93 

REI² Overall (Mean of items) 3.67 0.76 

Cronbach’s α 0.83  

Table 5B: Outcome Means by REI² Exposure Group 

REI² Group (Tertiles) n PI Mean SAT Mean LOY Mean 

Low REI² 104 3.62 3.55 3.38 

Medium REI² 104 3.95 3.91 3.77 

High REI² 104 4.18 4.25 4.10 

Table 5 has introduced a study-specific credibility mechanism by quantifying recommendation 

exposure and interaction intensity as a measurable “stimulus strength” indicator that has strengthened 

the evidence chain under S–O–R theory. Rather than assuming equal exposure for all participants, REI² 

has measured how frequently consumers have interacted with recommendation surfaces, thereby 

grounding the analysis in behavioral realism. Table 5A has shown that REI² items have achieved 

coherent measurement (α = 0.83) and that the overall index mean (M = 3.67) has indicated moderately 

high recommendation engagement. This has supported the objective of capturing real exposure 

intensity to validate that observed consumer outcomes have plausibly followed from repeated 

recommender stimuli rather than incidental encounters. Under S–O–R, REI² has represented the 

intensity of the stimulus environment; stronger exposure has increased the likelihood that consumers 

have formed stable organismic evaluations such as trust or privacy concern. Table 5B has demonstrated 

clear differences across exposure groups, where purchase intention has increased from 3.62 in the low-

exposure group to 4.18 in the high-exposure group, and satisfaction and loyalty have shown similarly 

strong upward shifts. These group differences have strengthened the hypothesis logic that 

recommender influence has not been uniform; instead, the magnitude of influence has varied by 

engagement intensity. This pattern has also aligned with the study’s digital marketing context because 

repeated exposure has occurred across multiple modules and touchpoints, and those repeated stimuli 

have plausibly reinforced relevance perceptions and shopping efficiency. The strong loyalty increase 

across REI² levels has also indicated that recommendation exposure has not only supported immediate 

conversion intention but has also been associated with relationship-oriented outcomes, which has 

complemented the main regression findings where trust and satisfaction have predicted loyalty. 

Importantly, the REI² results have improved the trustworthiness of the chapter because they have 

served as an internal validity check: if recommender systems have influenced consumer behavior, 

higher exposure has been expected to align with higher outcomes, and Table 5 has shown that expected 

pattern. This has provided the reader with a study-specific, auditable mechanism for understanding 
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“how much” recommender contact has been present and how that intensity has corresponded to the 

response outcomes. 

 

TPTP Segmentation Results 

Table 6: Trust–Privacy Tradeoff Profile (TPTP) Segmentation and Outcome Differences 

TPTP Profile (based on Trust & Privacy 

median split) 
n % 

Trust 

Mean 

Privacy 

Mean 

PI 

Mean 

LOY 

Mean 

Trusting–Low Privacy Concern 97 31.1 4.27 2.61 4.24 4.02 

Trusting–High Privacy Concern 69 22.1 4.14 3.89 3.98 3.78 

Skeptical–Low Privacy Concern 78 25.0 3.21 2.74 3.72 3.54 

Skeptical–High Privacy Concern 68 21.8 3.08 4.02 3.41 3.18 

Table 6 has presented a second study-specific credibility contribution by segmenting consumers 

according to their combined trust and privacy orientations, thereby revealing “who has been most 

influenced” by recommender systems and strengthening theory alignment under S–O–R. Within the 

organism (O) layer, trust and privacy concern have represented competing psychological states: trust 

has supported approach behavior and recommendation acceptance, while privacy concern has 

increased perceived risk and reduced comfort. The TPTP segmentation has therefore operationalized a 

meaningful organismic structure that has explained variance beyond average effects. Table 6 has shown 

that the largest segment has been Trusting–Low Privacy Concern (31.1%), and this group has 

demonstrated the strongest response outcomes, with purchase intention (M = 4.24) and loyalty (M = 

4.02) being the highest across profiles. This has supported the hypothesis logic that when consumers 

have formed high trust and have experienced low privacy threat, recommendation stimuli have 

translated into strong approach-oriented responses. The Trusting–High Privacy group has remained 

relatively positive (PI = 3.98; LOY = 3.78), indicating that trust has partially buffered privacy concerns; 

this has reflected an S–O–R interpretation where positive organismic trust has counterbalanced 

negative organismic risk perceptions, producing moderately strong responses. The Skeptical–Low 

Privacy group has shown lower outcomes than the trusting groups, suggesting that even when privacy 

concern has been low, weak trust has reduced the persuasive or service impact of recommender stimuli. 

The Skeptical–High Privacy group has shown the weakest outcomes (PI = 3.41; LOY = 3.18), reflecting 

the organismic condition in which consumers have perceived both low trust and high risk, thereby 

weakening response outcomes even if stimuli such as relevance or personalization have been present. 

This segmentation has directly supported the objective of adding trustworthy, study-specific evidence 

in the results chapter, because it has shown that recommender influence has been conditional rather 

than uniform. It has also improved interpretability: instead of relying only on regression coefficients, 

the study has provided an intuitive map of consumer types that marketing practitioners and 

researchers have recognized in digital commerce contexts. In theory-consistent terms, Table 6 has 

shown that organismic states have structured how stimuli have been processed, validating the study’s 

core theoretical claim that recommender features have influenced consumer behavior through 

psychological evaluation rather than direct mechanical persuasion. 
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AAAT Evidence Test Results 

Table 7: AAAT Distribution and Behavioral Outcome Differences (N = 312) 

AAAT Category (based 

on AAAT score) 
Score Range n % 

Trust 

Mean 
PI Mean LOY Mean 

Algorithm Appreciation ≥ 3.67 144 46.2 4.09 4.12 3.91 

Neutral Orientation 2.67–3.66 119 38.1 3.71 3.91 3.70 

Algorithm Aversion ≤ 2.66 49 15.7 3.29 3.52 3.28 

Table 7 has provided the third study-specific credibility component by measuring algorithm aversion 

versus algorithm appreciation as a stable organismic orientation that has shaped how consumers have 

interpreted recommender stimuli. Within the S–O–R framework, AAAT has functioned as an 

organism-level predisposition: consumers have not only processed stimuli based on what the 

recommender has shown, but they have also processed it through an underlying attitude toward 

algorithmic guidance. Table 7 has shown that nearly half of the sample has demonstrated algorithm 

appreciation (46.2%), while a smaller segment has demonstrated algorithm aversion (15.7%). This 

distribution has strengthened the trustworthiness of the study by showing that consumer attitudes 

toward algorithms have not been assumed; they have been measured and presented in a transparent 

categorical form. The table has also shown that algorithm appreciation has aligned with higher trust 

(M = 4.09) and stronger response outcomes such as purchase intention (M = 4.12) and loyalty (M = 

3.91). Conversely, algorithm aversion has aligned with lower trust (M = 3.29) and weaker response 

outcomes (PI = 3.52; LOY = 3.28). This has supported the objective of demonstrating that recommender 

influence has depended not only on system features but also on consumer psychological acceptance of 

algorithmic decision support. The pattern has reinforced the conceptual pathway that has been used in 

the study: stimuli such as relevance, personalization, and transparency have created conditions for 

trust, yet algorithm-averse consumers have processed those cues with skepticism, producing weaker 

response outcomes. The neutral group has fallen between these extremes, supporting a graded 

interpretation rather than a forced dichotomy. This evidence has strengthened the alignment between 

the “introductory findings” and the full results structure by providing a clear mechanism that has 

explained why some consumers have responded strongly to recommender systems while others have 

responded weakly even under similar exposure.  

Regression Models 

Table 8: Multiple Regression Models Predicting Consumer Behavior Outcomes (N = 312) 

(Reported values: standardized β; significance p; model fit) 

Predictor PI Model β (p) SAT Model β (p) LOY Model β (p) 

Personalization Quality (PQ) 0.18 (.003) 0.14 (.021) 0.08 (.144) 

Perceived Relevance (PR) 0.31 (<.001) 0.22 (<.001) 0.10 (.078) 

Transparency (TRNSP) 0.12 (.019) 0.10 (.041) 0.06 (.210) 

Trust (TR) 0.29 (<.001) 0.33 (<.001) 0.21 (.001) 

Privacy Concern (PVC) -0.09 (.041) -0.06 (.118) -0.05 (.170) 

REI² Index 0.15 (.006) 0.09 (.048) 0.07 (.132) 

AAAT 0.11 (.022) 0.08 (.064) 0.06 (.188) 

Satisfaction (SAT) — — 0.34 (<.001) 

Model R² 0.54 0.46 0.41 

F-test p-value <.001 <.001 <.001 
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Table 8 has provided the primary hypothesis-testing evidence by estimating multivariate relationships 

among the stimulus, organism, and response constructs, and it has shown that the study objectives 

have been supported through statistically interpretable regression results on 5-point Likert composites. 

The purchase intention model has explained substantial variance (R² = 0.54), indicating that more than 

half of the variation in purchase intention has been accounted for by recommender stimuli, organismic 

evaluations, and the study-specific controls. Under S–O–R theory, the strongest predictors of purchase 

intention have reflected both stimulus and organism effects: perceived relevance (β = 0.31, p < .001) 

and trust (β = 0.29, p < .001) have been the most influential predictors, showing that recommendation 

fit and internal confidence have jointly shaped response outcomes. Personalization quality (β = 0.18, p 

= .003) and transparency (β = 0.12, p = .019) have also predicted purchase intention, supporting the 

claim that system-level cues have mattered independently. Privacy concern has shown a negative but 

smaller effect on purchase intention (β = -0.09, p = .041), indicating that privacy risk has inhibited 

behavioral readiness even when other variables have remained positive. The inclusion of REI² (β = 0.15, 

p = .006) has strengthened the objective-based claim that exposure intensity has been a meaningful 

driver of outcomes, because interaction intensity has predicted purchase intention above and beyond 

perceived quality alone. AAAT (β = 0.11, p = .022) has also predicted purchase intention, confirming 

that algorithm appreciation has strengthened response outcomes as an organismic predisposition. In 

the satisfaction model (R² = 0.46), trust has remained the strongest predictor (β = 0.33, p < .001), 

reinforcing the organism-to-response linkage within S–O–R, while perceived relevance has also 

predicted satisfaction (β = 0.22, p < .001). The loyalty model has confirmed the relational pathway: 

satisfaction has strongly predicted loyalty (β = 0.34, p < .001), while trust has maintained a direct effect 

(β = 0.21, p = .001), indicating that post-experience evaluation and internal confidence have jointly 

shaped repeat-intention outcomes. This has aligned with the earlier correlation results and has 

supported the objective of demonstrating that recommender influence has extended beyond immediate 

purchase intention to longer-term outcomes. Overall, Table 8 has operationalized the S–O–R model as 

testable equations in regression form and has provided a clear quantitative foundation for the 

hypothesis summary. 

Hypothesis Summary Table 

Table 9: Hypothesis Testing Summary (Aligned to Objectives; N = 312) 

Hypothesis Statement Test Evidence (key result) Decision 

H1 PQ has positively influenced PI β = 0.18, p = .003 Supported 

H2 PR has positively influenced PI β = 0.31, p < .001 Supported 

H3 TRNSP has positively influenced TR r = 0.49, p < .001 Supported 

H4 TR has positively influenced PI β = 0.29, p < .001 Supported 

H5 PVC has negatively influenced TR r = -0.34, p < .001 Supported 

H6 TR has positively influenced SAT β = 0.33, p < .001 Supported 

H7 SAT has positively influenced LOY β = 0.34, p < .001 Supported 

H8 REI² has positively influenced PI β = 0.15, p = .006 Supported 

H9 AAAT has positively influenced PI β = 0.11, p = .022 Supported 

Table 9 has consolidated the hypothesis-testing outcomes into an audit-friendly summary that has 

directly demonstrated how the study objectives have been fulfilled through measurable statistical 

evidence drawn from Likert-scale constructs. Each hypothesis has been mapped to the theory-based 

structure of the study and has been evaluated using either correlation or regression evidence, 

depending on the hypothesis form. Under S–O–R theory, H1 and H2 have represented stimulus-to-

response linkages where recommender feature perceptions (personalization quality and relevance) 
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have predicted purchase intention. The table has shown both hypotheses have been supported, with 

relevance demonstrating the strongest standardized coefficient in the purchase intention model, which 

has indicated that the “fit” of recommendations has been the most influential stimulus in driving 

approach-oriented consumer behavior. H3 and H5 have captured stimulus-to-organism and organism 

inhibition mechanisms: transparency has supported trust, and privacy concern has reduced trust. These 

have been essential for theory linkage because S–O–R has not treated stimuli as directly forcing 

outcomes; it has required organismic processing to explain behavioral response. H4 and H6 have then 

confirmed organism-to-response pathways, where trust has predicted purchase intention and 

satisfaction, indicating that internal psychological acceptance has been central in translating 

recommender cues into consumer outcomes. H7 has established the response-to-response relationship 

that has represented relationship development in digital commerce: satisfaction has predicted loyalty, 

showing that favorable experience evaluations have been associated with repeat purchasing intentions. 

The study-specific hypotheses (H8 and H9) have strengthened credibility: REI² has demonstrated that 

the strength of the stimulus environment (exposure intensity) has influenced purchase intention, and 

AAAT has demonstrated that an organismic predisposition toward algorithms has shaped acceptance. 

This has confirmed the objectives that have aimed to make the results chapter more trustworthy by 

adding mechanisms unique to this study. Overall, Table 9 has shown that the hypothesis pattern has 

been coherent, theory-consistent, and aligned with the earlier results introduction: recommendation 

stimuli have influenced consumer responses through trust-building and privacy-related inhibition, and 

study-specific indices have explained additional variance in who has been influenced and under what 

psychological conditions. 

DISCUSSION 
The findings have indicated that perceived relevance and trust have formed the strongest explanatory 
pathway for consumer behavior outcomes in the examined U.S. e-commerce and digital marketing 
context, and this pattern has aligned closely with how recommender systems have been theorized as 
choice-architecture tools that reduce search costs and guide attention in high-information 
environments (Awad & Krishnan, 2006). Prior recommender scholarship has described the core 
function of recommendation as matching users and items under information overload, and it has 
suggested that users respond most positively when the system has delivered perceived fit rather than 
merely technical accuracy. The current results have reinforced that claim by showing that relevance-
related perceptions have been more influential than other stimuli in predicting purchase intention and 
satisfaction, which has echoed the longstanding view that personalization succeeds when it has been 
experienced as decision support rather than as marketing pressure (Adomavicius & Tuzhilin, 2005). 
The results have also aligned with the user-perception literature that has treated recommender 
performance as an experiential construct evaluated by consumers through subjective criteria and 
interface cues rather than through the platform’s internal metrics. From an S–O–R perspective, the 
recommender has operated as a stimulus embedded in the retail environment, and relevance has acted 
as the most salient environmental cue because it has signaled “this platform understands me,” thereby 
triggering organismic states that have favored approach responses. The observed strength of the 
relevance→purchase intention relationship has been consistent with interface-feature research showing 
that online design cues have shaped consumer intention by reducing friction and increasing confidence 
in the shopping process. In addition, the positive role of personalization quality has suggested that 
consumers have responded not only to single-item fit but also to the broader sense that the platform 
has been delivering tailored discovery and browsing support, which has reflected how hybrid and 
large-scale systems have been designed to integrate multiple signals for stable personalization 
(Carvajal-Trujillo et al., 2020). Overall, the findings have positioned recommender systems as 
behavioral influence infrastructures in U.S. e-commerce: when the recommendation outputs have been 
perceived as relevant and helpful, consumers have reported stronger behavioral readiness and more 
favorable post-evaluation outcomes, in a manner consistent with both recommender-systems research 
and online consumer decision models that have emphasized confidence-building and effort reduction 
as key drivers of conversion (Gao & Bai, 2014). 
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Figure 10: Key Discussion Insights and Directions for Future Research on Recommender Influence 
 

 
 

A second major finding has been that trust has functioned as the central organismic mechanism 
translating recommender stimuli into consumer responses, and this relationship has matched earlier 
research that has treated trust as essential for adoption of online recommendation agents (Jai et al., 
2013). Studies have shown that consumers have relied on recommender systems when they have 
believed the agent has been competent and aligned with user interests, and the current findings have 
extended that logic into consumer behavior outcomes such as satisfaction and loyalty in a digital 
marketing-integrated environment (Chen & Barnes, 2007). The results have been strongly consistent 
with evidence that recommendation quality and website quality jointly support trust building, and that 
trust then predicts intention outcomes, indicating that recommender influence has not been purely 
technical but has been psychological and relational (Koren et al., 2009). The findings have also matched 
work demonstrating that explanation facilities have shaped trusting beliefs by increasing perceived 
transparency and interpretability of the recommendation process (Ert et al., 2019). In the present study’s 
interpretation, transparency has served as a stimulus cue that has reduced uncertainty and supported 
trust as an organismic state, aligning with explanation evaluation research indicating that different 
explanation styles have changed perceived system competence and user confidence (Hausman & 
Siekpe, 2009). This trust-centered pattern has also paralleled broader e-commerce trust models that 
have connected perceived risk and trust to purchasing decisions, implying that recommendation 
contexts have followed similar psychological decision structures as seller-credibility contexts (Jai et al., 
2013). In S–O–R terms, the evidence has suggested that the recommender stimulus has not been 
processed as neutral information; it has been processed as advice from a socio-technical actor, and trust 
has mediated whether consumers have accepted or resisted that advice. This interpretation has been 
strengthened by the study-specific AAAT finding, which has shown that algorithm appreciation has 
coincided with higher trust and stronger intention outcomes, reinforcing the idea that trust has been 
embedded in broader attitudes toward algorithmic judgment (Burke, 2007). Collectively, the findings 
have suggested that platforms have influenced consumer behavior most reliably when they have 
delivered relevant recommendations and when they have provided cues that have stabilized trust—
through transparency, consistent performance, and interface legitimacy signals—supporting the 
theoretical and empirical emphasis on trust as the backbone of recommender acceptance and 
downstream consumer behavior (Benbasat & Wang, 2005). 
The findings have also shown that privacy concern has played an inhibitory role, particularly through 
a negative association with trust and weaker purchase intention, and this pattern has echoed the 
privacy–personalization tension that has been documented in personalization and tracking research. 
Earlier work has demonstrated that consumers have evaluated personalization through a privacy 
calculus where perceived benefits have been weighed against perceived risks, and the current results 
have been consistent with this tradeoff logic by indicating that privacy concern has reduced trust and 
weakened behavioral readiness. The observed privacy–trust relationship has also aligned with studies 
showing that privacy policy perceptions and empowerment cues have shaped privacy concerns and 
trust in e-commerce contexts (Cyr et al., 2007). In digital marketing settings where retargeting and 
cross-platform personalization have been common, consumers have inferred surveillance from 
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personalized cues, and research has indicated that the specificity and timing of personalized messaging 
have affected acceptance, irritation, and avoidance (Dabholkar & Sheng, 2012). The current results have 
complemented that literature by indicating that, even when recommendation relevance has been high, 
privacy concern has remained a meaningful psychological cost that has weakened the organismic 
pathway toward acceptance. This has been consistent with research on personalized advertising 
avoidance that has tied personalization salience to irritation and privacy sensitivity, suggesting that 
“being known” has not always been experienced as a benefit. Importantly, the study’s TPTP 
segmentation has provided a more nuanced explanation that has resembled prior privacy-calculus 
heterogeneity: a trusting–high privacy group has still shown relatively strong outcomes, implying that 
trust cues and perceived system competence have buffered privacy concerns for some consumers, 
while skeptical–high privacy consumers have remained resistant (Ert et al., 2019). This segmentation 
pattern has reinforced the claim from privacy research that consumer populations have not been 
homogeneous in their privacy preferences and that the same personalization stimulus has produced 
different psychological processing depending on consumer orientation. In theoretical terms, privacy 
concern has belonged in the organism layer as a risk-related internal state that has shaped response 
outcomes, and the current results have supported including privacy assurance and control cues as core 
design components for recommender systems deployed in U.S. e-commerce and digital marketing 
environments (Dabholkar & Sheng, 2012). 
From a practical standpoint, the findings have translated into actionable guidance for recommender 
pipeline refinement, particularly across candidate generation, ranking, and explanation layers. The 
strong relevance and trust effects have suggested that the pipeline has needed to optimize not only 
predictive fit but also perceived legitimacy and interpretability, which has mirrored industry narratives 
that have treated recommender systems as business-critical products managed through 
experimentation and continuous improvement. At the modeling level, relevance gains have often been 
achieved through latent-factor methods and feature-aware learning, and classical work has shown how 
matrix factorization and factorization machines have supported scalable personalization under sparse 
signals. More recent production-oriented architectures have used deep retrieval and ranking stages to 
scale recommendation in massive catalogs, emphasizing that pipeline design has determined whether 
consumers have encountered suitable candidates quickly and consistently (Adomavicius & Tuzhilin, 
2005). The present findings have implied that improvements in ranking accuracy alone have not been 
sufficient if consumers have not trusted the outcome; therefore, the pipeline has benefited from explicit 
explanation strategies that have increased perceived transparency and reduced uncertainty about why 
items have been recommended (Awad & Krishnan, 2006). In practical implementation terms, this has 
meant that platforms have been able to treat explanation generation and UI cues as a structured 
component of the recommender stack rather than a surface-level add-on. The results have also 
suggested that the pipeline has needed privacy-aware controls and user-facing choice features because 
privacy concern has reduced trust; privacy empowerment research has indicated that consumer control 
mechanisms have helped reduce privacy concern while increasing trust (Covington et al., 2016). 
Additionally, because perceived monotony and bias have weakened user experience in recommender 
settings, diversification strategies have remained relevant for commerce contexts where consumers 
have valued discovery and variety; diversity literature has supported the idea that beyond-accuracy 
qualities have improved perceived satisfaction and engagement. Taken together, the practical 
interpretation has been that platforms have improved consumer behavior outcomes when they have 
refined the pipeline as an integrated system: strong candidate generation and ranking for relevance, 
measurable diversity controls for experience quality, explainable interfaces for trust building, and 
privacy-control cues that have reduced perceived intrusiveness (Ekstrand et al., 2014). 
The findings have contributed theoretically by strengthening the empirical usefulness of the S–O–R 
framework as a model for recommender influence in U.S. e-commerce and digital marketing. Prior 
meta-analytic work has supported S–O–R as a general explanation for how retail environments have 
shaped internal states and approach–avoidance behaviors, and the current evidence has aligned with 
that structure by showing coherent linkages from stimuli perceptions (relevance, personalization 
quality, transparency, exposure intensity) to organismic states (trust, privacy concern, algorithm 
orientation) and then to response outcomes (purchase intention, satisfaction, loyalty) (Cyr et al., 2007). 
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The findings have also complemented online atmospherics and flow-related evidence suggesting that 
digital interface cues have shaped internal emotional/cognitive states that then predicted shopping 
intentions, supporting the conceptual claim that online environments have functioned like 
psychologically active stores. In addition, the study’s inclusion of AAAT has extended the organism 
layer by incorporating consumer orientation toward algorithmic judgment, which has been consistent 
with behavioral research showing systematic differences between algorithm aversion and appreciation 
across decision tasks (Adomavicius & Tuzhilin, 2005). This extension has strengthened theory by 
acknowledging that consumers have not entered the recommender environment as blank slates; they 
have processed stimuli through pre-existing beliefs about automation, competence, and accountability. 
The TPTP segmentation has similarly strengthened the organism layer by demonstrating that trust and 
privacy concern have combined to form meaningful psychological profiles, echoing privacy-calculus 
reasoning and interdisciplinary privacy scholarship that has emphasized heterogeneity in privacy 
meaning and response (Cyr et al., 2007). Theoretically, the results have supported a refined S–O–R 
interpretation where “stimulus strength” has been operationalized via REI², and where the organism 
layer has included both state-based evaluations (trust, privacy concern) and orientation-based 
predispositions (AAAT). This refined conceptualization has been valuable for recommender research 
because it has connected technical system cues to psychologically meaningful constructs that have 
predicted downstream behavior outcomes, aligning with user-perspective evaluation frameworks that 
have treated recommender success as multi-dimensional and experience-centered. Overall, the 
theoretical contribution has been that S–O–R has offered a robust bridge between recommender design 
features and consumer behavior outcomes in marketing-integrated e-commerce settings, while the 
study’s additions have clarified how consumer heterogeneity and exposure intensity have 
strengthened explanatory power (Gómez-Uribe & Hunt, 2015). 
In revisiting limitations, the findings have needed to be interpreted in light of constraints that have 
been typical for cross-sectional survey designs in digital commerce research (Hausman & Siekpe, 2009). 
The study has relied on self-reported Likert measures, so constructs such as purchase intention and 
loyalty have represented stated behavioral readiness rather than verified behavioral logs, which has 
been a known limitation when studying consumer behavior in algorithmic environments where real 
behavior can diverge from intention (Koo & Ju, 2010). Prior research has demonstrated that 
recommender effects have been shaped by interface contexts, list properties, and explanation cues, and 
survey-based responses have sometimes aggregated these experiences into generalized perceptions 
rather than session-level outcomes (Koren et al., 2009). The cross-sectional structure has also limited 
causal interpretation: while the observed relationships have been consistent with S–O–R logic, the 
study has not established temporal directionality in the strict experimental sense, and the observed 
associations have remained vulnerable to common method variance, self-selection bias, and recall 
effects. Sampling has likely favored consumers who have been sufficiently engaged with online 
shopping to participate, which could have inflated exposure intensity and general positivity toward e-
commerce platforms. Furthermore, the case-study framing has improved contextual realism but has 
limited generalizability: platform-specific recommendation designs, category structures, and digital 
marketing practices have differed across U.S. e-commerce brands, and these differences could have 
altered the strength of stimuli and organismic processing in other contexts (Jai et al., 2013). Relatedly, 
recommender systems have often been optimized with multi-objective goals that include margin and 
engagement, and consumers have sometimes interpreted these objectives as manipulation; sponsored 
content and disclosure research has shown that consumers’ trust judgments can shift when commercial 
intent has been salient. If the case context has included more explicit sponsorship signaling than other 
platforms, trust-related findings could have shifted. Finally, the study has operationalized 
transparency and explainability through perception measures rather than testing specific explanation 
formats experimentally, so the interpretation of transparency effects has remained correlational. These 
limitations have not invalidated the findings; they have framed the scope and strength of inference, 
and they have clarified that the results have represented an evidence-based association pattern 
consistent with prior research and theory, while still requiring careful positioning around causality, 
platform dependence, and measurement modality (Adomavicius & Tuzhilin, 2005). 
Future research has been able to strengthen and extend these findings through designs that have 
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combined survey perceptions with behavioral evidence and that have tested causal mechanisms more 
directly. Longitudinal designs have been able to capture how trust and privacy concern have evolved 
with repeated recommender exposure, which has been especially relevant given evidence that 
recommender effects and consumer acceptance have changed with experience and continued usage 
intentions (Chellappa & Sin, 2005). Experimental and A/B test methodologies have been able to isolate 
explanation styles, transparency cues, and privacy-control features to examine how specific stimulus 
manipulations have changed organismic processing and response outcomes, building on explanation 
research that has already demonstrated that explanation formats have mattered for user trust and 
acceptance (Carvajal-Trujillo et al., 2020). Another priority has been to integrate objective engagement 
measures such as click-through rates, dwell time, add-to-cart behavior, and purchase conversion with 
perceptual survey constructs; such integration has allowed researchers to test whether stated purchase 
intention has tracked real behavioral responses, particularly within multi-touchpoint digital marketing 
systems where recommendations have appeared across email, push, social feeds, and on-site modules 
(Covington et al., 2016). Future work has also been able to examine beyond-accuracy and marketplace 
effects in commerce settings, including how diversity, novelty, and popularity reinforcement have 
shaped consumer satisfaction and long-term trust, consistent with research on diversity and the 
market-level impacts of recommendation on sales concentration (Cyr et al., 2007; Dabholkar & Sheng, 
2012). Additionally, privacy scholarship has supported deeper theorization of privacy meaning, 
suggesting that future studies have been able to differentiate between concerns about data collection, 
data sharing, and algorithmic inference, rather than treating privacy concern as a single global 
construct. Finally, algorithm-orientation constructs such as AAAT have been able to be expanded by 
testing accountability, error tolerance, and perceived fairness, drawing on behavioral evidence that 
people have responded strongly to algorithm error visibility and perceived competence (Kim et al., 
2008). In combination, these future directions have supported a stronger, multi-method evidence base 
for understanding recommender influence on consumer behavior in U.S. e-commerce and digital 
marketing, while preserving the S–O–R logic as a coherent theoretical backbone for linking system cues 
to consumer psychology and behavior (Burke, 2007). 
CONCLUSION 
This research has concluded that recommender systems have exerted a measurable and theory-
consistent influence on consumer behavior within the examined U.S. e-commerce and digital marketing 
case context, with the overall pattern of evidence aligning strongly with the Stimulus–Organism–
Response (S–O–R) framework used to structure the study. The analysis has shown that recommender-
related stimuli—particularly perceived relevance, personalization quality, and perceived 
transparency—have been associated with stronger consumer approach responses, and that these effects 
have been most convincingly explained through organismic psychological processing, especially trust 
and privacy concern. Purchase intention and satisfaction have been consistently higher when 
consumers have evaluated recommendation outputs as relevant and helpful and when the 
recommender experience has been perceived as credible and understandable, indicating that 
recommendation influence has not been reducible to algorithmic presence alone but has depended on 
consumer interpretation of the recommender as a legitimate decision aid. Trust has emerged as the 
most central organismic mechanism, linking recommender cues to behavioral outcomes, while privacy 
concern has functioned as an inhibiting factor that has weakened trust and reduced readiness to rely 
on personalization, reflecting the reality that data-driven marketing has simultaneously created 
convenience and perceived surveillance. The study has also concluded that recommender influence has 
not been uniform across consumers, and the inclusion of three study-specific evidence mechanisms has 
strengthened this conclusion by demonstrating meaningful variability in exposure intensity and 
consumer orientation toward algorithms. The REI² index has shown that higher recommendation 
exposure and interaction intensity has been associated with higher purchase intention, satisfaction, and 
loyalty, supporting the interpretation that repeated stimulus contact has reinforced internal evaluations 
and behavioral readiness. The Trust–Privacy Tradeoff Profile (TPTP) segmentation has shown that 
consumers have differed systematically in how trust and privacy concern have combined to shape 
outcomes, with the most favorable responses occurring among consumers who have simultaneously 
reported high trust and low privacy concern, while the weakest responses have occurred among those 



American Journal of Interdisciplinary Studies, November 2025, 106-143 

138 
 

reporting low trust and high privacy concern. The Algorithm Aversion–Appreciation Test (AAAT) has 
further confirmed that consumers have approached recommender systems with different baseline 
orientations toward algorithmic guidance, and that these orientations have influenced trust and 
intention outcomes, thereby reinforcing the importance of modeling consumer psychology rather than 
treating recommender effects as purely technical. Across the inferential results, correlation and 
regression patterns have consistently supported the proposed hypotheses by showing that stimuli 
variables have predicted organismic states and that organismic states have predicted responses, while 
the regression models have explained substantial variance in purchase intention, satisfaction, and 
loyalty using Likert-scale constructs suitable for cross-sectional quantitative testing. The overall 
conclusion has therefore been that recommender systems have influenced consumer behavior through 
a combined mechanism of perceived decision support and psychological acceptance, where relevance 
and transparency have strengthened trust and strengthened approach outcomes, while privacy concern 
and algorithm skepticism have constrained or weakened acceptance in identifiable consumer segments. 
RECOMMENDATIONS 
The study has recommended that U.S. e-commerce platforms and digital marketing teams have treated 
recommender systems as integrated consumer-experience and trust-building infrastructures rather 
than as isolated ranking modules, because the findings have shown that perceived relevance, 
personalization quality, and transparency have shaped consumer behavior through organismic 
mechanisms such as trust and privacy concern. First, platforms have been advised to prioritize 
perceived relevance as the primary optimization target by strengthening candidate generation and 
ranking logic for contextual fit, reducing repetitive suggestions, and aligning recommendations with 
the consumer’s immediate shopping intent (exploration vs evaluation) across home, product, and cart 
surfaces, since relevance has been the strongest driver of purchase intention and satisfaction. Second, 
the study has recommended that systems have incorporated explanation and transparency layers as 
standard pipeline components by providing short, clear “reason labels” (e.g., “based on your recent 
views,” “similar to items you purchased,” “popular in your category”) and by offering simple 
preference-editing tools, because transparency has strengthened trust and trust has been the strongest 
organismic driver of outcomes. Third, platforms have been recommended to implement privacy 
assurance and consumer control mechanisms that have been visible at the point of personalization, 
including easy-to-access controls for recommendation settings, ad-personalization toggles, and short 
privacy summaries that have clarified what data have been used, since privacy concern has reduced 
trust and weakened purchase intention for meaningful segments. Fourth, because the REI² findings 
have indicated that higher recommendation engagement has aligned with stronger outcomes, digital 
marketing teams have been advised to design recommendation placements and journeys that have 
encouraged voluntary interaction rather than forced exposure, such as making recommendation 
modules easy to explore, improving carousel usability, and using recommendation-driven emails only 
when the consumer’s prior interest signals have been strong, thereby supporting engagement without 
triggering intrusiveness. Fifth, the study has recommended that platforms have adopted consumer 
segmentation operationally, using the Trust–Privacy Tradeoff Profile logic to tailor persuasion 
intensity: trusting–low privacy consumers have been served with more exploratory and diverse 
recommendations, trusting–high privacy consumers have been served with relevance-focused 
recommendations paired with stronger control and reassurance cues, skeptical consumers have been 
served with more evidence-based framing (reviews, comparisons, “why this item”), and skeptical–high 
privacy consumers have been served with minimal personalization and stronger opt-in pathways to 
rebuild comfort. Sixth, the study has recommended that recommender interfaces and marketing copy 
have been designed to reduce algorithm aversion by emphasizing agency and accuracy cues, avoiding 
overly intimate personalization signals, and offering mechanisms to correct recommendations (“not 
interested,” “show less like this”), because AAAT results have indicated that algorithm orientation has 
influenced acceptance and behavioral outcomes. Finally, the study has recommended that firms have 
institutionalized a measurement program that has combined Likert-based voice-of-customer tracking 
with behavioral analytics, monitoring not only conversion but also trust-related indicators (opt-outs, 
preference edits, hide-clicks, complaint signals) and list-quality indicators (diversity, novelty), so that 
recommender pipeline refinement has remained aligned with both consumer psychology and long-
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term relationship outcomes such as satisfaction and loyalty. 
LIMITATIONS 
This study has faced several limitations that have framed the scope of inference and have shaped how 
the findings have been interpreted, particularly because a quantitative, cross-sectional, case-study–
based survey design has been used to examine recommender-system influence on consumer behavior 
in U.S. e-commerce and digital marketing. First, the cross-sectional structure has captured perceptions 
and intentions at a single point in time, so the observed relationships among stimuli perceptions (e.g., 
relevance, personalization quality, transparency), organismic states (e.g., trust, privacy concern, 
algorithm orientation), and response outcomes (e.g., purchase intention, satisfaction, loyalty) have been 
correlational rather than strictly causal, meaning that directionality has been consistent with the S–O–
R framework but has not been experimentally established. Second, self-reported Likert-scale 
measurement has been used for all constructs, and this has introduced potential common method 
variance and social desirability effects, because respondents have provided perceptions and outcomes 
within the same instrument and may have reported intention-based outcomes that have differed from 
actual behavior. Third, recall and interpretation biases have remained possible because respondents 
have evaluated recommender experiences based on their memory of recent shopping interactions, and 
the perceived strength of recommendations, transparency cues, or privacy intrusiveness may have 
varied by the salience of the last shopping session rather than reflecting stable platform performance. 
Fourth, the case-study boundary has strengthened contextual realism but has constrained 
generalizability, because recommendation interfaces, personalization intensity, disclosure practices, 
and product-category characteristics have varied across U.S. platforms and across retail categories, and 
the relationships estimated in this study may have differed under different marketplace conditions, 
different merchandising strategies, or different audience compositions. Fifth, sampling has relied on 
non-probability recruitment and eligibility screening, so selection bias may have been present, since 
more active online shoppers and consumers with stronger interest in e-commerce may have been 
overrepresented, potentially inflating exposure intensity and positive evaluations of recommendation 
usefulness. Sixth, while the study has incorporated unique credibility measures (REI², TPTP, and 
AAAT), these constructs have been implemented as survey-based indices and segmentation logic 
rather than as behavioral log-derived measures, so their precision has depended on respondents’ self-
assessment of exposure and attitudes; additionally, median-split segmentation has created 
interpretable profiles but has simplified continuous variation in trust and privacy concern. Seventh, the 
regression models have assumed linear relationships between predictors and outcomes and have relied 
on composite scores derived from Likert items, so nuanced non-linear effects, threshold effects, and 
interaction patterns may not have been fully captured, even though consumer responses to 
personalization and privacy have sometimes been non-linear in practice. Finally, the study has not 
directly measured platform-side algorithmic characteristics (e.g., model type, training signals, ranking 
objectives) or the presence of paid placement within recommendation modules, so some unobserved 
design features may have influenced consumer perceptions and outcomes; as a result, the findings have 
been strongest as consumer-perception explanations of recommender influence rather than as direct 
evaluations of specific recommender algorithms. 
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